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ABSTRACT

The problem for effective and optimal control of wastewater treatment plants is very

important recently because of the increased requirements to the quality of the effluent.

The activated sludge process is a type of wastewater process characterized with

complex dynamics and because of this proper control design and implementation

strategies are necessary and important for its operation. Since the early seventies, when

a major leap forward was made by the widespread introduction of dissolved oxygen

control, little progress has been made.

The most critical phase in the solution of any control problem is the modelling stage. The

primary building block of any modern control exercise is to construct and identify a

model for the system to be controlled. The existing full Activated Sludge Model 1

(ASM1) and especially University of Cape Town (UCT) models of the biological

processes in the activated sludge process, called in the thesis biological models, are

highly complex because they are characterised with a lot of variables that are difficult to

be measured on-line, complex dependencies and nonlinear interconnections between

the biological variables, many kinetic parameters that are difficult to be determined,

different time scales for the process dynamics.

The project considers reduction of the impact of the complexity of the process model

over the methods for control design and proposes a solution to the above difficulties by

development of a reduced model with small number of variables, but still with the same

characteristics as the original full model for the purposes of real time control design.

Then the research problem can be stated in the following way: To develop mathematical

methods, algorithms and programmes for transformation of the complex biological and

mass balance models of the activated sludge process into simpler reduced models of

the process convenient to be used for optimal parameter estimation, control design and

control implementation in real- time. The thesis chapters describe the solution of this

problem:
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• Chapter 1 considers the problems for the complexity of the mathematical models

of the activated sludge process and states the thesis aim and objectives,
/

hypothesis, assumptions, methodology.

• Chapter 2 provides a study of the activated sludge technology and its

characteristics as an object of control. The complex relationships between the

process variables are described. The place of the problem for modelling and

parameter estimation in the plant multi-layer control hierarchy is stated.

• Chapter 3 defines a system within a state space, important criteria for process

model development and various model types are given. The wastewater

treatment biological models such as UCT biological model and Activated Sludge

model No. 1 are described. The similarities and differences between these two

models are discussed. The default values for kinetic, stoichiometric and switching

functions in the UCT model and ASM1 model are given. The processes and

processes' rates of the UCT model Peterson matrix and the ASM1 Peterson

matrix are explained in a detailed manner. Three wastewater treatment plant

structures viz., Benchmark, Mitchell's Plain and Athlone are introduced and

described. Their mass balance equations are derived for every tank and

component.

• Chapter 4 elucidates the need for reduced model development of both the ASM1

and UCT models. The assumptions for model reduction are also studied. The

dissolved oxygen concentration is considered as a control input for the reduced

models. The ASM1 and UCT reduced biological models are developed. The

mass balance equations for the three wastewater treatment plants are derived on

the basis of the reduced UCT and ASM1 biological models. The matrices and

vectors for each of the plants are separately built and the reduced model

characteristics are compared and contrasted.

• Chapter 5 gives answer to the question which parameters to be estimated on the

basis of sensitivity study of the model parameters. It examines the changes of

the model variables according to the changes in the model parameters. State

space models of sensitivity for the three considered plants are developed and

used for calculation of the sensitivity functions in Matlab environment.

Parameters with large values of the sensitivity functions are found.

• Chapter 6 states the problem for parameter estimation and proposes a method

for its solution based on time domain decomposition.The aim is to determine
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values of model parameters that provide the best fit to measured data, based on

least squares criterion. Matlab software is developed and applied to solve the

problem for the considered plants for the ASM1 and UCT biological models.

• Chapter 7 gives a theoretical analysis of the problem for state and parameter

estimation. Different approaches are compared in order to find the techniques

suitable for the activated sludge process characteristics. Kalman filter is selected

as the most convenient one.

• Chapter 8 gives short comparative analysis of the existing simulators of the

activated sludge process. SIMBA simulator is selected and its structure is

described. Simulation of the mass balance full and reduced models of the

considered plants is provided and described. Discussion of the results is done.

• Chapter 9 investigates the Sensitivity function simulation and Parameter

Estimation for the Benchmark process and the Athlone process model based on

the reduced ASM1 and UCT biological model.

• Chapter 10 gives the conclusion and future research directions.
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Terms/Acronyms/Abbreviations
activated sludge process

adaptive

aggregated

black-box

complex

continuous time

deterministic

GLOSSARY

Definition/Explanation
Treatment efficiency is normally used to describe
The overall efficiency of the treatment process, that
is both an activated sludge pond and a settling tank.
Sludge concentration (biomass concentration), X,
in wastewater in the aeration tank or in the flow of
recycle sludge is often given in the unit suspended
solids, X ss' volatile solids, X rss> or as COD, X COD·

Sludge mass, M %' in an activated sludge plant
comprises any sludge in the part of the treatment
plant handling activated sludge, including the
sludge which is not currently being aerated in the
activated sludge pond.
Sludge loading states the amount of organic
matter applied to the sludge per day.
Model that interacts with the real system and
changes the values of its inputs or state variables
depending on past output values.
Model that contains state variables that represent
functional classes of different constituents (e.g.
organisms) or that simplifies that spatial
configuration of a system by lumping it together (cf.
segregated).
Model that describes the observed behaviour of the
corresponding subsystem without being based on
the mechanisms of this subsystem (cf. white-box).
A relative attribute that values whether the
model contains more state variables, parameters,
forcing functions, etc. or an attribute that qualifies

that
(irrespective of the number of the variables) there

exists
chaotic solutions of the model equations (cf.

simple).
The model resolves the time axis continuously; the

time
evolution is usually described by differential

equations
(cf. discrete time).
The time evolution of the model solution is uniquely
determined by the initial state (for state-space
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parameter estimation

models)
and the time evolution of inputs (cf. stochastic).
The model divides the time axis into periods of finite
length and the output or the state of the model in

the
next period is given as an algebraic equation

depending
on the old inputs or states (cf. continuous time).
Model with more than one independent variable, i.e.
model behaviour is governed by partial differential
equation in time and space.
The model describes the time evolution of a system;

a
solution of the model may anyway be in steady-

state (cf.
static, steady-state).
The model equations are not based on generally
accepted laws but are just of a descriptive nature

(cf.
mechanistic).
Model that describes system behaviour as being a
function of only present input and past inputs and
outputs.
Model equations are linear in input variables (for

input-
output models) or in state variables (for state-space
models).
Equal to aggregated.
Model equations are nonlinear in input variables (for
input-output models) or in input and state variables

(for
state-space models).
Model constituent, whose value needs to be

determined
for each specific application of the model.
Process of finding parameter values that lead to an
optimal agreement of model results with measured

data
by using statistical methods. Time series of data

can be
used as a whole (batch estimation) or data points

from
within a moving data window can be used. In the

latter
the parameters become time-dependent and

algorithm
can be implemented to modify the previous estimate

by
considering the omitted and new data points

(recursive

discrete time

distributed parameter

dynamic

empirical

input/output model

linear

lumped
nonlinear

parameter

estimation).
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reduced order Model of reduced complexity obtained by direct
deduction (e.g. by aggregation/lumping).
Hierarchical description of a system by resolving it

in
subsystems that again are resolved in sub-

subsystems
until a description level is reached at which a

satisfying
description is possible without empirical

assumptions (in
the ideal case down to a description that is based

reductionist

on

static
natural laws).
The model describes the steady-state of the
solution of a
system (cf. dynamic).

The time evolution of the model contains random
elements (cf. deterministic).
Test of a model with a data set not used for
identification; note that such tests only increase the
belief in the correctness of the model, it is not
possible to prove that the model is correct (cf.
verification ).
The same as validation (cf. validation).
Probability density
Conditional probability density

Likelihood function

Calculated value of the model

stochastic

validation

verification
peS)
p(y meas lO)
L(y meas [B)
Yi(O)

X ERn
YER'

Standard deviation of Y meas,i .

Observed variable
A set of constant parameters

Known functions

Samples of measurements
Square matrix
Estimate of B
Residual (error)
Loss function

Input
Static nonlinear function
Linear time-invariant transfer function
Stationary stochastic process
Parameter vector
State variable vector
Output variable vector

Control variable vector

ameas.i

yet)
{BI'B2,· .. ,Bn}
Xl (t), X2 (t), ... , Xn (t)
N
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B
E(t)

VLS

U(t)
trU)
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v(t)
B

U ERin
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Zo

v(t)
cp
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y
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Q
F
n(~)

System variable vector
System parameter vector
Dimension of state space
Dimension of the control space
Dimension of the output space
Dimension of the system parameter space
Error between the measured and true values of
variables
Dimension of the system space
Dimension of the reduced model
Covariance matrix of the response variables y at the
ith experiment and hence of ei
Completely Mixed Activated Sludge
State variables
Chemical oxygen demand
Dissolved oxygen
Total Kjeldahl Nitrogen
Activated sludge model NO.1
University of Cape Town
Dependent variables

Independent variables

I-Dimensional vector of functions

Independent variables
A big number of samples
Sample mean value
Sample standard deviation
Residuals

Likelihood function

Po (e) the prior
A vector of the Lagrange multipliers
Jacobian matrix
Observation functions
A sequence of independent random variables
The symmetrical positive definite matrix

The vector of the initial state

The vector of the noise
Known nonlinear function
Current state estimate
Yield matrix
Dilution rate
Rate of the released by the process gas
Inflow rate
Gain matrix

Effluent flow rate
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Specific liquid-gas transfer rates

Oxygen uptake rate
Oxygen transfer function
Respiration rate

Nomenclature

SIMBA ASM1 UCT Kinetic Parameters
model model model
myH !LH !LH Maximum specific growth rate of the heterotrophs

when utilizing soluble readily biodE~g_radableCOD
KSH KSH KSH Half-saturation coefficient for heterotroph growth when

utilizing soluble readily biodegradable COD
KMP kh KMP Maximum specific growth rate of the heterotrophs

when utilizing adsorbed particulate slowly
biodegradable COD

KSP Ksp Half-saturation coefficient for heterotroph growth when
utilizing adsorbed particulate slowly biodegradable
COD

bH bH bH Heterotrophic organism specific death rate

KA KA Slowly biodegradable COD adsorption rate

KR KR KR Conversion rate of soluble organic nitrogen to free and
saline ammonia

nyG 7]G 7]G Correction factor for anoxic heterotrophic growth

myA !LA !LA Maximum specific growth rate of the autotrophs
(nitrifiers)

KSA KSA KSA Half-saturation coefficient for autotroph growth on
ammonia

bA bA bA Autotrophic organism specific death rate

KH KH Maximum specific hydrolysis rate

KX Kx Half-saturation coefficient for hydrolysis

muS 7]s Correction factor for anoxic hydrolysis

Stoichiometric Parameters

YH YZH YZH Heterotroph yield in COD units
~

f-------
YA YZA YZA

Autotroph yield in COD units
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fMA
Maximum ratio of adsorbed substrate to heterotroph
mass

Fp fE fE Inert fraction of the active organism mass

iXB fZB,N fZBN Fraction of biological (active) mass which is nitrogen

iXP fZE,N fZE,N Fraction of endogenous/inert mass which is nitrogen

Switching functions parameters

KOH KOH KOH Switching constant for oxygen-limited heterotroph
growth (switch from aerobic to anoxic growth)

KOA KOA KOA Switching constant for oxygen-limited autrophic
growth

KHA KHA KHA Switching constant for ammonia-limited aerobic
heterotroph growth

KNO KNO KNO Switch constant for nitrate-limited anoxic heterotroph
growth
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CHAPTER ONE

STATEMENT OF THE PROBLEM. PROJECT OBJECTIVES,

HYPOTHESIS AND ASSUMPTIONS

1.1 Introduction

The development of a dynamic model, describing an activated sludge process

performing carbonaceous removal, nitrification, denitrification and phosphate

removal is described considering the aims and objectives. The main purpose is to

combine knowledge of the process dynamics with mathematical methods for

parameter estimation and identification. The simplified model may serve as a tool

for predicting the dynamic behaviour of the activated sludge process, since the

parameters can be tracked on-line during varying operating conditions. The

proposed model would be aimed for operation and control purposes as an integral

part of a hierarchical control structure. This chapter describes also the hypothesis,

assumptions made, main steps in building of a mathematical model and the

contents of the separate chapters of the thesis.

1.2 Awareness of the problem

The problem for effective and optimal control of wastewater treatment plants is very

important recently because of the increased requirements to the quality of the

effluent. The activated sludge process is a type of wastewater process

characterized with complex dynamics and because of this proper control design and

implementation strategies are necessary and important for it operation.

It should be noted that few plants are equipped with more than a few rudimentary

sensing elements and control loops, mostly concerning flow metering and control,

and for monitoring the basic plant performance over longer periods of time. Since

the early seventies, when a major leap forward was made by the widespread

introduction of dissolved oxygen control, little progress has been made. Several

reasons for this lack of instrumentation, control and automation have been

proposed (Beck, 1986; Olsson, 1993):

• Understanding: Insight in the treatment processes is still insufficient and there is a
lack of suitable mathematical models.

• Inadequate instrumentation: Non-existent or insufficiently reliable technology.
• Plant constraints: Inapt and insufficient flexibility to manipulate the process.
• Economic motivation: There exists a lack of fundamental knowledge concerning

benefits versus costs of automated treatment processes. In addition, wastewater
treatment processes are not productive and automation can only contribute to a
decrease of operating costs but does not directly lead to increased profit.



• Education and training: Operators are not always adequately trained to operate
advanced sensor and control equipment and most environmental engineers would
need more basic understanding of process dynamics and control in order to
appreciate the potential of instrumentation, control and automation.

• Communication: The interaction between operators, designers, equipment
suppliers, researchers and government regulatory agencies is often unsatisfactory
and leads to poorly designed plants.

Control of wastewater treatment plants relies on four building blocks:
• insight in the plant operations and dynamics summarized in an appropriate

mathematical process model;
• sensors that provide on-line data from some of the output variables of the process

and disturbances acting upon it;
• adequate control strategies which try to minimize deviations from the control

objectives;
• actuators which implement the controller outputs on the plant.

Not only the organic carbon pollution of wastewater must be eliminated but also

nutrients (i.e., nitrogen and phosphorus). With biological nutrient removal being the

most economic way of treatment (in most cases), rather complex process

configurations have resulted. The numerous interactions that occur among the

different unit processes and the fact that the biological potential is taken to its limit,

lead to nutrient removal plants being quite vulnerable to external disturbances or

erroneous manipulations (Takacs et al., 1990). Hence, the increased complexity is

a major driving force for the introduction of advanced instrumentation, modelling

and control that can provide the necessary information and operation of the process

condition.

The most critical phase in the solution of any control problem is the modeling stage.

This is because nearly all control techniques require knowledge of the dynamics of

the system to be controlled before an attempt can be made to make a controller for

it. This means that the primary building block of any modern control exercise is to

construct and identify a model for the system to be controlled.

One has a complex kinetic model and has to use the model for real time control.

There are couple of difficulties with the complex models:

• many variables are difficult to determine
• many kinetic parameters are difficult to be determined.

A way to solve the difficulties would be to simplify the complex model by

development of a reduced model with small number of variables, but still with the

same characteristics as the original full model. Kinetic parameters can be

determined by development and application of methods for parameter estimation.
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Many model construction and identification studies are conducted using general

linear statistical models and corresponding identification algorithms. It is easy to

assume more or less complete ignorance of a system and then let a general

algorithm find an empirical model for it. This approach works fairly well on linear

processes but a vast number (Holmberg, 1983), (Ingilsen, 2002a), (Jeppsson,

1996) and (Olsson, 1992) of important systems (such as wastewater treatment

processes) cannot be described adequately by linear equations.

Another approach for modelling is to develop models of the wastewater processes

using the first principles of conservation of mass and energy. The obtained mass-

balance models describe the process technological structure and biological

reactions. They are nonlinear and with big dimension. Examples of such models are

the COST Benchmark model (Copp, 2002) and the University of Cape Town (UCT)

(Dold et ai, 1980) model. The most used biological models are the IAWQ1 (Henze

et ai, 1987) - the model of the International Association for Water Quality and UCT

model - the model developed at the Department of Civil Engineering, (UCT).

It is currently not possible to model and identify general non-linear systems

(Jeppsson, 1996) because of their great variety and because of their structural

complexity. There are numerous non-linear systems which must be controlled in the

present industrial world. Thus, it is important to develop methods to model non-

linear systems and to estimate the model parameters. Once the models are

available, it is also important to investigate how they can be used to establish the

concept of understanding and effective control of the relevant system.

1.3 Statement of the Problem

The research work on the project is concentrated on the development of reduced

biological ASM1 and UCT and mass balance models for the purposes of process

control design and implementation. The selection of these models was done on the

basis of a comparative literature study and interviews with the models' developers.

The full ASM1 and especially UCT models are highly complex and problematic with

their limitations and drawbacks in respect to their use for control purposes. These

limitations and drawbacks are

• big dimension of the model variables
• complex dependencies and interconnections between the biological variables
• different time scales for the process dynamics
• the control actions for the process are not included in explicit way in model

equations.
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The research work on the project is provided to overcome these difficulties. Then

the research problem can be stated in the following way:

Problem: To develop mathematical methods, algorithms and programmes for

transformation of the complex biological and mass balance models of the activated

sludge process into simpler reduced models of the process convenient to be used

for optimal parameter estimation, control design and control implementation in real-

time.

The research problem is divided in the following subproblems:

1.3.1 Design based subproblems

1.3.1.1 Subproblem 1: Activated sludge process study.

To acquire knowledge for the connections between the process technology,

physiochemical and enzyme reactions, mass balances and their description by the

original UCT model.

1.3.1.2 Subproblem 2: Reduction of the number of the biological variables in the

model equations.

To reduce the complexity of the model. The comparison between the original and

reduced models to be done by simulation.

1.3.1.3 Subproblem 3: Development of senditivity models of the reduced process models

for sensitivity functions simulation and analysis

To study the the influence of the model parameters over the dynamic behaviour of

the process for the purposes of parameter estimation.

1.3.1.4 Subproblem 4: Development of a method and algorithm for parameter etimation of

the obtained reduced models.

Decomposition method for minimum least square parameter estimation to be

developed. Validation of the model to be done by simulation with different input

signals.

1.3.1.5. Subproblem 5: Development of a method for estimation of some of the

nonmeasureable process variables using the real time data of some of the

measurable variables.

A method to be developed for estimation of the reduced models biological variables

on the basis of measurement of the Dissolved Oxygen (DO) concentration

1.3.2 Real implementation subproblems

1.3.2.1 Subproblem 6: Development of reduced mass balance models of 3 processes -

Benchmark, Athlone and Mitchell's Plain on the bais of both ASM1 and UCT

biological models.
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The models to be developed based on data from the real plants

1.3.2.2 Subproblem 7: SIMBA software for simulation of the full and reduced mass balance

models

The software to be developed for the considered three real plants

1.3.2.3 Subproblem 8: Development of Matlab software for analysis of the process

sensitivity functions

The software to be applied to the considered three real plants

1.3.2.4. Subproblem 9: Development of Matlab software for parameter estimation of the

real processes

The software to be applied to the considered above three plants

1.4 Research objectives

The project considers reduction of the impact of the complexity of the process

model over the methods for control design by development of reduced models and

methods for parameter estimation of these models.

The aim of the project is to develop theoretical methods, algorithms and software

for simplification and parameter estimation of the mathematical mass balance and

biological models of the activated sludge process under the condition for fully

representation of the process dynamics.

The aim of the project can be achieved through the following objectives:

1. Study of the complex relationships between the process variables in connection

with the kinetic differential equations describing the process.

2. Reducing the complexity of the model through grouping or cutting some of the

mathematical representation in the model with criterion keeping the dynamical

behaviour of the reduced model not changed in comparison with the original one.

3. Development of sensitivity functions of the reduced models' variables towards the

models' parameters. Analysis of the dynamics of the models of sensitivity.

4. Development method for parameter estimation of the transformed models on the

basis of the least-squares approach. Validation of the model.

5. Analysis of the existing methods for parameter and state estimation of biological

processes
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6. Development of algorithms and programmes for simulation, parameter

estimation, real time variables estimation using SIMBA and MATLAB/Simulink

software.

1.5 The Hypothesis

1. Is it possible to develop a simplified reduced model of the activated sludge

process, which still represents the important process characteristics.

2. The difference on the time scale of process dynamics allows the process model

to be decomposed in time domain and every part of it to be considered separately

making assumptions for the value of the variables of the other parts of the model.

3. The real time data from the measured variables can be used to estimate the

values of the non measured variables.

4. The reduced model allows reduction of the complexity and number of

calculations for control design and implementation and can be used in real time.

The resulting control will not differ from the control obtained using the original full

model.

1.6 Delimitation of the research

The research project is concentrated on the modelling of the activated sludge

process, the main part of the wastewater treatment process. Other parts of the

process will not be considered.

Only the ASM1 and UCT biological models are considered and transformed. Other

existing activated sludge models are not considered.

Only Benchmark and UCT mass balance models are considered. Other mass

balance models are not considered.

The real time data is obtained from the Benchmark COST model literature (Copp,

2002), Athlone and Mitchell's Plain plants.

Software for the implementation of the developed methods is programmed using

SIMBA and MATLAB/Simulink environment.
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The problems for parameter and state estimation are solved using the optimal

control theory and methods of variational calculus, applying time domain

decomposition of the necessary conditions for optimality of the problems for

estimation.

1.7 Assumptions

The following assumptions are made:

1. The process under study is in operation according to the prescribed technology.

2. The used original biological models ASM1 and UCT can fully describe the

process kinetics in all technological parts.

3. The complex dependencies between the enzymes and biomass in the

wastewater treatment process can be represented through the values of the

parameters in the kinetic model.

4. The least-squares method for parameter estimation can be extended to solve a

complex problem for estimation with nonlinear parameter dependencies.

5. The method of least-squares can be extended to solve the problem for estimation

of the nonmeasurable process variables using real time data from the measurable

variables.

6. The activated sludge process can be represented through fully observable and

fully controllable model.

1.8 Phases in the model building

After the definition of the modelling objectives and selection of a model type,

several key steps can be found in all current model building methodologies. These

steps are outlined below as follows:

1.8.1 Development of models

System Characterization

The first step is to characterize the process. This is achieved by developing a set of

axioms or description of the process. These axioms can be formed by intuitively

describing the process or in some idealizing or approximating the process

behaviour. They could be result of some prior knowledge of the process or based

on postulated mechanisms within the process. The end result of this step is a set of

relationships. The expert modelIers will adequately describe the process to the

accuracy which is required. The description invariably is incomplete so that a

number of different possible models and processes could satisfy them. The axioms

may also contain information which is incorrectly characterized from the process.

Identification of all important characteristics may, however, be impossible due to the
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complexity of the process and the limited expertise and knowledge of the modelIer.

Therefore, the task of the modelIer is to strive for a good characterization, Le.,

identify many of the most important characteristics whilst limiting incorrect and non-

essential identifications.

Model Construction

In this step of model building process, the axioms developed during the system

characterization are refined into mathematical relationships. This requires a

quantitative assessment of the physical phenomena judged to be important during

the characterization step and involves determining a mathematical structure for the

model and assigning parameters to the model.

The distinction between conservative and constitutive relationships should be

emphasized. Conservation relationships are fundamental physical laws whereas

constitutive relationships are postulated mechanisms usually based on empirical

evidence. In using constitutive relations, the modelIer is incorporating more

questionable but necessary information into the model.

In a completely different direction, arbitrary structure for the model can be chosen.

Model parameters are then varied to achieve agreement between the process and

the model. This type of model orginates from the field of system identification and is

only suitable for model realization from observed process data. However, it should

be noted that methods for parameter estimation are becoming increasingly

important also for modelIers working with deterministic models of complex systems.

1.8.2 Parameter and variable estimation

Parameter estimation consists of determining the 'optimal' values of the parameters

of a given model with the aid of the measured data. Although this procedure uses a

given model structure, it is not completely independent of model structure

evaluation, because the model may degenerate to a simpler structure for particular

values of some parameters. Since the initial state of a simulation, the boundary

conditions and the external variables can also be formulated with the aid of

parameters, all these parameters, together with the model parameters, can be

combined to yield a single array of parameters to be estimated simultaneously

using the same estimation technique.

There are four important conventional techniques which can be used for parameter

estimation, for example, Beck (1987) and Ljung (1987):

• Bayesian estimation;
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• Maximum likelihood estimation;
• Weighted least squares estimation;
• Least squares estimation.

These four methods are listed in decreasing order of the amount of information that

has to be provided by user of the method, or, equivalently, in increasing order of the

number of a priori assumptions (Jeppsson, 1996) already included in the method.

For the most complicated case of Bayesian estimation, the probability distribution of

the parameters and the conditional probability distribution of the measurements for

given parameter values have to be parameterized, whereas the simplest case of

least squares estimation can be performed without extrinsic information. Weighted

least squares and least squares estimation are special cases of the maximum

likelihood method in which the measurements are assumed to be uncorrelated and

normally distributed. Practical experience has shown that the methods above do not

always suffice, since distribution of real data is never known exactly. This leads to

the development of methods for robust estimation, see for example, Birkes and

Dodge (1993).

1.8.3 Model Verification and Validation

Model verification and validation may be regarded as a part of the model

construction methodology or a concluding step. However, it is clear that model

construction and model validation are closely related and require an iterative

procedure.

The constructed model must be tested by simulations. In the first simulation the

model behaviour is analysed/verified. This amounts to checking that the simulated

responses are consistent with the axioms proposed during the process

characterization and the mathematical structure used in the model. It also means

debugging the model code and ensuring that the simulated responses appear

feasible.

The validation step involves checking that the model responses generated during

the model analysis agree with that obtained from the true process. This is the

ultimate check on the success of the model building.
/'

1.9 Research methods

The field of modelling of industrial processes is a multidisciplinary field, which

requires integrated approach for providing research activities. That is why different
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research methods are used during the different phases of the research work on the

project. They include;

• descriptive method - to describe the process to be modelled using the first
principles of mass and energy balances. The information is gathered by
observation, technology study, measurements, questionnaires and interviews with
the operational personnel, conversations with specialist from the field.

• design method - to transform the model describing the process according to the
first principles to model convenient for the real time control design and
implementation. Transformation is based on mathematical dependencies, deep
study on the process variables interrelations. The work is based on the comparison
dynamic behaviour of the original and transformed model by simulation.

• design method - to connect in explicit way the process inputs and outputs in the
process model. The work is based on some assumptions for the type of
dependencies between the process parameters and variables and on comparison
of the behaviour of the original and transformed models by simulation.

• experimental method - to obtain data which to be compared with the results from of
the transformed models. The experiments are based on the information of the
previous steps and planning for the phases of the experiments.

• design method - development of mathematical method to solve the problem for
parameter estimation of the transformed model. The method uses the knowledge of
the optimal estimation theory from the variational calculus. The software is
developed and the simulation with different outputs is done for verification of the
model using the software.

• descriptive method - to describe the developed methods, programs and system for
real time simulation with all characteristics and functions. The information is
gathered from all of the above steps.

1.10 Thesis chapters

The chapter one outlines the statement of the problem, project objectives,

hypothesis and assumptions of the thesis. This is followed by sketching the goals of

each of the chapters in a clear concise and explanatory reason. The chapter two

describes the wastewater treatment plant process and shows the various scenarios

when the municipal wastewater and industrial wastewater are combined. In chapter

three the mathematical models of the activated sludge process are investigated

whilst in chapter four the reduced biological and mass balance models of the

activated sludge process for the Benchmark model, Athlone plant and Mitchel's

plant based on ASM1 and UCT biological models are developed. In chapter five the

sensitivity study involves the determination of the key parameters of the wastewater

treatment system. The chapter six describes and develops the parameter

estimation and applies it to the Benchmark and Athlone mass balance models,

based on ASM1 and UCT biological models. In chapter seven methods for

estimation of both state and parameters are analysed for the cases of biological

processes. Chapter eight describes the results from simulation of the models using

SIMBA software. Chapter nine describes the results from sensitivity study and

parameter estimation. Chapter ten discusses the results, gives conclusion and the

future directions of work.
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1.11 The significance of the research

South African science has very good results in design technology and modelling of

activated sludge process. In South Africa there are many wastewater treatment

works where the activated sludge process is not monitored properly and control is

manual. The keys to building a competitive industrial base are knowledge,

innovation and productivity. These keys in the project are: the project will innovate

the existing and will develop and apply new knowledge about the process, the

developed models application will lead to saving of energy and improve the quality

of the effluent water; Transfer of knowledge and technology is another of the main

aims. Development of the project will: Promote links with one important sector of the

industry and identify the needs of this sector; establish and grow the research skills

within the research community in tertiary institutions. Different potential benefits can

be obtained as a result of introduction of the modern control strategies in

wastewater treatment plants. Some of them are:

• Performance. Maintenance of the plat efficiency nearer the maximum by improved
operation could result in significant decreases in the pollution load placed on the
water resources.

• Productivity. This is another advantage of good operation. It can be reached
through an increase in the amount of waste that can be treated per unit of process
capacity.

• Reliability. It is well recognised that bypassing of raw wastewater and gross
process failures occur all too frequently. This frequency can be greatly reduced by
improved operational procedures, whether they are manual or automatic.

• Process stability. Through adequate control actions the growth of biomass will be
stable.

• Operational personnel reduction.
• Operational cost reduction. The power and chemicals addition can be regulated

according with the needs for such addition.

Development of the research project will have positive impact on both - wastewater

treatment plant and staff and students from Department of Electrical Engineering

with

• The application of new technologies for modelling, monitoring and optimal control
for waste water treatment process

• Work in collaboration with people from the industry,
• Develop research work and control system for a real process.

1.12 Conclusion

Aim and objectives for development of a dynamic model, describing an activated

sludge process performing carbonaceous removal, nitrification, denitrification and

phosphate removal is described. The main purpose is to combine knowledge of the

process dynamics with mathematical methods for parameter estimation and

identification. The simplified model may serve as tool for predicting the dynamic
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behaviour of the activated sludge process, since the parameters can be tracked on-

line during varying operating conditions. The proposed model would be aimed for

operation and control purposes as an integral part of a hierarchical control structure.

The chapter describes also the hypothesis, made assumptions, main steps in

building of a mathematical model and the contents of the separate chapters of the

thesis. The description of the activated sludge process is done in the following

chapter 2.
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CHAPTER TWO

THE WASTEWATER TREATMENT PLANT PROCESS:

MULTILAYER CONTROL STRATEGY

2.1 Introduction

The wastewater treatment plant process is described and carefully explained

in this chapter. The activated sludge is considered as an object of control further to

the fermentation process modelling and estimation are considered in this chapter.

The activated sludge processes of industrial wastewaters and treatment of industrial

wastewater in municipal activated sludge plants are dealt with and carefully

explained in detail. The multilayer control strategy of the wastewater treatment

process was implemented and exercised in the hierarchial operation.

2.2 The wastewater treatment process

The wastewater treatment process based on using of biological process of activated

sludge is considered. The function of the wastewater treatment plant is to speed up

the natural process by which the water purifies itself. The main objective of the plant

is to produce an effluent meeting the required standards at the lowest possible cost,

working in two directions (Oold et al., 1991):

• Reduction of organic bound energy to a level such that the heterotrophic growth
and associated deoxygenating effects in the receiving body of water are acceptably
low,

• Reduction of the autotrophic substances, phosphates, ammonia and nitrates, to
levels such that photosynthetic autotrophic growth and their capacity to fix solar
energy as organic energy in the receiving body of water are acceptably low.

The schematic diagram of the wastewater treatment plant is given on Figure 2.1.

The sewerage flows through the screens where the heavy debris are removed and

continues through small tank where the grit are removed. Then the influent flows

towards the primary settling tanks where some small particles of the waste is going

to the bottom and continues onto the activated sludge reactor where where it

passes through different tanks according to the selected technology (anaerobi,

anoxic, aerobic). After the treatment the water goes to the final clarifier from where

it exits as final effluent. The sludge from the primary settling tanks continues to the

gravity thickener which then goes to the flotation process and onto the sump or

alternatively the primary thickened sludge flows to the sump. The final clarifier has

the product recycled back to just before the activated sludge reactor. The waste

activated sludge which leaves after the activated sludge reactor goes to the flotation

unit and then onto the sump.
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Figure 2.1: Schematic diagram of the wastewater treatment plant

2.3 Activated sludge processes of industrial wastewaters

The objective of the activated sludge processes in treating industrial wastewaters is

to remove soluble and insoluble organics and to convert this material into a

flocculent microbial suspension that settles well in conventional gravity clarifiers. A

number of modifications of the activated sludge process have been developed to

accommodate specific waste characteristics and/or operational needs (Eckenfelder

& Grau, 1992). As a general rule, the nature of the wastewater will dictate the

preferred process modification, primarily for the purpose of maintaining mixed liquor

quality.

2.3.1 Plug-flow activated sludge

This activated sludge process modification uses long, narrow aeration basins to

provide a mixing regime that approaches plug-flow conditions. A plug-flow regime

promotes the growth of a flocculent and well-settling sludge by introducing influent

wastewater and return sludge at the head-end of the basin. This provides a high

substrate gradient that promotes growth of floc-forming rather than filamentous

biomass. If the wastewater contains toxic or bioinhibitory organics, however they

must be removed or equalized prior to entering the head-end of the aeration basin

since there is negligible dilution available in the aeration basin itself. The oxygen

utilization rate is high at the beginning of the basin and decreases with aeration

time. Under normal operating conditions the mixed liquor oxygen utilization rate

approaches the endogenous level towards the end of the aeration basin.

Modification of the way in which wastewater and return sludge are brought in

contact in a plug-flow system can have a number of benefits. Provision of a

separate zone at the inlet, with a volume of about 15 percent of the total aeration
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volume and a low-energy subsurface mechanical mixing, can achieve controlled

anoxic conditions. These conditions generally promote good floc formation and

control of filamentous growth. In cases where nitrification occurs, recycle of nitrified

mixed liquor (and N02) from the end of the aeration basin to the anoxic zone at the

head-end can achieve significant denitrification and remove some of the influent

COD.

2.3.2 Complete Mixed Activated Sludge (CMAS)

In a complete mixed activated sludge process, the wastewater and the return

sludge are introduced into the aeration basin at multiple points to facilitate their

rapid blending with the basin contents. The objective is to maximize equalization of

the influent load within the aeration basin. This process is particularly applicable to

wastewaters that contain toxic/bioinhibitory substances or that have highly variable

loading patterns. Furthermore, wastewaters with variable pH are neutralized by the

basin contents and biological activity. Another advantage of a complete mixed

process is that the oxygen uptake rate is equalized throughout the basin, thus

permitting uniform spacing of the aeration equipment.

Complete mixed activated sludge should not be employed when treating readily

degradable wastewaters unless a biological selector is installed in front of the

aeration basin in order to maintain good sludge settling characteristics.

2.3.3 Pure Oxygen systems

The pure oxygen system is a series of well-mixed reactors employing concurrent

gas-liquid contact in a covered aeration tank. Feed wastewater, recycle sludge, and

oxygen gas are introduced into the first stage. The oxygen gas is fed at low

pressure (- 1.5ml H20). Two gas-liquid contacting systems can be employed:

submerged turbine aeration and surface aeration. The pumping action of the

impeller on the shaft as the sparger promotes adequate liquid mixing and yields

relatively long residence times for dispersed oxygen bubbles. Gas is recirculated

within a stage at a rate that is usually higher than the rate of the gas flow between

stages. A slight pressure drop occurs from stage to stage to prevent gas back-

mixing. Since the relative mixing and oxygen transfer requirements vary from stage

to stage, each stage is equipped with an independent mixer-compressor

combination designed to provide the required level of mixing and oxygenation.

The gas-liquid contact mechanism provided by surface aerators eliminates the need

for gas recirculating compressors and associated piping. The mixing intensity
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required to maintain the sludge in suspension is provided by a low-speed, low-shear

impeller. Oxygen gas is automatically fed to either system on a demand basis

(based on headspace gas pressure) with the entire unit operating, in effect, as a

respirometer. As organic loading rate increases, the oxygen gas pressure

decreases, resulting in an automatic increase in feed-oxygen flow.

Due the high mixed liquor solids maintained in the oxygen system, the major portion

of soluble BOD (biochemical oxygen demand) removal, and thus the highest

oxygen demand, occurs in the first stage, which requires the highest mixer and

compressor horsepower. The subsequent stages are then utilized to stabilize

sludge that has progressively decreasing oxygen demand. Effluent mixed liquor

from the system settled and the clarifier underflow is returned to the first stage for

blending the feed. The exhaust gas from final stage is vented to the atmosphere.

The oxygen normally operates with a vent-gas composition of 30 to 50 percent

oxygen. Due to net transfer of gas to the liquid, the vent-gas flow rate will be only 10

to 20 percent of the gas feed rate. Based upon economic considerations, about 90

percent oxygen utilization is desired.

The maintenance of a fully aerobic floc will maximize the endogenous rate

coefficient and thereby minimize the excess sludge under moderate to high F/M

(Food/Mass) loading conditions. The sludge settling rate will also be at a maximum

under fully aerobic conditions. These conditions are promoted under the high DO

operating levels that are available with the pure oxygen-activated sludge process

especially for high-strength wastewaters.

2.4 Treatment of Industrial wastewater in municipal activated sludge plants

Municipal wastewater is unique in that a major portion of the organics is present in

suspended or colloidal form. Typically, the COD in municipal sewage will be 33

percent suspended 33 percent colloidal and 33 percent soluble. The COD of

industrial wastewaters, however, is frequently 100 percent soluble. In an activated

sludge plant treating municipal wastewater, the suspended organics are rapidly

enmeshed in the floes, the colloids are adsorbed on the floes, and a portion of the

soluble organics is adsorbed. These reactions occur in the first few minutes of the

wastewater-biomass contact in the aeration basin. By contrast, for readily

degradable industrial wastewaters, such as food processing, a portion of COD is

rapidly sorbed and the remainder removed as a function of time and biological

solids concentration. Very little sorption occurs in refractory wastewaters. The

kinetics of the activated sludge process of the municipal plants will therefore vary
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depending on the percentage and type of the industrial wastewater in the combined

wastewater flow to the plant.

The percentage of biological solids in the aeration basin will also vary with the

amount and nature of the industrial wastewater contribution. For example, domestic

wastewater without primary clarification will yield a sludge that is approximately 47

percent biomass. Primary clarification will increase the biomass percentage to

about 53 percent. Increasing the sludge age will also increase the biomass

percentage as influent volatile suspended solids under degradation and synthesis.

Similiarly, the addition of soluble industrial wastewater will increase the biomass

percentage in the activated sludge.

As a result of these considerations, there are a number of factors that must be

considered in the process design for activated sludge treatment of combined

municipal and industrial wastewaters.

2.4.1 Effect on effluent quality

Soluble industrial wastewaters will affect the overall substrate removal rate

coefficient. Refractory wastewaters such as those from chemical factories will

reduce the overall rate while readily degradable wastewaters such as those from

food processing will increase the rate. It has been shown that for process design

purposes, the mean value of the rate coefficient can be computed as a substrated

mass-weighted average of the individual components constituting the wastewater.

2.4.2 Effect on sludge quality

Readily degradable wastewaters will stimulate filamentous bulking while refractory

wastewaters will frequently suppress filamentous bulking. Municipal wastewater

itself is subject to filamentous bulking under certain conditions. Addition of the

readily degradable wastewater will enhance this potential, implying the use of plug-

flow configuration may be warranted. Depending on the wastewater mixture,

bioinhibitory wastewaters may be effectively treated when mixed with municipal

wastewaters in a complete mix configuration.

2.4.3 Effect on temperature

Addition of an industrial wastewater that has a high soluble substrate load will

increase the temperature coefficient, of the combined process. This will decrease

process efficency at reduced mixed liquor operating temperatures.

17



2.4.4 Sludge handling

An increase in soluble organics will increase the percentage of biological sludge in

the waste sludge mixture. This generally will decrease thickening and

dewaterability, decrease cake solids, and increase chemical conditioning

requirements. An evaluation should be made of changes in sludge handling

requirements and production rates that may result from the addition of the industrial

wastewater.

2.4.5 Bioinhibition and aquatic toxicity

Many industrial wastewaters exhibit inhibition of the activated sludge process,

particularly with respect to nitrification. Similarly they may be a new source of

potential aquatic toxicity if the toxicants "pass through" the municipal works. It is

therefore essential that the industrial wastewater be fully evaluated for compatibility

with existing activated sludge process to ensure future permit compliance.

2.4.6 Nutrient ( Nand P ) requirements

Since many industrial wastewaters are nutrient deficient, the COD:N:P ratio of the

combined wastewater should be determined. If the industrial load contribution is not

large, the background excess nutrient concentration of the municipal wastewater

may provide the required nutrient balance.

2.5 The activated sludge process as an object of control

The activated sludge process is a biological process based on the intrinsic

capability of the microorganism to perform complex chemical transformations upon

organic compounds by means of the metabolic activity and the action of enzymes.

The activation sludge processes have been subjects of intensive research in the

last 20 years (Nejjari et al., 1999; Henze et al., 1994; Henze et al., 1995; Henze et

al., 1998; Gujer et al., 1999; Gernaey et al., 2004; Fuerhacker et al., 2000; Ekama &
Wentzel, 1999; Eckenfelder & Grau, 1992).

The ability to control activated sludge processes at their optimal states accurately

and automatically is of considerable interest to the municipalities since it can enable

them to reduce their production costs and increase and maintain the quality of the

effluent. It should be noted, however, that the control system design of these bio-

reactors is not straightly-forward as is described in the papers due to the specific

process characteristics as object of control: significant model uncertainty, time

varying and nonlinear nature of the process, lack of reliable on-line sensors, slow

response.
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It is also important that the micro-organisms themselves have complex regulatory

mechanisms within the cells and that the external control system can only

manipulate the extra-cellular environment which may indirectly affects the

intracellular metabolic reactions -Figure 2.2

Food

<:~i::~::~'-- ......I., •.,.-------,.•
: Products of
• Metabolism

Enzymes

Energy

Figure 2.2: Complex dependencies in the microorganism cells.
The biomass growth process components

That is why the best results of the control will be received if the control system

succeeds to optimise the environmental conditions for the cells - temperature,

Dissolved Oxygen (DO) concentration, pH, and flow rate. The activity of a particular

enzyme is controlled by the concentration of several medium components. The

important thing in considering the control problem is not simply to apply

sophisticated control theory but to consider it with deep understanding of the

dynamics of the physiological state changes. It is therefore quite important to

investigate how the physiological state changes in relation to genetic change and

environmental change. In order to achieve the full biological potential of the cells,

the environmental conditions must be maintained optimal. The first step towards

this goal is the identification of the key variables, which can be used as control

variables. For the considered thesis the dissolved oxygen concentration is selected

as a key control variable. This selection is considered in the model development.

Other variables are considered as constant ones. Then the activated sludge

processes can be considered,- as represented by two key groups of variables -

chemical and biological - Figure 2.3. The first group consists of such variables as

temperature, dissolved oxygen, dissolved carbon dioxide, pH, flow rate, etc. These

variables can be measured very easily in real time. The second group consists of

concentrations of the substrate, biomass and product. The real time values of these

variables are usually difficult to be measured by sensors. The chemical variables
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control the enzyme activity and in this way they control the biological variables. This

means if the optimal conditions for the chemical variables are reached according to

some optimisation criterion, then the optimal conditions for the biological variables

will be also reached. This idea is not new but at the moment in industry the values

of the chemical variables are kept constant, equals to some their nominal values.

The influence of different disturbances during the process as input flow

composition, flow, waste concentration is not considered from control system point

of view. In reality the micro-organisms need different, not constant values for the

chemical variables during the different phases of the process. These values can be

determined using some of the methods of optimal control towards both chemical

and biological variables.

ra te D D 2 DO 2
bio m ass

acid/base pH
substrateC hem ic a I biological

cu rre nt m ode I rp m m ode I
cu r r e nt flow pro due t

Figure 2.3: Dependence between chemical and biological variables

Furthermore, the activated sludge process - Figure 2.4 has not been studied fully

yet as an object of control. It is not clear which kind of models are convenient; which

are dependencies between inputs and outputs; what process variables are the most

significant and in what way they affect the quality of the process or of its products;

what the optimal combination of settings for these significant variables is, according

to the goals posed on the process quality and the product quantity. There is lack of

methods for measuring of important variables, for modelling and parameter

estimation and for optimisation and control calculation.

..
• : -j...'

Secondary
Clarifier

Aeration Tank

Figure 2.4: Activated sludge process
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The project development is in accordance with the mention above important

characteristics and drawbacks and will aim to develop models that would be

capable to be used in a SCADA system for implementation of a strategy for real

time optimisation and control of the waste treatment process, based on

• the characteristics of the process as an object of control,
• the existing instrumentation and control structures in industry for the considered

processes,
• the possibilities to apply new instrumentation techniques for measurement,

monitoring, modelling and control.

2.6 Multilayer control strategy of the wastewater treatment process

2.6.1 Hierarchical control structure functions

The research work on the thesis is a part of a bigger departmental project for

development of an optimal adaptive strategy for control of the activated sludge

process. The main research question is if a real time adaptive control strategy

implemented in the software environment of the used at the present process

SCADA systems can lead the wastewater treatment process to fulfillment of the

requirements for quality of the effluent flow. The implementation of the adaptive

control strategy is based on:

• complex dependencies between the process variables
• using measurement only of the chemical variables, which means using only

widespread in the plants sensors
• existing operational structure of the plant

Activated sludge process is a dynamic process, which involves both rapidly and

slowly changing parameters. The main dynamic processes in wastewater reactors

can be separated into three timescales: fast DO dynamics, slower substrate

(amongst others Nitrogen) dynamics and slow biomass (sludge) dynamics. The

respective characteristic time constants of these three timescales are minutes,

hours and weeks. Substrate plays the keyrole as it is directly related to effluent

quality. That is why its control s the most important for the proper water treatment.

The dissolved oxygen and the biomass control are used to create a proper

environment for optimal substrate removal. The optimality is considered as an

optimized balance between effluent quality and operational costs. On the basis of

the said above it is natural that a substrate optimal control determin~s the setpoints

for both DO and sludge controllers according to the influence of the main process

disturbances. In accordance with the above an approach of an adaptive control is

used in the project by which the process is optimised in a certain sense and the

optimal control is obtained by a computer. This approach is based on three types of

problems:
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• adaptive estimation of state and process parameters,
• steady state or dynamic process optimisation and
• direct control.

The set of problems realising the adaptive control strategy can be solved in the

framework of the multi-layer control hierarchical structures, Figure 2.5. In such a

way the solution of all problems is subordinated to one joint goal. The problems

solved on each layer are:

• adaptation - estimation the model and state parameters according to the values of
the process disturbances;

• optimisation - steady state or dynamic optimisation of the process state and control
according to the predictions and estimation from the adaptation layer;

• direct control - determination and implementation of closed loop linear and non-
linear control according to the predictions and estimations from the adaptation layer
and according to the set point/reference trajectories obtained from the optimisation
layer.

Layer of adaptation - PC Tasks:
1) Keeping database
2) Process monitoring tasks
3) Simulation in real time, not in real time
4) Parameter and state estimation
5) Connection in Matlab and MySQL
6) Prediction of the values of the input

1. Model parameters Data for
2. Input disturbances process

,,,,~i,,,hl,,c>
Layer of optimization - PC Tasks:
1) Determination of the repetitive horizon for
optimal control problem solution
2) Solution of the optimal control problem
3) Determination of the set points of the local
controllers
4) Optimization of the controllers' parameters

1. Controller set poin s Data for
2. Controller parame ~rs process

Layer of direct control - PLC Tasks:
1) Receiving data from the process
2) Calculating the control signal /
implementation
3) Self - tuning of the controller parameters

~~Ignals Trom
Control action process

sensors

Activated Sludge Process

Figure 2.5: Three layer hierarchical control structure

2.6.2. The process modelling and estimation - task of the adaptation layer.

To postulate rational process control procedures, it is necessary to work with a

mathematical model that relates process performance (organics and solids
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removal) to process variables (influent strength and biodegradability, aeration,

active microbial mass). Dynamic modelling and simulation is used to evaluate the

effects of various inputs and process characteristics with respect to process

stability. Two types of models are considered:

• models describing the behaviour of the chemical variables only. They are used for
the optimal tuning of the controllers of the chemical variables. These models are not
developed in the thesis.

• models describing the behavior of the biological variables. They can be described on
the basis of nonlinear differential and difference equations and state space models
with or without time delays. These equations describe dynamics of the biological
variables - concentrations of substrate, biomass or product (metabolite) by applying
material and energy balances using the fundamental transport, stoichiometric,
termodinamie and kinetic relationships.

Both amongst scientists and practitioners a reasonable consensus exists that the

Activated Sludge Model no. 1 (ASM no. 1) by Henze et al. (1987) and UCT model

are the most popular mathematical description of the biochemical processes in ASP

reactors for carbon and Nitrogen removal. The most popular model for the settling

process probably is the double exponential model (Takacs, 1991). These models

are used in the project as bases for development of the simpler models for the

purposes of control design.

The model parameters can be determined using different methods for parameter

estimation. Over the last decades there has been a large and ongoing interest in

(nonlinear) system identification (e.g. Young, 1984; Ljung, 1987) and its application

to activated sludge processes (e.g. Busby & Andrews, 1975; Vanrolleghem, 1994;

Jeppsson, 1996; Tenno & Uronen, 1996). The objective of identification is to reduce

the uncertainty about process dynamics, such that designs of processes and

controllers can be improved. Good control can improve the utilization of the reactor

volume and reduce the required over-dimensioning of plant designs.

The model parameters can be determined using different methods for parameter

estimation. The methods for off-line and real-time estimation can be used. The

information for the off-line parameter estimation can be received on the basis of

experiments with the real or lab/pilot scale fermentor. The information for a real

value of both types of variables during the process running can be obtained through

a data acquisition system. The estimation algorithm is based on the least square

method, according to the Fig.2.6. Dynamic modelling and simulation can be used to

evaluate the effects of various inputs and process characteristics with respect to

process stability.
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Figure 2.6: Estimation algorithm

2.7 Conclusion

Wastewater treatment technological structure is considered. The main part of the

process called activated sludge process is described and its characteristics are

outlined. The influence of the industrial wastewater over the municipality

wastewater is summarised. The problems for modelling and estimation of the

activated sludge mathematical models as a part of the process three layer control

structure are introduced. These problems are considered in the following chapters.

The chapter 3 describes the problems for modelling of the biological processes in

the activated sludge process.
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CHAPTER THREE

MATHEMATICAL MODELS OF THE ACTIVATED SLUDGE

PROCESS

3.1 Introduction

A definition of a system is given within a certain mathematical nomenclature and

important criteria for process model development are defined and various model types

are named. The wastewater treatment biological models such as UCT biological model

and Activated Sludge model No. 1 are described. The similarities and differences

between these two models are discussed. The default values for kinetic, stoichiometric

and switching functions in the UCT model and ASM1 model are given. The processes

and processes' rates of the UCT model Peterson matrix and the ASM1 Peterson matrix

are explained in a detailed manner. Three wastewater treatment structures are

introduced and described. Their mass balance equations are derived for every tank and

component.

3.2 Definition of a system

A system is a process built to manufacture some products or materials and in the

process there are different types of variables that interact and produce other variables.

The process is affected by external variables which can be manipulated inputs or can

be disturbances. The disturbances can be measured or unmeasured.

People who are "system thinkers" usually expect that systems are

(1) based on a set of cause-effect relationships that can be

(2) decomposed into subsystems and

(3) applied over a restricted application domain.

It can be defined that a system is a collection of objects arranged in an ordered form to

serve some purpose.

Causes in systems nomenclature are usually referred to as inputs, and effects as

outputs. The system approach assumes that all observed outputs are functions only of

the system inputs. In practice a ubiquitous background noise is often present as well.

This combined with the fact that we rarely, if ever, know everything about any system,

means that the observed output is more often a function of the inputs and so-called

white noise. From an engineering viewpoint, this means that proposed designs
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need to rely on models that are less than ideal (Andrews &Mclone, 1971), (Aris, 1999),

(Aris, 1994), (Bogaerts, 1999), (Bogaerts & Hanus, 2000), (Close & Frederick, 1994),

(Director & Rohrer, 1988), (Gernshenfeld, 1999) and (Law & Kelton, 1991). Whether the

system model is adequate depends on its functions. Regardless of this, any model is

rarely perfect in the sense of exactness.

There are two basic means by which systems are designed: top-down and bottom-up.

In top-down design, one begins with highly abstract modules and progressively

decomposes these down to an atomic level. Just the opposite occurs in the bottom-up

design. Here the designer begins with invisible atoms and builds ever more abstract

structures until the entire system is defined.

Usually the system is considered as a "black box", as illustrated in Figure 3.1. It is

apparent from this diagram that a system is an entity completely isolated from its

environment except for an entry point called the input and an exit point called output.

------------------------------------------,

mput outpu

System

~
----+

y(
t)

z(t)

t

t)

environment

Figure 3.1: "Black box" model of the system

More specifically, the following system properties are considered in the thesis:

• All environmental influences in a system can be reduced to a vector of m real variables
that vary with time, u(t) = [u] (t ), ... , ujt)]. In general, u(t) is called the input and the

components Ui (t )are input signals.
• . All system effects can be summarized by a vector of I real variables that vary with

time, y(t) = [Yl (t), ... , yJt)]. In general, y(t) is called the output and the components

Yi (t) are output signals.

• All internal system variables can be summarized by a vector on n real variables that
vary with time. z(t)=[z](t), ... ,Zn(t)]26 In general, zet) is called the state and



the components z;(t)are the state variables.
Using these notations the system can be mathematically written by two algebraic

equations involving the input, state and output:

z(t) =1;(u(t»),
y(t) = J2 (u(t), z(t )), (3.1)

for suitable functions 1; and J2• Since the state z(t) is given explicitly, an equivalent

algebraic input-output relationship can be found. That is, for suitable function g ,

y(t) = J2 (u(t), 1;(u(t ))) == g(u(t)) (3.2)

If the output signals are algebraic functions of only the current input, the system is said

to be of zero-th order, since there can be no system dynamics. If the output signal

depends dynamically on the input, there must also be system memory. For instance,

suppose that the system samples a given signal every t:= 0,1 , 2, ... , seconds and that

the output y(t) depends on input u(t-1). It follows that there must be two memory

elements present in order to recall u(t-1) and u(t-2) as needed. Each such implied

memory element increases the number of system state variables by one. Thus, the

state and output equations comparable to Equations (3.1) and (3.2) are dynamic in that

1; and J2 now depend on time delays, advances, derivatives and integrals.

3.2.1 Definition of a mathematical model

A model is a representation of the essential aspects of the system. It presents

knowledge for the system in a usable form. The mathematical model describes the

relationship amongst the system variables in terms of differential, difference or algebraic

equations.

Models are characterized by their system behaviour and type of the input accepted by

the system. Once both the input and system behaviour is known, the output can be

found. This is known as the analysis problem (Ljung, 1999), (Profozich, 1997), (Roberts

et al., 1983), (Sage, 1995), (Sage & Armstrong, 2000), (Sandquist, 1985) and

(Thompson, 2000).

Mathematical models of continuous systems are often defined in term of differential

equations. Differential equations are particularly elegant, since they are able to describe

the system dynamic behaviour.
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3.2.2 Important criteria in the process of model development

Any given process may have different required models. The chose of a required model

will depend on its objectives. Some of the more relevant objectives concern model

purpose, system boundaries, time constraints and accuracy.

3.2.2.1 Model Purpose

A clear statement of the model intention is needed as a first step in setting the model

objectives. This entails listing all the relevant process variables and the accuracy to

which they must be modeled. Within the field of wastewater treatment a number of

general purposes for mathematical models can be defined. These are listed below.

• Design - models allow the exploration of the impact of changing system parameters
and development of plants designed to meet the desired process objectives at minimal
cost.

• Research - models serve as a tool to develop and test hypotheses and thereby gaining
new knowledge about the process.

• Process control - models allow for the development of new control strategies by
investigating the system response to a wide range of inputs without endangering the
actual plant.

• Forecasting - models are used to predict future plant performance when exposed to
foreseen input changes and provide a framework for testing appropriate counteractions.

• Performance analysis - models allow for analysis of the total plant performance over
time when compared with laws and regulations and what the impact of new output
requirements on plant design and operational costs will be.

• Education - models provide students with a tool to actively explore new ideas and
improve the learning process as well as allowing plant operators training facilities and
thereby increasing their ability to handle unforeseen situations.

The models developed in thesis are intended for all mentioned above purposes.

3.2.2.2 System Boundaries

The system boundaries define the scope of the model. A correct choice of the system

boundaries is necessary so that all the important dynamics in the process are modeled.

If uncertainty exists about the correct choice of boundary, a criterion for boundary

selection is to check whether the streams crossing the proposed boundary are easy to

characterize. If the streams are well characterized, then the correct boundary has been

chosen.

3.2.2.3 Time Constraints
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Time constraints are important model restrictions to be chosen before construction of

the dynamic models. Sometimes the process under investigation will contain a wide

range of dynamic activity with widely varying speeds of response. Characteristic time

constants in the process may range over several orders of magnitude. Invariably the

modeler is interested in a simulation over a defined period of time.

The modeler should identify a 'time-scale-of-interest' and not model any latent dynamic

effects outside this time-scale. This identification should be in the form of maximum and

minimum characteristic time constant. Selection of an appropriate time-scale will also

have the added advantage of possibly avoiding ultra-stable or stiff problems in the

model numerical solution. These numerical problems occur in systems with widely

varying time constants or speed of response (Willoughby, 1974). The wastewater

treatment process belongs to this class.

3.2.2.4 Accuracy

The appropriateness of the model depends on the ability to predict the system

performance within a prescribed accuracy. The accuracy sought will affect the degree of

simplification which can be achieved in building the model. It is important that the

desired accuracy of the model be specified before the model is constructed and that this

accuracy reflected the purpose of the model. A measure of accuracy must be created to

confirm this, or the accuracy must be confirmed during model validation.

3.2.3 Model Types

Many different classifications have been produced for the different model types which

are available (e.g. Murthy et aI., 1990; Jorgensen, 1992). The model types depend on

the model philosophies.

3.2.3.1 Reductionist versus Holistic Models

Reductionist models are based on the attempt to include as many details as possible

into the model and to describe the behaviour of a system as the net effect of all

processes. In contrast to this approach, holistic models are based on a few important

global parameters and on general principles.

3.2.3.2 Internal versus External Models

Internal (or mechanistic) models describe system response as a consequence of input

29



using the mechanistic structure of the system, whereas external (or input/output, black-

box, empirical) models are based on empirical relationships between the input and

output. Typical external models are time-series models (e.g., ARMAX models) and

neural networks. A mechanistic model is a model based on fundamental engineering

and scientific knowledge about the physical, chemical and biological mechanisms that

affect a system. A model based on elementary principles tends to produce more reliable

results when used for extrapolation. In complex systems it can be very difficult to obtain

the necessary fundamental relationships of the process and, consequently a model

must be based on empirical relationships. In practice, models are often a mixture of

mechanistic and empirical models, using different concepts at different levels of

resolution.

Depending on the mathematical form of their describing equations the models can be

separated in several ways. Some of the most common ones are presented below:

3.2.3.3 Dynamic versus Static Models

This category arises between models that do or do not vary with time. Static model are

often classified as steady-state models which model the equilibrium behaviour of the

system. Conversely dynamic models account for the time varying responses of a

system.

3.2.3.4 Deterministic versus Stochastic Models

Another classification arises between models that contain uncertainty or randomness in

their final results and those that do not. Stochastic models are models in which the final

outcome is not known with certainty but can be expressed as a distribution of all

possible outcomes. In deterministic models all future outcomes are known with

precision by the present state and the future values of the external variables (inputs) of

the model.

3.2.3.5 Continuous-Time versus Discrete-Time Models

Continuous-time models are based on formulation of the rates of change of state

variables. The values of the state variables as functions of time are then obtained as the

solution of a system of differential equations. In contrast to this approach, discrete-time

models are based on a division of time-scale into discrete intervals and specifying the

state variables in a given time interval as algebraic functions of the values in the
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immediately preceding time interval.

3.2.3.6 Distributed versus Lumped-Parameter Models

Many courses of events which are of interest to modeling are distributed not only in time

but also in space. Mathematically, variables distributed in space can be described by

partial differential equations and the resulting models are called distributed models.

Application of such equations will, however, result in a complex simulation problem. A

common way of overcoming this difficulty is to use the lumped-parameter approximation

of these distributed equations. To use this approach, isotropic regions in the process

are identified. These are regions in which composition, specific energy and momentum

are approximately invariant with spatial dimension. The time-varying properties of this

'lump' are then calculated from the transfer of mass, energy and momentum over the

boundary.

Other possible ways of classifying mathematical models are, for example, linear versus

non-linear and continuous versus discrete-event models.

3.3 Biological models of the activated sludge process

Over the past two decades significant advances have been made in the areas of

engineering design, implementation and operation of the activated sludge system

(Cronje et al., 2002). The progressively biological removal of carbon (C), nitrogen (N)

and phosphorus (P) by the activated sludge systems have been successfully designed

and implemented at full-scale. A suite of steady state design models ( WRC, 1984;

Wentzel et al., 1990 and Maurer & Gujer, 1994 ) and kinetic simulation models (Oold et

al., 1980; Oold et al., 1991; Henze et al., 1987; Henze et al., 1995; van Haandel et al.,

1981 & Wentzel et al., 1992) had been developed. The University of Cape Town (UCT)

(Oold et al., 1980) and Activated Sludge Model 1 (Henze et al., 1987) biological models

are considered in the thesis.

3.3.1 UCT biological model

The UCT model is developed by Marais and Ekama at UCT. It gives mathematical

representation of the biochemical processes of carbon and nitrogen removal at the

beginning of the model development ~and of phosphorus removal at the later

developments, going through different stages of model improvement. The full UCT

model (Oold et af., 1991) consists of 14 different process including 14 state variables
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and 21 parameters.

3.3.1.1 Carbon removal biological model

The UCT model is a mechanistic type of model. In the development of the UCT model

Marais and Ekama (1976) included into the Lawrence and McCarty model (1970) some

of the concepts proposed earlier by McKinney (1962), Le. the generation of endogenous

residue due to endogenous respiration and the accumulation of inert volatile solids due

to the presence of this material in the influent. Furthermore, on the basis of a constant

equivalence between organic mass (VSS) and substrate (COD), they functionally

integrated the oxygen consumption with the growth and endogenous respiration of the

microorganisms. The BOD was rejected as a suitable parameter for defining the organic

material. They accepted the theory of electron donating capacity in its equivalent form,

the COD. It should be noticed the greatest advantage of the Marais and Ekama (1976)

model is that it

• differentiates between the active and inert sludge fractions,
• shows the biological reactions in terms of active mass, and
• permits the oxygen utilization rate to be determined directly from the biological reactions

Ekama and Marais (1979) applied the model to cyclically loaded completely mixed

activated sludge processes where the influent is domestic wastewater. It was found

impossible to correlate the predicted and observed oxygen consumption for low sludge

ages. A rapid change in the oxygen consumption rate was observed at the moment of

feed termination. The oxygen consumption continued for 1,5 to 2 hours at a rate of

about 90 per cent of that measured just before the feed terminated, this was followed by

a period of approximately 5 hours during which the oxygen consumption rate slowly

decreased until, fairly abruptly, the rate steadied at a value which could be associated

with endogenous respiration.

The difference between the observed and predicted response was ascribed by Ekama

and Marais to the nature of the influent substrate. It was found that in domestic waste

flows 60 to 70 per cent of the COD was in a fine particulate form (Morris and Stumm,

1960; Ford and Eckenfelder, 1967 and Wilson and Marais, 1976). The use of particulate

substrate necessarily requires to be preceded by adsorption and storage on the

organism, followed by extracellular enzymatic reactions prior to transfer through the cell

wall. It is found that an adsorption mechanism is incorporated to store the particulate

biodegradable material on the organism. They adopted the modified adsorption
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mechanism which had been proposed by Blackwell (1971), the adapted mathematical

equation is:

(3.3)

where Ka is the substrate transfer rate (mg COD/mg VASS/d), Xa is the active volatile

solids concentration (mg VASS/I), Sb is the biodegradable substrate concentration in the

liquid phase (mg COD/I), X, is the stored substrate concentration (mg VSS/I), fma is the

maximum fraction of substrate that can be stored on the active organism mass (mg

VSS/mg VASS).

The explanation for the sudden drop in oxygen consumption rate at feed termination

was due to an energy requirement for carbonaceous substrate adsorption as

hypothesized by Ekama and Marais (1979). It was further a forecast that all the

biodegradable COD in the domestic wastewater can be taken to be of a particulate

nature although approximately 30 per cent of the COD is not removed by filtration. It is

likely that the filtrate COD consists of large complex organic molecules which also

require extracellular enzymatic breakdown. Now they accepted that all biodegradable

COD must pass through the adsorption and storage stage. The conclusion of the

hypothesis was that biological adsorption is an energy demanding reaction and they

found the step change in oxygen consumption rate to determine the energy required for

adsorption and storage of COD and calculated it to be 7,8 per cent of the COD mass

removed from bulk concentration.

The use of the stored substrate for synthesis was modeled by a Monad type relationship

linking the stored substrate concentration to the specific growth rate of the active

organisms i.e.

_l_dXa _ y [ KmXsP ]
X; dt - h Ks + XsP

where Yh is the growth yield coefficient in terms of stored substrate as mg CODII (mg

(3.4)

VSS/mg COD), Km is the maximum specific substrate utilization rate (mg COD/mg

VSSId), Ks is the half saturation coefficient (mg COD/I), P is the COD:VSS ratio (mg

COD/mg VSS)
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A number of previous investigators had proposed this relationship (Blackwell, 1971;

Jacquart et al., 1973 and Busby & Andrews, 1973) and the modeling for the synthesis of

stored COD reaction was found to be adequate by Ekama and Marais.

3.3.1.2 Nitrification

The model proposed by (Downing et al., 1964) was the forerunner to the model of

Ekama and Marais (1979) for biological nitrification. For this model the Monod

relationship is used to relate the ammonia substrate concentration to the specific growth

rate of the nitrifying bacteria. The influence of the presence of organic nitrogen on the

nitrification kinetics is however not considered by the Downing model (1964).The

inclusion of the effect of organic nitrogen into the model required two additions:

• A conversion of the organic nitrogen derived from the influent and from mass loss to
ammonia, a relatively slow reaction which was found necessary to be included. It
explains the experimental observation that in certain instances the nitrification rate is no
longer governed by the ammonia concentration, but rather by the rate of conversion of
organic nitrogen to ammonia.

• The incorporation of storage of organic nitrogen is necessitated by the storage of COD.

With this alteration, the model was found to give good performance with TKN, ammonia

and nitrate concentrations observed during diurnal cyclic square wave loading tests.

3.3.1.3 Alterations to the model

The Alterations to the model of the Ekama and Marais (1979) is reviewed under the

following considerations:

3.3.1.3.1 The Influence of Energy Requirement for Adsorption

The adsorbed state is thermodynamically associated with a lower energy level than the

unadsorbed one. It should be noted that should this be true also for biologically

mediated adsorption of organic material onto the organisms, the assumption that the

adsorption is energy necessitating would appear to be suspect. From the appearance

being reinforced consequently the experiments on completely mixed activated sludge

behaviour using soluble, easily biodegradable substrate were performed. The oxygen

utilization rate exhibited a sudden decrease at the feed termination under square wave

cyclic loading conditions and usually the response of the plant was in accordance with

the forecastings of the modified Lawrence and McCarty model. The hypothesis that

sewage wastewater is composed of two fractions was obtained from pure
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substrate experiments. The fractions are:

• a readily ingestible soluble fraction which is utilized at a very fast rate,
• a slowly biodegradable particulate fraction which requires storage and enzymatic

breakdown prior to transfer through the cell wall.

The step change in the oxygen consumption rate at feed termination using sewage

wastewater in terms of this hypothesis may be featured to the cessation of the oxygen

utilization for the metabolism of the rapidly biodegradable substrate (COD) fraction in

the influent. After the step change the behaviour remains a consequence of the storage

of COD originated from the particulate, slowly biodegradable portion of the influent; it is

found the mechanism of adsorption and storage of particulate COD remains unaltered,

apart from that this operates on only the particulate fraction of the influent and does not

require energy for adsorption.

For the bisubstrate hypothesis it was found that simulating the step change at feed

termination, is estimated at 24 per cent of the biodegradable COD in the influent

necessarily must be readily ingestible. The hypothesis was formulated in the following

way: For the synthesis reaction the oxygen requirement forms 34 per cent of the COD

metabolized; the balance, Le. 66 per cent, becomes new cell mass (Marais and Ekama,

1976). The fraction of the biodegradable influent COD which is rapidly ingestible

therefore, is 1/0,34 times the size of the step change in the oxygen utilization rate, i.e.

0,08/0,34 = 0,24. It is noted that 30 to 40 per cent of the COD in domestic wastewater is

soluble compared to the fraction found which is not unreasonable.

3.3.1.3.2 The Influence of the Function of Adsorption

The adsorption is a mass transfer process and its mathematical equation as expressed

in Eq. (3.3) is in compliance with mass transfer principles. For this reason there

appeared to be no need to reconsider its detail, Le. Eq. (3.3) was retained.

3.3.1.3.3 The Influence of Function of Enmeshment

The complete insensitivity of the effluent COD to severe cyclic load variations from the

behaviour of the experimental Completely Mixed Activated Sludge (CMAS) process

could not be explained by the adsorption hypothesis alone. An additional hypothesis

was required that all the particulate material not adsorbed was enmeshed in the sludge

mass, densified in the settling tank and recycled to the reactor. This assumption has
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great support from the observation that inert particulate material does not appear in the

overflow from the settling tank.

3.3.1.3.4 The Influence of Synthesis of Active Mass

The adoption of the hi-substrate postulate immediately adds the dilemma of the reaction

of the organism mass to the dual substrates. The precise mechanism cannot be given

because more detailed simulation studies are required. Now the two substrates are

acted on independently by the same active mass and that the sludge synthesized is the

sum of these two metabolic reactions.

3.3.1.3.5 The Influence of Soluble substrate

Lawrence and McCarty (1970) had an identical relationship for the synthesis of active

mass from readily ingestible substrate fraction Le. a Monod formulation linking the

specific growth rate of the active mass to the soluble substrate concentration in the

liquid phase:

_1_ dXa = Y
h
[ KmsSbs 1 (3.5)

x, dt s; + Sbs

where Sbs is the soluble biodegradable substrate concentration (mg COD/I), Kms is the

maximum specific substrate utilization rate for soluble substrate (mg COD/mg

VSS/d), K; is the half-saturation coefficient for soluble substrate (mg COD/I). This

correlation have been appraised by Gaudy et al. (1971) as inappropriate for modeling

transient behaviour of the activated sludge treating readily ingestible soluble substrates.

They found that the correlation did not accurately forecast the change in organism

growth behaviour for a period after a step change in the feed rate. Gaudy et al (1971)

found the process behaviour had noticeable differences in the experimental conditions.

They found after the transitory behaviour between the two steady state conditions for

the duration of an experiment that a change in the food to micro-organism ratio was

approximately 170 times. In comparison, the activated sludge process is usually

concerned with relatively small disturbances about a steady state condition for which

the maximum point food to micro-organism ratio is usually 5 times the average value.

3.3.1.3.6 The Influence of Particulate substrate

The use of particulate substrate requires
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• extracellular enzymatic breakdown of the complex organic molecules to simpler ones in
order to pass through the cell wall for synthesis by the organism.

The total reaction rate is prolonged and an order of magnitude slightly delayed than that

for a soluble substrate for example like glucose. The bound rate is unlikely to be in the

metabolism of the material that has been secreted through the cell wall. It is believed

the bound rate is determined by the extracellular breakdown rate of stored particulate

substrate to smaller molecules. Should this reason be correct, then Eq. (3.4) is no

longer valid to express the growth rate of the active mass for using particulate substrate

because it does not recognize the true rate bound mechanism, i.e. extracellular

enzymatic breakdown rate. The reason equation (3.4) can be justified is because its use

has given satisfactory predictions of the dynamic behaviour of the CMAS process

treating domestic sewage. It has been found that this explanation no longer holds. If

looking at simulations of the BOD-time curve in the BOD test on municipal effluents,

now the primary active mass concentration is minute approximately very much less than

1mg!!. Practically no growth (and no oxygen demand) and no removal of the particulate

biodegradable organic fraction in the BOD sample was forecasted for the use of the

particulate BOD. If Eq. (3.4) was applied in the forecast of the behaviour of the aerated

lagoon activated sludge process, at sludge ages (retention times) less than two days

and low temperatures (12 C), an operational paradigm was forecasted that indicated an

insufficient sludge growth rate and partial failure by washout.

A comprehensively analysis of the atypical behaviour described before indicated that it

arises from equation (3.4). The adsorption and synthesis operations (equations (3.3)

and (3.4)) respectively, behave in conjunction. The stored substrate concentration (X.)

is restricted by the active mass concentration (Xa) as shown by equation (3.3) and the

amount of the maximum fraction of substrate that can be stored on the active organism

mass (Ima)' The value of Ima appears to be close to unity, this can be shown from

simulation research and proof in the scientific papers (Porges, Jasewicz and Hoover,

1956).Subsequently if Xa is low, X, is essentially also low and from equation (2) the

synthesis rate also will be low. It has been found to be quite the opposite to the

assumption in the event the growth rate should be near to the peak amount because

there is a large amount of Xs relative to X a' This inadequacy stems from the fact that

the stored substrate is defined in concentration units relative to the bulk liquid phase but
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rather should be defined relative to the active organism concentration. This inadequacy

was recognized by Stenstrom (1975) and he proposed the following change:

1 ax, _ y. [ Km(X)X.) ] _ y. [ Kmfs ]
Xa ---;Jt- h Kfs +(X)XJ - h x , + Is (3.6)

where Is is the X) Xv (mg VSS/mg VSS), K fs is the half saturation coefficient for

synthesis (mg VSS/mg VSS), Xv is the total volatile solids concentration (mg VSSII).

3.3.1.3.7 The Influence of Endogenous Respiration

The occurrence generally known as endogenous respiration shows itself by reduction of

active volatile mass per unit active mass per unit time if there is no biodegradable

substrate present. The mass of the sludge that disappears is used by the organisms

and therefore is directly equated to the oxygen consumption for the endogenous

respiration. An unbiodegradable fraction remains and therefore accumulates in the

process as endogenous residue.

The endogenous respiration has due to the energy requirement for organism

maintenance since a fraction of the organism mass disappears to supply energy for

maintenance of the mass remaining. For the requirement to make the energy available

an electron acceptor must be present. It should be noted that in the activated sludge

process, either oxygen or nitrate can serve as the electron acceptor. The single sludge

nitrification-denitrification process showed a main difficulty in situations where both the

oxygen and nitrate concentrations in a reactor are zero, that is when nitrate has been

completely denitrified in an anoxic reactor. If no oxygen or nitrate is present,

maintenance energy cannot be released. Now what happens to the organism under

these circumstances? A qualitative change in the organism behavioral pattern can be

accommodated by the introduction of dissolved oxygen and nitrate deficient conditions.

Therefore this presented complexities in the model which could not be verified when

fundamental endogenous respiration mechanism was not clearly understood.

Subsequently, the goal became to find an easy alternative model which could logically

answer the discrepancies regarding endogenous respiration in both aerobic and anoxic

conditions, which in situations where aerobically generated organisms are placed in an

anaerobic state for a short time. This instituted the evolution of the death -regeneration

model.
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In the death-regeneration model an endeavor is made to split reactions which possibly

take place during the death phase of the organisms. It is proposed that the percentage

of live mass that disappears in fact dies, lyses biodegradable substrate back in to the

liquid and leaves the balance as unbiodegradable endogenous residue. The

biodegradable COD in the liquid is added to the lased biodegradable and passes

through the same phases of adsorption, storage and storage abstraction for synthesis.

This proposal, states that endogenous respiration (cell maintenance) it is believed does

not exist and that oxygen is consumed only for synthesis of new cell material from the

lysed energy. It is found that the death-regeneration approach provides a convenient,

simple and reliable framework in which to propose the biological kinetics of the anoxic-

aerobic activated sludge process.

3.3.2 Description of the UCT mathematical model equations

The variables used to mathematically describe the activated sludge process in the UCT

model are 14. Their notations and names according to UCT and ASM1 model (SIMBA

software package ( SIMBA 4, User guide 2001 ) are given in Table 3.1

Table 3.1: Biological fractions, descriptions and units of the UCT model
Variable notation Description Unit
UCT/SIMBA

ZEH IXBH Heterotrophic biomass gCOD/m3

ZBA IXBA Autotrophic biomass g COD/m3

ZEIXP Endogenous biomass gCOD/m3

Z]IXI Inert biomass g COD/m3

SadslXSA Adsorbed slowly biodegradable substrate g COD/m3

SenmlXSE Enmeshed slowly biodegradable substrate gCOD/m3

NobplXND Biodegradable particulate organic nitrogen g COD/mJ

Sbs/SS Soluble substrate g COD/mJ

Na ISNH Ammonia nitrogen g N/mJ

Nobs ISND Biodegradable soluble organic nitrogen g N'l m'

No3/SNO Nitrate nitrogen g N/m3

AlkiSALK Alkalinity Mollm3

Sus lSI
»< Unbiodegradable soluble substrate g COD/mJ

OISO Oxygen g COD 1m3

39



The UCT model characterizes the biochemical processes, their kinetics and the

compounds on which they act and describes their behaviour at a single point in the

system. The process model is presented in a matrix form known as the Paterson matrix

in Table 3.2. This matrix provides a quantitative description of interrelationships

between the processes and associated compounds. The switching functions are

described in a Table 3.3. The default values of the process parameters are given in a

Table3.4.

40



Table 3.2: Peterson Matrix representation of the UCT model

COMPOUND 1 2 3 4 5 6 7 8 9 10 11 12 13 14 PROCESS
~

~
ZBA ZE Z, Sads Senm Nobp s; Na Nabs No3 Alk Sus 0 RATES, Pi

PROCESS ZBH

fZB,N
-fdZE.N

I Aerobic growth of I -I/YZH -fZP.N
-j /14 _I-YZH i1'[K~S:S.]ZB,N

ZBH on Sbs Ym

with Na [HAirr ]
on U;'il Z."

2 Aerobic growth of I -1jYZH
- JZB.N JZB.N /14 _I-YZH "'[K.S:S.]ZBH on Sbs YZH

[HA" ]['- Nr.' ]with No3 on Limrt· Limit Z /UI

3 Anoxic growth of I -!/YZH - fzB,N
_ I-Ym A* i1'[K~S;s.lZBH on Sbs 2.86YZH

with Na [H Air ][N. ][N" ]z
OiJ Limit Limit JH

4 Anoxic growth of I -!/YZH B* C*

j1H[ K S:S JZBH on Sbs
SH .,

with N03
[HAir]['-N'J[N'3 ]z

\ Off Limit Limit 'H

5 Aerobic growth of I -!/YZH -JZB,N -j /14 _I-YZH [ (S ~;Z '" 1 ]lB,N
ZBH onSads YZH K~ +(S~/Z'Hl

with Na [HAirr ]
on Li~it Z BH K MP

6 Aerobic growth of I -!fYZH - JZB,N jlB,N /14 _I-YZH [ (S IZ 1 ]
ZBH on YZH K~ +7sjZml
Sads with N 03 [HAiT-N Y 3 ]

on Umil" Li~it Z BJf K MP
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7 Anoxic growth of I -!/YZH
- Ï zu. N _ l-YZH A*

(S",/2 '") ]
ZBH on Sads 2.86YZH KO' +(S./Z .. )

With Na H AirIN, INo, ]z K '1
Off Limit Limit '11 MP G

8 Anoxic growth of I -I/YZH fZB,N B* C* (S_/2 .. > ]
ZBH on Sods -fE/ZE,N K,,+(S_/z .. >

With No3 H Airf-N. INo, ]z K n
Off Limit Limit m ur 0

9 Death of ZBH iE I-fE bHZSH

10 Adsorption of -I K,S,~ ZSII v: -S.,,/ZSH)
Senm
Il Hydrolysis of -1 I v . + p, + p 7 + p. )

Nobp v ; IS"", )

12 Ammonification I -I 1/14 K N Z
R ob, Bil

of Nabs

13 Aerobic growth I -yY ZA '/Y7.A -I /14 4.57 - Y
ZA [ N ][AAir]lB,N

jj, K" :N. on Z"of ZBA - /ZJJ,N -II (7Y ZA) Y
ZA

14 Death of ZBA -I iE I-fE iZB.N b AZ BA
-iElZE•N

KEY I-YZH B*- 1- YZH i I-YlHzA*= C*= + f 114Z -i /14 ' - 2.86Y
ZH

- ZB.N'14 * 2 86YZH ZlJ,N 14*2.86YlH
Z8,N

Table 3.3: Switching functions and formulae of the UCT biological model

Switching
[~nAir] [H Air] [ZnAir

] [~~it] [l-N ] [N
03

]function -: LimitOff

Formula \ 0 KOH 0 Na KfIA Nm
KOH +0 KOH +0 KOA+O

KHA+Na K11A +No KNO + N03
----- --- - ._---~ - -- -- - -
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Table 3.4: Default values for kinetic, stoichiometric and switching function constants in the UCT

model

SIMBA VALUE UNITS UCTold

SYMBOL

Kinetic parameters

(20°C)

myH 2,5 d-1
~

J.1H

KSH 5,0 gCODm-3
KSH

KMP 1,35 g COD (g cell COD.d)-l KMP

KSP 0,027 g COD (g cell COD)-l Ksp

BH 0,62 d-l bH

KA 0,17 g COD (g cell coo.av: KA

KR 0,032 m3 (g cell cotiav: KR

myA 0,5 d-l J.1A

KSA 1,0 g NH3 -N m-3
KSA

bA 0,04 d-l bA

nyG 0,33 - 77G
Stoichiometric

parameters

YH 0,666 g cell COD (g COD utilized Y" YZH

YA 0,15 g cell COD (g N utilized'f" YZA

fMA 1,00 g COD (g cell CODfl JMA

fP 0,08 -
JE

iXB 0,068 g N (g CODfl in active mass JZB,N

iXP 0,068 g N (g CODfl in endogenous mass JZE,N

Switching Function

Parameters

KOH 0,002 g O2 m-3
KOH

-

KOA 0,002 g O
2

m-3 KOA
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KNA 0,01 g NH3 -N m-3 KNA

KNO 0,1 g N0
3
-N m-3 KNO

Arrhenius temperature

dependency constants

K = K (}(T-20)
i, T i,20

KT =K atTOC
where

I, I

() = Arrhenius cons tan t

myH 1,200 - JlH
KSH 1,000 - KSH
KMP 1.080 - KMP

KSP 0,910 - Ksp

BH 1,029 - bH
KA 1,029 - KA
fMA 1,000 - fMA

KR 1,029 - KR
myA 1,123 - JlA
KSA 1,123 - KSA
bA 1,029 - bA

A short description of the processes and their stoichiometric interactions with the

compounds is given below (Dold et al., 1991).

Processes 1 and 2: Aerobic growth of heterotrophs on readily biodegradable COD.

These two processes are accountable for elimination of the readily biodegradable

substrate under aerobic conditions. A fraction of the readily biodegradable COD is

utilized for the production (growth) of heterotrophic biological (active) organism mass

(synthesis) and the balance is oxidized for energy giving rise to an associated

synthesis oxygen demand. The growth is replicated using Monod kinetics. In the

process 1, concomitant with the growth, ammonia is used as a nitrogen source for

synthesis, and there is an associated alkalinity change. Should ammonia become

limiting, nitrate can serve as an alternative nitrogen source for synthesis, Process 2.

This is achieved by incorporating switching functions dependent on the
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ammonia concentration, which switch Process 1 off and Process 2 on when ammonia

reduces to near zero but nitrate is available as a nitrogen source. Should both

ammonia and nitrate reduce to zero, growth Processes 1 and 2 are switched off.

Additional switching functions in both Processes 1 and 2 ensure that these processes

only operate if oxygen is present as electron acceptor- as the oxygen concentration

reduces to zero there is a switch from aerobic to anoxic growth (Processes 3 and 4)

with nitrate as electron acceptor.

Processes 3 and 4: Anoxic growth of heterotrophs on readily biodegradable COD

In the absence of oxygen, the heterotrophic organism population is capable of utilizing

nitrate, if available, as acceptor with readily biodegradable COD as substrate. In these

two processes, a fraction of the readily biodegradable COD is used for production

(growth) of heterotrophic biological (active) organism mass and balance is oxidized

giving rise to reduction of nitrate to nitrogen gas. The anoxic growth is replicated on

the basis of the same Monod kinetics used for aerobic growth (Processes 1 and 2). As

in aerobic growth (with readily biodegradable COD), ammonia (Process 3) or nitrate

(Process 4) can serve as nitrogen source for cell synthesis, this is accommodated

through switching functions. Further switching functions in both Processes 3 and 4

ensure that the anoxic growth rates decrease to zero at low nitrate concentrations.

Processes 5 and 6: Aerobic growth of heterotrophs on adsorbed slowly

biodegradable COD.

In these two processes the slowly biodegradable COD, which has been adsorbed on

the organism (Process 10), is utilized under aerobic conditions. This use consists of

two steps, hydrolysis of the adsorbed slowly biodegradable COD and direct utilization

of the hydrolysis products for the production (growth) of active organism mass

(synthesis) and its associated oxygen demand. Since the rate limiting step is

hydrolysis, only this step is modeled, using Levenspiel's surface reaction kinetics

(Dold et ai, 1980). As in aerobic growth on readily biodegradable COD, ammonia

(Process 5) or nitrate (Process 6) can serve as a nitrogen source for cell synthesis;

this is achieved by incorporating switching functions dependent on the ammonia

concentration. Also, switching functions ensure that both processes operate only if

oxygen is present as electron acceptor; at low oxygen concentrations there is a switch

to anoxic growth(Processes 7 and 8) with nitrate as electron acceptor.
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Processes 7 and 8: Anoxic growth of heterotrophs on adsorbed slowly biodegradable

COD.

These processes are modeled in the same way as for aerobic growth Processes 5

and 6 except that in absence of oxygen, nitrate serves as an alternative electron

acceptor and that the Levenspiel surface reaction for hydrolysis/utilization kinetic rate

expression is multiplied by the factor of .33 (nyG). Again, either ammonia (Process 7)

or nitrate (Process 8) can serve as nitrogen source for cell synthesis. Switching

functions in both Processes 7 and 8 ensure that the anoxic growth rates decrease to

zero at low nitrate concentrations.

Process 9: Death of heterotrophs.

The process is modeled according to the death- regeneration hypothesis. That is, the

heterotrophic organism mass dies at a certain rate per unit organism mass; a portion

of the material from the death is unbiodegradable particulate and adds to the

unbiodegradable endogenous residue while the remainder adds to the pool of slowly

biodegradable COD. Nitrogen associated with the biodegradable portion adds to the

pool of particulate organic nitrogen. The process of organism death is assumed to

continue under aerobic, anoxic and anaerobic conditions.

Process 10: Adsorption of slowly biodegradable COD.

Slowly biodegradable COD is assumed to be enmeshed in the sludge mass

immediately on contact with mixed liquor. The absorption process transfer the

enmeshed slowly biodegradable to the adsorbed slowly biodegradable COD.

Process 11: Hydrolysis of particulate organic nitrogen.

Biodegradable particulate organic nitrogen is broken down to soluble organic nitrogen

at a rate linked directly to the rate of hydrolysis/utilization of adsorbed slowly

biodegradable COD under both aerobic (Processes 5 and 6) and anoxic (Processes 7

and 8) conditions. The product of breakdown adds to the pool of soluble organic

nitrogen.

Process 12: Ammonification of soluble nitrogen.

Biodegradable soluble organic nitrogen is converted to free and saline ammonia, a

process mediated by heterotrophic biological active mass. Hydrogen ions consumed

in the conversion process results in an alkalinity change.
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Process 13: Aerobic growth of autotrophs.

In this process ammonia is oxidized to nitrate via a single step resulting in production

(growth) of autotrophic biological active mass and giving rise to an associated

nitrification oxygen demand. The process requires the presence of oxygen; a

switching function ensures that the process operates only if oxygen is present. This

operation has a marked effect on the estimated total oxygen demand; the effect on

total Mixed Liquor Volatile Suspended Solids (MLVSS) is small as the yield of

autotrophic nitrifiers is low. As with the growth of heterotrophs, ammonia nitrogen is

included in the new cells and the alkalinity is affected.

Process 14: Death of autotrophs.

This operation is similar to that of the heterotrophs (Process 9).

3.4 Discussion

Marais and Ekama (1976) hypothesized the Lawrence and McCarty model (1970)

which was proposed by McKinney (1962) for the generation of endogenous residue

due to endogenous respiration and accumulation of inert volatile solids due to

presence of this material in the influent. Marais and Ekama (1976) contributed three

salient points namely, differentiating between active and inert sludge fractions;

showing the biological reactions in terms of active mass; permitting oxygen utilization

rate (o.u.r.) to be determined directly from biological reactions.

The Peterson matrix has equations modeled on the Monod kinetics and switching

functions for example if one looks at the fraction of the aerobic growth of heterotrophs

on readily biodegradable COD can see from the first row which are the process

compounds affected by this growth process. Every compound dynamics is influenced

by different processes. Mathematically this dependence can be described by the

differential equation summing the products between the stoichiometric coefficients

from the corresponding column with the associated process rate, for example for the

dynamics of the heterotrophs:
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dZBH(a) - [ S IHAirIN Jz - [ S IHAirII-N IN 3 J--=/1 b, '+/1 b, , 0 Z +
dt H KSH+S" on Limit SH H KSH+S" on Limit Limit SH

[ S IHAirIN IN 3 J [S IHAirII-N IN 3 Jz+fi In ,0 Z +fi In ,0 +
H KSH+S", Off Limit Limit SH H KSH+Sb' Off Limit Limit SH

[ (S /Z ) IHAirIN Jz [(S /Z ) IHAirIl- N IN 3 Jz+ .',SH • K+ ",eH • 0 K+
Ksp +(S",/ZSH) on Limit SH MP Ksp +(S ... /Zs) on Limit Limit SH MP

+[ (S •../ZSH) IHAirIN. TNo3 Jz K +[ (S ••.!ZSH) IHAirII-N.}[N03 l7 K
Ksp +(S •../Ze) Off Lim irlLim it SH MP"la Ksp +(S ••.!Zs) Off Limit LimifsH MP"la

(3.7)

The Ekama's and Marais's model (1979) uses the Monod relationship to relate the

ammonia substrate concentration to the specific growth rate of the nitrifying bacteria.

Since the inclusion of the effect of organic nitrogen is considered in this model but was

not considered for the forerunner model (Downing et ai, 1964) namely the nitrification

rate is no longer dominated by the ammonia concentration but rather by the

conversion rate of organic nitrogen to ammonia; the incorporation of storage nitrogen

is required by the storage of COD.

The influence of synthesis of active mass which has adopted the bisubstrate

postulate, immediately adds the dilemma of the reaction of the organism mass of dual

substrates. It has been suggested that the two substrates are acted on independently

by the same active mass and that the sludge synthesized is the total of these two

metabolic reactions.

3.4.1 Activated Sludge Model NO.1 (ASM1)

The International Association on Water Pollution Research (lAWPR) in 1983

established a Task Group on Mathematical Modeling for Design and Operation of

Activated Sludge Processes which developed the Activated Sludge Model NO.1

(ASMi) in 1987. When the ASM1 was published, biological phosphorus removal had

already being used in a limited capacity on full-scale treatment plants. The ASM1 is

simpler than UCT model having the capability of realistically describing the behaviour

of single sludge systems carrying out carbon oxidation, nitrification and denitrification.

3.4.2 Model Process Operation Rates

-< The task group developed the ASM1 model on the basis of the following

considerations:

• The establishment of a mathematical model involves balancing contradiction
requirements. This involves balancing on the one hand, a model
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which must include the large occurrences within a system in a degree which is
consistent with the known information about the system. Whilst on the other side, the
model equations must be soluble within certain reason and effort. The model solution
difficulty increases with the increasing series of processes. It is found the more closely
the process rate expressions resemble reality, the more difficulty they would be.

• Those processes which are essential to a real solution would be included by the
modeler who will select rate expression for them that allow the utilizing of simplified
solution methods without detracting from the applicability of the conclusion. This may
require the choice of greatly simplified rate expressions in many cases. Because the
rate expressions do not copy real-life events which occur in a system, they could be
used to simulate the outcome of those events.

• On the above base processes and rate expressions were selected to be included in
the model. The task group found the major events to focus on and choose the
simplest rate expressions consistent with them. The modifications of the UCT model
were proposed in terms of enmeshment-adsorption (storage) and in the volatilization
(hydrolysis) concepts. The task group rejected the concept that the biodegradable
particulate COD was adsorbed and stored on the organism mass. They proposed that
the enmeshed biodegradable material was hydrolyzed to readily biodegradable COD
and released to bulk liquid by the action of extracellular enzymes secreted by the
organisms. For the denitrification the group separated the processes of hydrolysis and
growth.

• Furthermore the task group developed the notion of switching functions to turn
process rate equations on and off as environmental conditions deem fit such as the
classical case of the electron acceptor present. Where the bacteria which are
responsible for nitrification would be capable of growth only under aerobic conditions
and their growth rate will drop to zero as the dissolved oxygen concentration
approaches zero, no matter the concentration of their energy yielding substrate. This
can be replicated by including dissolved oxygen 'switch' in the process rate equations.

The task group adopted the following oxygen switching function: So where So is
Ko+So

the concentration of dissolved oxygen. The choice of a small value for Ko indicates
that the value of the switching function is near unity under moderate dissolved oxygen
(DO) concentrations but decreases to zero as the DO concentration approaches zero.
Because the function is mathematically continuous this leads to the elimination of
problems of numerical instability which would happen during simulations which include
the rate equations that are switched on and off discontinuously. The alternative may
occur where the dissolved oxygen is absent which may be turned on by the following

switching function: Ko
Ko+So

3.4.3 The basic principles of the model building

A lot of assumptions and principles of the UCT model were accepted for development

of the ASM1 model. The primary focus of the task group was the predictions of

activated sludge concentration and not the concentrations of soluble constituents in

the vessels and tne electron acceptor requirements for the development of the model.

A matter of confusion has been lead by development of activated sludge theory due to

the inhibition of a regular measure of the concentration of organic material in
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wastewater. Three values have been measured and used: biochemical oxygen

demand (BOD), total organic carbon (TOC), and chemical oxygen demand (COD).

COD is the best measure because it alone provides a connection between electron

equivalents in the organic substrate, biomass and oxygen utilized (Gaudy and Gaudy,

1971). For COD, mass balances can be made and subsequently the concentrations of

all organic materials, including biomass are in COD units in the ASM1 model. COD

provides the link between electron equivalent in the organic substrate, the biomass

and the oxygen utilized. The organic matter may be tabulated into a number of

sections, (McKinney & Ooten, 1969) and (Dold et al.,1980). The first important

subclass is based on biodegradability.

3.4.3.1 The influence of non-biodegradable organic matter

The non-biodegradable organic matter passes through an activated sludge system in

a biologically inert fashion. The fractions can be divided into two depending on their

physical state, viz., soluble and particulate. The inert soluble organic matter SI

remains unchanged in concentration when it enters and leaves the system. The inert

suspended organic matter XI becomes enmeshed in the activated sludge and is

finally removed from the system through sludge wastage. Since the waste sludge flow

rate is smaller than the system inflow rate, a mass balance requires the concentration

of XI in the system to be higher than the inflow concentrations.

3.4.3.2 The influence of biodegradable organic matter

The biodegradable organic matter could be divided into two fractions, viz., readily

biodegradable and slowly biodegradable. For modeling purposes, the readily

biodegradable matter Ss is treated as soluble where the slowly biodegradable matter,

X s is treated as if it is particulate but this is certainly not the case because it could be

soluble. Ss consists of small molecules which are consumed by heterotrophic

bacteria and utilized for growth of biomass. A part of the energy (COD) in conjunction

with the molecules combined into the biomass and the balance is required for the

energy for synthesis. The electrons associated with that portion are transferred to

oxygen or nitrate which are known as exogenous electron acceptors. In comparison,
/'

X s consist of complex molecules which are digested and adsorbed extracellularly

and conversion into readily biodegradable substrate by means of hydrolysis which
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involves no energy utilization. Thus no utilization of electron acceptor associated with

it.

The X s has a specific rate of hydrolysis which is usually considerably lower than the

utilization specific rate of Ss' so that it becomes the rate-limiting factor in the growth

of biomass when X s alone is present as substrate. The hydrolysis rate is furthermore

lower under anoxic conditions (for the terminal electron acceptor there is only nitrate

available) than under aerobic situations and is apparently stopped under anaerobic

conditions (neither nitrate nor oxygen are present) as stated by van Haandel et al.

(1981). The branching of substrate into two forms provides a built-in lag in uptake of

electron acceptors that allows for space-time dependent differences in oxygen and

nitrate utilization to be modeled.

3.4.3.3 The influence of heterotrophic biomass

The Ss has heterotrophic biomass generated by growth on it under following situation

of either aerobic or anoxic conditions whereas under anaerobic conditions it is

assumed to be stopped. A whole of decay mechanisms come in play for when the

biomass is lost which involves endogenous metabolism, death, predation and lysis,

The decay is assumed to result in the conversion of biomass into X s and particulate

end products, X; which are inert and not prone to further biological attack as found

by Dold et al (1980). The latter is similar formalization to the endogenous mass of

McKinney and Ooten (1969) which act to reduce the viability of the suspended matter

in the bioreactor. The loss of the biomass by decay is assumed to occur at a rate

which is independent of the concentration (nature) of the electron acceptor present.

But the conversion of end product X s to form that can be used for regrowth of new

cells influenced by the electron acceptor.

3.4.3.4 The influence of nitrogenous matter

In VVWTP nitrogenous matter, like carbonaceous matter can be divided into two

different categories: non-biodegradable and biodegradable with further subdivisions,

The non-biodegradable fraction has a particulate part connected with the non-

biodegradable particulate COD whilst the soluble part is relatively small and not

included into the model. The biodegradable nitrogenous material may be divided into
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three branches, namely free saline ammonia, SNH ; soluble organic nitrogen, SND ; and

particulate organic nitrogen, X ND' The particulate organic nitrogen reacts by means of

hydrolysis to soluble organic nitrogen in conjunction with hydrolysis of slowly

biodegradable organic material whilst soluble organic nitrogen is acted on by

heterotrophic bacteria and converted to ammonia nitrogen. The nitrogen supply for the

synthesis for heterotrophic bacteria is served by ammonia nitrogen and as the energy

supply for the growth of autotrophic nitrifying bacteria which is converted to nitrate

nitrogen in a unitary step requiring oxygen. The terminal electron acceptor for

heterotrophic bacteria is served and formed by the nitrate under anoxic conditions with

the evolution of nitrogen gas. Either autotrophic or heterotrophic biomass of cell decay

leads to evolution of particulate organic nitrogen which can re-enter the cycle.

The ASM1 model is represented by its Peterson matrix given in Table 3.5

Table 3.5: ASM1 Peterson Matrix Model

-I

j Process ,

Component ..... 1 i I 2 3 4 S 6 7 8

. I
-IXIl- Y

A

9 10

SALK

II 12 13
Process Rate,PJ [ML·lT-lj

I Aerobic growth
of heterotrophs
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3.5 Fundamental Processes in the Peterson Matrix

There are four fundamental processes. They are growth of biomass, decay of

biomass, ammonification of organic nitrogen and hydrolysis of particulate organics

which are entrapped in the bioflocs. These processes are

Processes 1: Aerobic growth of heterotrophic biomass.

A fraction of the readily biodegradable substrate is used for growth of heterotrophic

biomass and the balance is oxidized for energy giving rise to an associated oxygen

demand. The growth is modeled using Monod kinetics. Ammonia is used as the

nitrogen source for synthesis and incorporated into the cell mass. Both the

concentration of Ss and So may be rate limiting for the growth process. This process

is generally the main contributor to the production of the new biomass and removal of

COD. It is also associated with an alkalinity change.

Process 2: Anoxic growth of heterotrophs

In the absence of oxygen the heterotrophic organisms are capable of using nitrate as

the terminal electron acceptor with Ss as substrate. The process will lead to a

production of heterotrophic biomass and nitrogen gas (denitrification). The nitrogen

gas is a result of the reduction of nitrate with associated alkalinity change. The same

Monod kinetics as used for the aerobic growth is applied except that the kinetic rate

expression is multiplied by a factor 1]g «1). This reduced rate could either be caused

by a lower maximum growth rate under anoxic conditions or because only a fraction of

the heterotrophic biomass is able to function with nitrate as electron acceptor.

Ammonia serves as the nitrogen source for cell synthesis, which in turn changes the

alkalinity.

Process 3: Aerobic growth of autotrophs

Ammonia is oxidized to nitrate via a single-step process (nitrification) resulting in

production of autotrophic biomass and giving rise to an associated oxygen demand.

Ammonia is also used as the nitrogen source for synthesis and incorporated into the

cell mass. The process has a marked effect on the alkalinity (both from the conversion

of ammonia into biomass and by the oxidation of ammonia to nitrate) and the total

oxygen demand. The effect on the amount of formed biomass is small as the yield of

the autotrophic rutrifiers is low. Once again the growth is modeled using Monod
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kinetics.

Process 4: Decay of heterotrophs

The process is modeled according to the death-regeneration hypothesis (Dold et al.,

1980). The organisms die at a certain rate and a portion of the material is considered

to be non-biodegradable and adds to the X; fraction. The remainder adds to the pool

of slowly biodegradable substrate. The organic nitrogen associated with the X s

becomes available as particulate organic nitrogen. No loss of COD is involved and no

electron acceptor is utilized. The process is assumed to continue with the same rate

under aerobic, anoxic and anaerobic conditions.

Process 5: Decay of autotrophs

The process is modeled in the same way as used to describe decays of heterotrophs.

Process 6: Ammonification of soluble organic nitrogen

Biodegradable soluble organic nitrogen is converted to free and saline ammonia in a

first-order process mediated by the active heterotrophs. Hydrogen ions consumed in

the conversion process results in an alkalinity change.

Process 7: Hydrolysis of entrapped organics

Slowly biodegradable substrate enmeshed in the sludge mass is broken down

extracellularly, producing readily biodegradable substrate available to the organisms

for growth. The process is modeled on the basis of surface reaction kinetics and

occurs under aerobic and anoxic conditions. The rate of hydrolysis is reduced under

anoxic conditions compared with aerobic conditions by a factor 1h «1). The rate is

also first-order with respect to the heterotrophic biomass present but saturates as the

amount of entrapped substrate becomes large in proportion to the biomass.

Process 8: Hydrolysis of entrapped organic nitrogen

Biodegradable particulate organic nitrogen is broken down to soluble organic nitrogen

at a rate defined by the hydrolysis reaction for entrapped organics described above.

3.6 Default values

The parameter values used by IAWPRC group are listed in the table for 10 0 C and

20 0 C. The values are given in Table 3.6.
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Table3.6: Typical parameter values at neutral pH

Symbol Unit Value at 20 Value at 10

oe oe

Stoichiometric

Parameters 9 cell COD formed (g N oxidised [" 0.24 0.24

YA

YH g cell COD formed (g COD oxidised'[" 0.67 0.67

Jp dimensionless 0.08 0.08

iXB g N(g COD) I in biomass 0.086 0.086

iXE g N(g COD)-1 in endogenous mass 0.06 0.06

Kinetic Parameters

J.1H day'" 6.0 3.0

Ks g COD m-3 20.0 20.0

KOH g 02 m 3 0.20 0.20

KNO g N03 -N m-3 0.50 0.50

bH day " 0.62 0.20

17g
dimensionless 0.8 0.8

17h - 0.4 0.4

kh g slowly biodegradable COD 3.0 1.0

(g cell CODday t
Kx g slowly biodegradable COD 0.03 0.01

(g cell CODt
~

day " 0.80 0.3J.1A

KNH g NH3 -N m" 1.0 1.0

KOA g02 m 3 0.4 0.4

ka m3COD(gday t 0.08 0.04
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3.6.1 Main differences between UCT and ASM1 biological models

The main difference between the models is in the way the slowly biodegradable

particulate carbonaceous matter is utilized during the processes of nitrification and

denitrification.

• In UCT model the product of hydrolysis of SBCOD are utilized directly by the
organisms

• In ASM1 model the products of hydrolysis are released as readily biodegradable COD
which is utilized

In UCT model utilization of the slowly biodegradable COD is independent of the

readily biodegradable COD. It involves four distinct phases (Ekama & Wentzel, 1999):

• Enmeshment - this is a physical phenomenon due to the flows in the process. It is
assumed to be instantaneous. The inflow slowly biodegradable substrate Sbpi is

transformed to enmeshed substrate Senm . The rate of transformation is not modelled.

• Adsorption of Senm onto the organism's active sites for breakdown. The transformation

is Senm to Sods and is determined by the rate of adsorption KA' This is a rapid process.
• Extracellular breakdown (hydrolysis) to simpler units which pass directly through the

cell wall for use. This is a process with slow rate.
• Metabolism/synthesis of the smaller molecules by the organisms.
• The rate of the phases 3) and 4) is limited by the rate of hydrolysis. This rate is related

to a concentration per unit of the active mass (SOdS / Z BH) and is expressed as:

(3.8)

The schematic diagram of the above four processes is given in (Ekama & Wentzel,

1999).

---+ Sbpi
I) Enmeshment

Enmeshed COD ---+Influent

Slowly biodegradable Senm
particulate COD

2) Adsorption

Active mass Z BH 3) Hydrolysis
Adsorbed COD Sads

4) Synthesis

Figure 3.2: Phases in utilization of slowly biodegradable COD in UCT model .
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The differences in the total utilization of the biodegradable COD , considering both

readily biodegradable and slowly biodegradable COD are shown on the following

schematic diagrams, (Ekama & Wentzel, 1999).

Synthesis on SB
Influent RBCOD Active
RBCOD Mass 1

--,.

Hl

1KSH +Sbs
Activer.. mass 1+2

SBH:
SBH

Hydrolysis
Synthesis

SBCOD
Adsorption

Enmeshed COD Adsorbed Active
COD mass 2

Figure 3.3 : Biodegradable COD utilization concept in UCT model

Influent Ssl _...
RBCOD!

Ss
f.1H XBH

KS +SS

RBCOD 1+2
() HActive

1Mass

SS2 Synthesis on
RBCOD

SBCOD Hydrolysis
RBCOD2Enmeshed _..

COD~Xs

k XS/XBH X
h BH

Kx +XS/XBH

Figure 3.4: Biodegradable COD utilization in the ASM1 model

These differences result in the fact that the adsorption process is not included in

ASM1 model equations and the number of variables in ASM1 model is 13 not 14 as in
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the UCT model.

3.7 Model assumptions, restrictions and simplifications

The model assumptions, restrictions and simplifications are made during the model

development and model use. They are very similar for both UCT and ASM1 model.

For the ASM1 model Henze et al. (1987) give a list of these assumptions and

restrictions, as follows:

• The system operates at constant temperature. The Arrhenius equation has to be used
to adjust the model parameters for different than 20° C temperatures.

• The pH e approximately neutral and constant. The alkalinity variable in the model can
be used to developed pH control.

• The nature of the organic matter in the given fractions is not changeable. On the basis
of this the coefficients in the rate expressions are assumed to have constant values.
This means that the model cannot describe properly changes in the wastewater
character.

• The limitation of the nitrogen, phosphorus and other inorganic nutrients on the
removal of the organic substrate and on the cell growth is not considered. This means
enough amounts of these nutrients have to be present for balanced growth.

• The correction factors for denitrification are fixed and constant for given wastewater.
• The coefficients for nitrification are assumed to be constant and to include also the

inhibitory influence of other waste components.
• The heterotrophic biomass is homogeneous and does not change with its species with

time. This assumption can have effect on the sludge settleability.
• The entrapment of particulate organic material in the biomass is assumed to be

instantaneous.
• Hydrolysis of organic matter and organic nitrogen are coupled and occur

simultaneously with equal rates.
• The type of electron acceptor present in the different tanks does not affect the loss of

active biomass by decay.

3.8 Mass balance models

According to Billings and Dold (1988, Part1&2), (Mazouni et aI., 2004), (Rauh et aI.,

2004a), (Bernard, 2002) and (Copp, 2002), in the biological wastewater treatment

system growth is harnessed in a plethora of applications. In sewage treatment the

objective is to minimize the residual soluble material and it is useful to quantify the

system behaviour on the basis of a model of the process (Manesis et al., 1998). Since

biological growth is a key feature in this application, it is likely that consideration is

given to setting up and solving a mathematical model (Keirn-Jesperson & Henze,

1993), "(Marsili-Libelli et al., 2000), (Murnleitner et al., 1997) and (Smolder et al.,

1995). The computer simulation program for predicting the response of a biological

system can be implemented on the basis of a mathematical model.
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The mass balance equations are developed under the assumptions made for the

biological models and additionally made for the physical processes

• All reactors are completely mixed
• Municipal wastewater is used only
• The waste flow is taken from the last reactor
• The settling tank is efficient 100%. All particulates are recycled. The effluent contains

only soluble material. No biological reactions occur in the settling tank, which is
treated as a separation point with no hold-up

• The settler has different mass balances for the particulate and soluble compounds

The mathematical model derivation of a given wastewater treatment process is based

on the use of mass balance laws for every of its tanks. The basic expression for the

mass balance within any defined system boundary is:

[
Rate of ] [Rate of] [Rate Of] [Rate of production]
accumulation = input - output + in the reaction

(3.9)

The input and output terms are transport terms modelled using the physical

characteristics of the system. The steady state conditions prevail where the flow rates

and concentrations (inputs) of the biological reaction system remain constant. The

rates for production by reaction of the soluble organic matter S] and particulate

organic matter Xi are zero "s: =O,rXi =0.

3.8.1 Mass balance equations for the COST Benchmark process structure

3.8.2 Plant layout

The COST Benchmark process structure is developed by the COST 682 working

group for comparison and verifying of different simulators and control strategies

(Copp, 2002). The Benchmark format has 2 anoxic tanks, 3 aerobic tanks and a

secondary settler with two recycle flows (from aerobic tank 5 to the input and from the

settler to the input) as depicted in Figure.3.6, where: Qo is the input flow rate, Qa is

the internal recycle flow rate, Qk' k = 1,5 is the output flow rate of the k-th tank, Qr is

the recycle flow rate, Qe is the effluent flow rate, and Qw is the waste flow rate, Z is

the vector of the waste concentrations in the wastewater

of the kth tank, k is the tank number.
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Figure 3.5: Wastewater treatment plant layout of the Benchmark model

3.8.3 Plant specifications

The process is characterized with the values of the flow rates and the tanks' volumes,

as is given in the Table 3.7

Table 3.7: Benchmark plant specifications

Anoxic volume Vanoxic 1000 mO

Aerobic volume Vaerobic 1333 rrr'
Settler volume V settler 6000 m"

Degree of sludge recirculation Qr 18 446 m~/day

Internal recirculation flow rate Qa 55338 mO/day

Waste flow rate Qw 385 m~/day (sludge age = 10 days)

Influent flow c. 18446 mO/day

The mass balance equations deduced from the plant lay-out for each individual tank

are as follows.

• tank 1 anoxic

dz, 1 ( )dt = ~ Qaza +Qrzr +Qozo +r]~ -Q]z[ ,Q] =Qa +Qr +Qo

• tank 2 anoxic, and tank 3, 4 & 5 aerobic

(3.10)

dZk 1 ( ) --d = - Qk-]Zk-l + rkVk - QkZk , Qk = Qk-J> k = 3,5
t Vk

• tanks 3 - 5 aerobic, special case of oxygen concentration balance (SO,k)

d~,k =: (Qk-lSO,k-l +(KLa\Vk(So,SAT -SO,J=-QkSO,k)
k

(3.11 )

(3.12)

where the concentration at saturation of oxygen is So SAT' rk, k = 3,5 is
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the rate of the biological processes in the corresponding tank

• balance for settler

The input to the settler for the concentration vector and flow can be expressed as

ZF =Z5' Zw =Zr' QF = Q5 -Qa =Qo +Qa +Qr -Qa =Qo +Qr
QF = Qo + Qr = Qe + Qw + Qr ~ Q, = Qo + Qr - Qw - Qr = Qo - Qw '

where for micro organisms and particulate materials, the effluent concentration is

ze =0, then the balance for the settler is (Qo + Qr)zs = Qrzr + Qwzr + Qeze '

(Q + Q)z = (Q + Q )z + Q Z or Z = (k?o + Qr)zs - Qeze .
o r 5 r w ree' r Q Qr+ (i)

(3.13)

As for the particulate compounds ze = 0 , then

z = (k?o + Qr)zs = Az where A = Qo + Qr
r Q s'

r + Qw Qr +Qw
(3.14)

For the soluble compounds then

(3.15)

3.9 Discrete form of the equations

The discrete form of the equations is developed for the simplification of the computer

simulation. Introducing sampling with interval M , the derivatives for all equations are

presented as first a difference

dz = z(k+1)-z(k) =f(z) (3.16)
dt !1t

and z(k + 1)= z(k)+ !1tf(z) is the discrete equation describing the concentration of

the moment (k+1) on the basis of the concentration at the k-th moment. The common

equations for tanks are as follows:

(3.17)

(3.18)

Z2(k + 1) = z2(k)+ ~t [(Qo + Qa + QrXz] (k)- z2(k))]+ rz2.M
2

(3.19)

Z3(k + 1) = Z3(k)+ ~t [(Qo + Qa + Qr XZ2 (k)- z3(k))]+ rz3.M
3

(3.20)
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(3.21 )

(3.22)

The equations for the oxygen for tanks 3 to 5 are:

S03(k + 1)= S03(k)+ M [Q3 (Sm (k)- S03(k))]+ t1.trS03 + t1.tKta3(SOSAT - S03 (k)) (3.23)
V3

3.9.1 Mass balance equations for the Mitchell's Plain wastewater treatment plant

Mitchell's Plain plant is situated in the south part of Cape Town. The structure of the

Mitchell's Plain plant is shown on Figure 3.6. This process consists of one anaerobic,

one anoxic and one aerobic reactor. The secondary settler is placed after the aerobic

tank. The process has two recycles-returns from the settler and internal one from the

end of the aerobic tank to the input of the anoxic tank.

3.9.1.1 Plant layout

The incoming raw sewage which is the influent enters the anaerobic reactor, which

has no oxygen and no presence of nitrates and nitrites, then proceeds further. The

partially treated sludge enters the anoxic reactor which resides in the presence of

nitrates and nitrites. Then enters the aerobic tank where it is treated with dissolved

oxygen resulting in activated sludge. The activated sludge is dewatered and surplus

sludge recycled to the anoxic tank. There is a recycle between the aerobic tank and

the anoxic tank.

Figure 3.6: Mitchell's Plain wastewater treatment plant configuration
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3.9.1.2 Plant Specifications

The values for the plant's volumes of the tanks and flow rates are given in Table 3.8.

Table 3.8: Plant specifications of Mitchell's Plain

Anoxic volume Vanoxic 1598,3 m3

Aerobic volume Vaerobic 3727,1 m3

Anaerobic volume Vanaerobic 914,3 m3

Degree of sludge Qr 30200 m3 /day
Internal recycle Qa 93000 m3/day
Waste flow rate Qw 397 m3/day
Influent Qo 31 500 m3/day

A derivation of the mass balance equations for the Mitchell's Plain wastewater

treatment plant is based on the flow rates, volumes of the tanks and the

concentrations of the process variables.

g=G+Q. (3.26)

Q2 =Q +Q, ={1 +Q. +Q, (3.27)

•

dZ3 _ 1 [ ]- -- Q2Z2 +r3V3 -Q3Z3
dt V3

tank 3, dissolved oxygen balance

d~,3 = ~ [Q2S0,2 +rO,3V3 +(KL a)3 V3(SOSAT -SO,3)-Q3S0,3]
3

settler balance, Q4 is input for the settler.
Q4 = Q3 -Qa -Q",

~=~-Q=g-Q-~-Q=~+Q+Q-Q-~-Q=~-~

(3.28)

(3.29)

•

(3.30)

The concentration for the particulate compounds is ze = 0, Zw = Z3' Then the balance

for the settler is

(3.31)
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The concentration for the soluble compounds is ze *- 0, Ze = z3' Then the balance for

the settler is

QeZ3 = (Q3 - Qa -QJZ3 -Qrzr (3.32)

Qrzr = (Q3 -Qa -Qw -QJZ3 =(Qo +Qr +Qa -Qa -Qw -Qo +QW)Z3 =Qrz3 or z , =Z3

(3.33)

For the soluble compounds the concentrations of the return recycle are equal to the

concentration of the output flow of the third tank:

SND r = SND 3 , SALK r = SALK 3 , SNob r = SNob 3 (3.34)

For the particulate compounds the concentrations of the return recycle are equal to

the concentration of the output flow of the third tank multiplied by the ratio

A = Qr +Qo -Qw ,as follows:
Qr

(3.35)

The mass balance equations can now be simplified.

• tank 1, anaerobic

For soluble compounds

(3.36)

For particulate compounds

(3.37)

• tank 2, anoxic

For the soluble and particulate compounds

dZ2 = _1 [QIZI +Qaz3 -Q2z2]+r2 =_1 [(Qo +Qr)ZI +Qaz3 -(Qo +Qr +QJz2]+r2
dl V2 V2
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=~ [(Qo +QrXZl -Z2)+Qa(Z3 -Z2)]+r2
2

(3.38)

• tank 3, aerobic

For the soluble and particulate compounds

dZ3 = _!_[Q2Z2 -Q3zJ+r3 =_1 [(Qo +Qr +QJZ2 -(Qo +Qr +QJzJ+r3=
dt V3 V3

1
=-[(Qo +Qr +QaXZ2 -z3)]+r3V3

For the dissolved oxygen concentration - soluble and particulate compounds

dSo,3 = _1 [Q2S0 2 -Q3S0 3]+ ro 3 +(KLJ3 (So sat -SO J=dt V3 ' " "

=; [(Qo +Qr +QaXSo,2 -SO,3)]+rO,3 +(KLJ3(SOSAT -SO,3)
3

(3.39)

(3.40)

3.9.2 Mass balance equations for the Athlone wastewater treatment plant
3.9.2.1 Plant layout

Athlone treatment plant consists of anaerobic, anoxic and aerobic tanks, Figure 3.8,

connected according to the UCT process technology (Dold et ai, 1991; Dold et ai,

1980). The process has one return activated sludge recycle and two internal recycles-

from the end of the aerobic to the input of the anoxic tank and from the end of the

anoxic to the input of anaerobic tank. The Athlone plant is situated in the northern part

of Cape Town.

Qr

Figure 3.7: Athlone plant configuration

3.9.2.2 Plant Specifications

The values of the flow rates and volumes for the process are given in Table 3.9.
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Table 3.9: Athlone plant specifications

Anaerobic volume Vanaerobic 1148 rn"
Anoxic volume Vanoxic 1148 rn"
Aerobic volume Vaerobic 5273 m"
Internal recirculation flow rate 2 Oa 39916.8 m~/day
Return recycle flow rate Or 40003.2 m~/day
Internal recirculation flow rate 1 aD 39916.8 mO/day
Waste flow rate Ow 3840 mS/day
Influent flow 00 40003 mO/day

Mass balance equations are derived for every tank, as follows:

The flow rates for every tank are

a=~+~, ~=a+~+~=~+~+~+~

Q3= Q2 = Qp +Qo +Qr +Qa

(3.41 )

(3.42)

(3.43)

tank 1, anaerobic

dz; 1 [ ]- = - Qozo + QpZ2 - Q]z] + V;r]
dl V;

tank 2, anoxic

(3.44)

(3.45)

tank 3, aerobic

dZ3 1 [ ]- = - Q2Z2 - Q3Z3 + V3r3dl V3

tank 3, dissolved oxygen balance

dSo.3 =_1 [Q2S02 -Q3S03]+r03 +(KLJ3(SOSAT -SoJdl ~ . , , ,

settler, Q4 is the input to the settler

(3.46)

(3.47)

Q4 = Q3 -Qa -Qw

~=~-~=~-~-~-~=~+~+~+~-~-~-~=

=Qp + Qo -Qw

(3.48)

(3.49)

Concentration in the settler for the particulate compounds is ze = 0, Zw = Z3 .Then the

balance for settler for particulate is

( ) Z = (Qp +Qo +Qr -Qw)Z3 = 1_
Qe'O = Q4Z3 -QrZr = Q3 -Qa -Qw Z3 -QrZr' r Qr /1.,;:;3 (3.50)
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Concentration in the settler for the soluble compounds is Ze :::j; 0 , Ze = Z3 . Then the

balance for settler for soluble is

QeZ3 = (Q4Z3 - QrzJ = (Q3 - Qa - QJZ3 - QrZr = (Qp + Qo + Qr + Qa - Qa - Qw)Z3 - QrZr

After some transformations it is obtained

(3.51 )

The soluble compounds are

SJ r = S13 , Ss r = Ss 3 , X X r = X S 3 , So r = So 3 , SNO r = SNO 3 , SNH r = SNH 3

SND r = SND 3 , SALK r = SALK 3

(3.52)

. Q +Q +Q -Q,The particulate compounds for ,A, = pOr" are
Qr

(3.53)

The mass balance equations for the tanks can be written according to the types of the

compounds. The equations for the tanks 1 and 3 are the same as Equations (3.44)

and (3.46). The equation for the tank 2 is:

For the particulate compounds

dZ2 =_!_[QjZj +Qaz3 +Q>lz3 -Qzz2]+r2 =_!_[QjZj -Q2ZZ +(Qa +,A,Qr)Z3]+r2m ~ ~
For the soluble compounds

dZ2 =_1 [QjZj +Qaz3 +Qrz3 -Qzz2]+r2 =_1 [QjZj -Qzzz +(Qa +QJz3]+r2
dt V2 Vz

The discrete form of the obtained mass balance equations can be obtained in

(3.54)

(3.55)

the same way as for the Benchmark and Mitchell's Plain plant models.

3.10 Conclusion

The system and a model of the system have been defined within a certain

mathematical nomenclature. Some important criteria for process model development

have been defined and various model types have been named.

The biological models such as UCT model and Activated Sludge model NO.1 have

been described as complex mechanistic models. The default values for kinetic,

stoichiometric and switching functions of these two models are given. The similarities

and differences in the model building principles for both models are discussed.
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Three plant structures - Benchmark, Mitchell's Plain and Athlone are introduced and

described. Their mathematical models on the basis of mass balances for every tank

and every process component are derived. These models will be used further in

Chapter 4 for development of the corresponding reduced models, that can be used for

real time estimation and optimal control.
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CHAPTER FOUR

DEVELOPMENT OF REDUCED BIOLOGICAL AND MASS BALANCE

MODELS OF THE ACTIVATED SLUDGE PROCESS

4.1 Introduction

This chapter elucidates the need for reduced model development of both the ASM1 and

UCT models where the assumptions for model reduction are also studied. The

dissolved oxygen concentration is considered as a control input for the reduced models.

The ASM1 reduced model and UCT reduced biological model are studied where the

parameters are established for the parameter estimation determined in Chapter 6.

The mass balance equations for the three wastewater treatment plants viz., Benchmark,

Mitchell's Plain and Athlone are developed in this Chapter on the basis of the reduced

UCT and ASM1 biological models. The matrices and vectors for each of the plants are

separately developed and the reduced model characteristics are compared and

contrasted.

4.2 The need for reduced model development

Many authors have noted the difficulty of developing nonlinear models necessary for the

real time control as nonlinear model predictive control. One reason for the difficulties is

that the proper model strongly depends on initially selection of a reasonable structure of

this model (Pearson, 2003).

The practical difficulty of nonlinear dynamic model development arises from several

sources, from which the main two are: the model utility can be measured in several,

general conflicting ways and the class of nonlinear models does not exhibit the unity

that the class of linear models does.

Pearson gives a list of four important measures of model utility.

• approximation accuracy
• physical interpretation
• suitability for control
• ease of development
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Fundamental models are generally far superior to empirical and semi-empirical ones

with respect to the first two criteria but they can not give good response to the last two

criteria.

In contrast, the most popular models for process control application are low-order linear

models despite their inability to approximate a wide range of important qualitative

behaviour. This is due to the fact that these models are very good according to the last

two criteria despite their limitations towards the first ones. The nonlinear models with

moderate complexity are some compromise between the two groups, especially if they

are based on the "grey box" conceptions. The second key difficulty with nonlinear

dynamic model development is the enormous structure heterogeneity that models have.

The main objectives of the WWTP operations are (Jeppson, 1996)

• maintaining liquid and sludge inventories
• maintaining required effluent quality
• disturbance rejection
• efficient operation and reduction of cost through proper monitoring and control

Major difficulties when attempting to control the ASP following the above objectives are:

• When one variable in the process is manipulated it affects a large number of
measurable variables in a complex way. Over a longer period of time the total system
behaviour may change considerably. The ideal situation would naturally be that a
change of one control variable would produce a well defined response in one process
variable; instead the situation is practically the opposite. This is the indication that it may
be necessary to use control strategies based on multi-variable control to solve the
problems in some cases.

• From a modeling point of view a similar problem exists. Changing process behaviour
will naturally have an impact on the microbial population in the system as the
microorganisms adapt to a new environmental conditions (due to changing in
characteristics, operational modifications, physical, chemical reactions, etc.). The model
parameters can consequently not be regarded as constants but must be dynamically
updated as the plant conditions change. More adequate and adaptive models are
necessary in order to predict both the long and short term behaviour of the AS system
and to determine and implement better control strategies.

The most popular mathematical description of the biological processes in the reactors

for nitrogen and carbon removal is the Activated Sludge Model NO.1 (ASM1 ).The model

contains 13 different components, 20 parameters and eight models representing

biological processes in the wastewater treatment plants. The first ever-developed
'"model, UCT biological model consists of 14 components, 14 processes and 21

parameters. The Peterson matrix representations of the two models are shown in

Chapter 3. The full models are used for design, prediction, simulation, control purposes.
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Biological model of the activated sludge process that incorporate kinetics of the ASM1

or UCT models are large and complex. If these models are coupled with the model of

the associated equipment such as secondary settling tank, return sludge tank, this will

result in an increased complexity of the entire model of the process. For real time

parameter and state estimation, monitoring and control, a reduction of the order of the

high dimensional model is required.

Due to the complexity of the full models, the reduced versions of the models are used

for the purpose of computational solutions. The full models are hard to calibrate in real

time and use directly for control purposes. They are also time consuming and computer

intensive. A reduced model is a more feasible model for controller design as well as has

to be a good approximation of the full model.

The different process time scales allow many control actions to be decoupled. As a

result, slow phenomena can be controlled while considering the fast dynamics

instantaneous. For the control of fast varying variables, the slow modes are considered

constant. This approach is also useful for model development, in the sense that models

can be simplified based on their range of applicability in time domain. From a complete

set of models, describing the different dynamics of the process, a fairly simple model

suited for the specific purpose can be selected.

Different methods and techniques have been applied for reducing the high dimensional

models of the activated sludge process. The first one was based on some qualitative

assumptions based on the lAWa model NO.1 (Jeppson & Olson, 1993). Another

assumption is reported in (Jannssen, Hopkins, Petersen & Vanrolleghem, 2000).The

developed by Jeppson and Olson model is applied by (Ayesa, Oyarbide, Larrea &

Garcia-Heras, 1995) in the evaluation of observability of two wastewater plants. Another

used technique is the singular perturbation (Kokotovic, O'Malley & Sannuti, 1976). It is

applied by (Steffens, Lant & Newell, 1997) to carbon removal and nitrifying ASP.

There are other techniques proposed for different types of processes and still have not

been used for wastewater plants. One of the first is of retaining the dominant system

eigenvalues and eigenvectors (Davison, 1966). Similar technique in frequency domain

was proposed by (Langholz & Feinmesser, 1978). The reduced order model based on

system poles was not optimized.
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An optimal reduced order model was proposed in (Wilson, 1974) and (Lepschy, Mian &

Viaro, 1987). Optimization of the reduced model in the frequency domain was

developed by (Luus, 1980). The above optimization techniques suffer from bad

convergence of the optimization process.

Good improvement in reduced model automation is achieved in (Moore, 1981) using the

balanced truncating method and in (Glover, 1984) using the optimal Hankel norm

approximation. These techniques are simpler and require fewer computations (Safanov

& Chiang, 1989), (Latham & Anderson, 1985), (AI-Saggaf & Franklin, 1988), (Wisnewski

& Doyle, 1996).

A number of new computational algorithms were lately proposed to improve the

practical applications of the methods. Halevi, Ziochevsky & Gilat (1997) proposed an

algorithm for updating optimum reduced order model either on-line or off-line based on

the series expansion. Beck, Doyle & Glover (1996) used linear fraction transformation

technique together with the balanced truncation technique of Moore to reduce the model

of MIMO systems with uncertainties. In ( Lee, Wang & Newell, 2002) a linear reduced

order state space model is developed for the ASP described by partial differential

equations based on the kinetics of ASM2.

On the basis of the analysis of the literature describing the reduced order model

development it can be concluded that the requirements to be followed when the

reduced model is developed from control engineering point of view (Lee, Wang &

Newell, 2002) can be stated in the following way:

• Simplification of the best available process model in such a way that the design of a
control system utilizing the reduced order model is able to meet certain specifications

• Fictitious and unobservable or uncontrollable states generated by the model reduction
algorithm can be systematically "stripped" away

• If modern control methods such as linear quadratic Gaussian LOG or HB (l-i-norm
methods like H-infinity) control laws are to be employed for controlling the process,
usage of the reduced-order model can significantly reduce the control law complexity
without pronounced change in control system performance.

The reduced models in the thesis are developed for the purpose of state and parameter

estimation in real time and for a process optimization in real time. First reduced

biological models are developed for the ASM1 and UCT biological models. Using the

mass-balance models developed for the Benchmark, Athlone and Mitchell's Plain

plants, the respective reduced mass balance models are proposed.
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4.3 Assumptions for the development of the reduced biological models

The reduced order model is developed based on a number of simplifying assumptions.

Comparison of the behaviour of the reduced and the full model has performed,

considering different types of process operations in Chapter 6.

The basis for development of reliable mathematical model is a thorough understanding

of the involved processes. The aim of the work is to develop reduced order models

which can adequately describe both carbonaceous and nitrogenous activities for the

purpose of on-line control. A fundamental requirement is that the models contain a

minimum number of state variables and parameters to allow for model identification

based on available on-line measurements and for on-line calculation of the process

optimal control.

The reduction is not based on the general mathematical methods for reduction of

nonlinear models mentioned in the previous considerations above. It is based on the

traditional reasoning and means of analysis of the ASP characteristics. The reduced

biological models are developed for

• IAWQ No.1-(ASM1) model
• UCT model

The aim is to follow the same principles of development of every one of these models

and to preserve the differences between them according the process of adsorption and

hydrolysis.

The reduced models will be used for control of the carbon and nitrogen removal using

control of the dissolved oxygen concentration in the aeration tanks. The carbon and

nitrogen removal dynamics are considered in comparison with the dynamics of all

process variables. The activated sludge process dynamics can be decomposed in 3

time scales with time constants values equal to

• weeks or months - the process variables with these characteristics are the
heterotrophic and autotrophic microorganisms and slowly biodegradable biomass.

• hours - the process variables with these characteristics are carbonaceous and
nitrogenous substrates and the inflow flow rate and concentrations.

• minutes - the process variables with these characteristics are the physico-chemical
variables such as dissolved oxygen, pH, conductivity, redox potential.
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The main disturbances over the activated sludge process are the load disturbances

determined by the inflow flow rate and waste concentrations. The control of the ASP will

be effective if it can overcome the effect of the inflow disturbances. This means that the

model of the process has to have dynamics in the same time scale as these of the

disturbances. That is why for the purpose of optimal control of the process the

calculation of the optimal control can be done using a reduced model of the process in

which only dynamics of the carbonaceous and nitrogenous substrate and inflow

disturbances are included. It is possible to neglect the equations from the full biological

model describing the concentrations of X s .X BA, X BH, for the ASM1 model and

Senm' Z BH' Z BA for the UCT model because they have a couple of time slower

dynamics and can be considered to be in a steady state. It is also possible to neglect

the equation for dissolved oxygen concentration because it is used to design a

controller for the control of this concentration. Its dynamics are couple times faster than

the dynamics of the substrate concentrations and it can be assumed that the value of

the DO is equal of this of the required set-point. The dissolved oxygen concentration as

a control variable is included in the switching functions of the process rates.

Then the reduced biological model is proposed to consist from three equations for the

three variables - concentrations of ammonia SNH, nitrate SNO and biodegradable

substrate Ss.

Models for on-line control must be related to quantities and variables which are possible

to be measured on-line. This is especially important as the model parameters are not

constant but vary with time and operational conditions. The following set of quality

variables are assumed to be measured on-line for the purpose of the model parameter

estimation:

• biodegradable organic substrate concentration - Ss
• ammonia nitrogen concentration - SNH

• nitrate nitrogen concentration - SNO

• volumetric flow rates - Q
• Dissolved oxygen concentration - So

The reduced model equations include different biochemical processes, according to the

corresponding Peterson matrix. Not all processes are incorporated in the model. Some
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reasoning for the simplification is based on physical and biological viewpoints mainly on

a discussion how the following components are treated in the model:

• dissolved oxygen
• organic matter
• nitrogen
• microorganisms

4.3.1 Dissolved oxygen concentration

For the reduced models states, measurements of the DO concentration are not

considered although the DO sensor is usually regarded as the most reliable on-line

instrument for the ASP. This is because the DO concentration is excluded as a state

variable. There are 2 possibilities which are accepted for DO concentration variable in

the proposed reduced model:

• DO is a control variable for the biological model and its value is optimized through
solution of an optimal control problem with given criterion

• it is assumed that DO is separately controlled on a routine basis according to its optimal
trajectory obtained from the optimal control problem solution.

The effect of DO changes can be combined with other inhibitory circumstances and

reflected as variations in the estimated growth rate factors. In ASM1 and UCT models

switching functions to single out the effect of different concentrations are used and this

will be kept in the reduced model.

4.3.2 Description of the organic matter for the reduced model

The four fractions of the organic matter S I (soluble inert organic matter), Ss (readily

biodegradable organic matter), XI and Xp (particulate inert organic matter) and Xs
(slowly biodegradable organic matter) are replaced by a simple variable Ss' which is

considered to be made up of all biodegradable organic matter and is assumed to be

directly measurable

This approach can be motivated following (Jeppson, 1996)

• The two inert fractions are not important from a biological point of view. The SI
fraction simply follows the wastewater flow and passes from the WWTP without having
any effect. The particulate inert fraction is used for prediction the total amount of sludge
in the system to determine wastage and recirculation rates. Variations of the amount of
sludge in the system are a slow process and, consequently, it is not necessary to
include this in a model for control with a prediction over hours.

• On the other hand the two biodegradable fractions are of utmost importance for
describing the biological reactions. Ss is considered to be directly available for the
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microorganisms, while Xs first has to be enzymatically broken down into Ss (the
hydrolysis mechanism) before the organisms can use it for metabolism. The dynamics
of X s are very slow (days), the hydrolysis process is also, not very well understood.
The IAWQ description of it is quite complex, but it is still a simplification of the true
reaction. Due to the slow dynamics, uncertainty and complex description of the
mechanism it is not included in the reduced order model.

• Another reason for lumping the biodegradable organic matter together is the difficulty of

measuring the Ss and X s fractions separately. On-line respirometer can be used to
determine the so-called short-term COD content of wastewater. In practice, COD
measurement on filtered samples of wastewater is often considered to be equal to the
amount of Ss.

4.3.3 Nitrogen consumption

The considered nitrogen fractions in the ASM1 and UCT models are four:

• nitrate and nitrite nitrogen SNO

• ammonia nitrogen SNH

• soluble biodegradable organic nitrogen SND

• particulate biodegradable organic nitrogen X ND

The only two nitrogen fractions included in the reduced models are the nitrate nitrogen

SNO and the ammonia nitrogen SNH' which are both assumed to be measured on-line.

The reasons for this selection are:

• To reduce the complexity of the model structure and the number of parameters
• The two organic fractions SND and X ND primarily describe the internal formation of SNH

by hydrolysis and ammonification. (Jeppson, 1996) proposes that as in the reduced
model ammonia nitrogen is assumed to be measured, therefore, its formation
mechanism is not considered to be crucial for control purposes. Moreover, as the
hydrolysis mechanism was excluded to describe the transformation of the organic
matter it should consequently not be used to describe the transformation of nitrogen (as
it is basically the same process). (Lucasse et aI., 1999) proposes that the equation for
the soluble biodegradable organic nitrogen SND to be not included if the input

concentration of SNH,in is multiplied by a factor of f. This is based on the knowledge
that a certain percentage (around 20%) of the influent nitrogen is entrapped in organic
components and it is also ammonified. Then f can be selected as f = 1.2. The later is
accepted in the thesis.

4.3.4 Microorganism components

The two types of microorganisms are maintained in the reduced models, Le. active

heterotrophic biomass (X BH)' and active autotrophic biomass (X BJ are with slow

dynamics and are accepted constant.
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4.4 Reduced ASM1 biological model

4.4.1 Biological processes included in the reduced model

Aerobic growth of heterotrophs XSH for the degrading of organic matter, Anoxic growth

of heterotrophs for de-nitrification process, Aerobic growth of Autotrophs XSA for

nitrification process and lastly the hydrolysis of entrapped organics nitrogen are the

processes that characterize the dynamic behaviour of the three components used in

describing the removal of carbon and nitrogen:

• Soluble ammonium nitrogen SNH

• Soluble nitrate nitrogen SNO
• Soluble readily biodegradable substrate Ss

The Peterson matrix for the reduced ASM1 model is given in Table 4.1.

Table 4.1: The reduced ASM1 biological model in a matrix format
Cornpound+e l SSn SNOn SNHn Pnj (n = tank, j = state)
process.J.. j

1. Aerobic growth 1 0 -iXB
A ( SSn J( SOn Jx--

of heterotrophs YH J.!H Ks + SSn KOH + SOn BH.

2. Anoxic growth 1 _ l-YH -iXB
A { ~ IKoH ISNQ ~

--
of heterotrophs YH 2.86YH 11 Ks+~ KowSq, KNctSNq Ij,

3. Aerobic growth 0 1 1
A ( SNHn J( SOn Jx- -i --

of autotrophs YA XE ~ J.!A BAn
KNH + SNHn KOA + SOn

4. Hydrolysis 1 0 0
( x, IX Jk X n B(1,

h B(1, x, +~n IXs(1,

[[Ko:Son ]+%[Ko;~n IKN~~Nq J]

The biological behavior of each component is described by the following set of nonlinear

differential equations taken from the Peterson matrix table above.

(4.1 )

(4.2)
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r" +:H~H(K,~SJK,::S}H ]-[ :H"H(K,~J K~~~JK::S}Hq, 1+ (4.3)

+k{ Kx:(~::;BH)I (Ko::SoJ+ry{ K~:~NOXK~:SoJ ]XBH
The 14 process parameters used in the reduced ASM1 model and their typical values

are given in Table 4.2. As not all processes are included in the reduced model the

typical values of the parameters cannot be used anymore. The new values have to be

determined in such a way that the behaviour of the reduced model is very close to this

of the full model. This will be done through parameter estimation method developed in

Chapter 6.

Table 4.2: ASM1 process parameters with their common values

Symbol Value Explanation

YA 0.24 Autotrophic biomass yield

YH 0.67 Heterotrophic biomass yield

iXB 0.086 Nitrogen mass per mass of COD in biomass

/JA 0.8 Maximum specific growth rate autotrophic biomass

/JH 6 Maximum specific growth rate heterotrophic biomass

Ks 20 Half saturation coefficient for heterotrophic biomass

KOH 0.2 Oxygen half saturation coefficient for heterotrophic biomass

KNO 0.5 Nitrate for denitrifying heterotrophs

KNH 1.0 Ammonium half saturation coefficient for autotrophic biomass

KOA 0.4 Oxygen half saturation coefficient for autotrophic biomass

?g 0.8 Correction factor for I-lH under anoxic conditions

?h DA Correction factor for hydrolysis under anoxic conditions

kh 3 Maximum hydrolysis rate

Kx 0.03 Half saturation coefficient for hydrolysis of slowly biodegradable

substrate

4.5 Reduced UCT biological model

The differences in the two full models, discussed in chapter 3.2.2.3 determine

differences in the reduced model structures- the reduced UCT model includes on the

place of the hydrolysis process four processes for the aerobic (2) and anoxic (2) growth

of heterotrophs on the Sads and one adsorption of Senm process. This means that an

additional variable (compound) Sads is included. All considerations made for the

ammonia and organic nitrogen for the ASM1 biological model are the same for the UCT
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biological model. The parameter f = 1.2 is introduced to substitute SND compound. As a

result the model has ten processes describing the removal of nitrogen and carbon from

wastewater. The ASM1 notation is accepted also for the UCT model in order to follow

the mathematical equations development in the unified way. The correspondence

between the notations for the variables in the ASM1 and UCT models is:

• Soluble ammonium nitrogen SNH - Na in the notation of the UCT model
• Soluble nitrate nitrogen SNO - N03 in the notation of the UCT model
• Soluble biodegradable substrate Ss - Sbs in the notation of the UCT model
• Particulate biodegradable substrate adsorbed - Sads in the notation of the UCT model.

• Particulate slowly biodegradable substrate Xs- Senm in the notation of the UCT model.

• Active heterotroph biomass X BH - Z BH in the notation of the UCT model.
• Active autotroph biomass X BA - Z BA in the notation of the UCT model.

The representation of the UCT reduced model is given in Table 4.3 where the

compounds are represented using the ASM1 model notations. The reduced UCT model

has 16 parameters, Table 4.4. Their original notations are used in the Peterson matrix in

to distinguish the reduced models. These parameters are determined by parameter

estimating method described in Chapter 6.

Table 4.3: The reduced UCT biological model in a matrix format
Cornpound+e-i «: Ss SNH SNO Process rates, Pj
process-l- j

1) Aerobic growth 0 1 - fZ8,H 0
• [ Ss J[ So J[ SNH J--of XBH on YZH

Jl
H

Ks+Ss KoH+So KHA+SNH XBH

Ss with SNH

2) Aerobic growth 0 1 0 - fZB,H--of XBH on YZH

(S)( X 1 SNO JSs WiiJI SNO
PIf -' __ S_o _ KHA X

BH
Ks +Ss KOlf +So Kw. +SNH KNO +SNO

3) Anoxic growth 0 1 - fZ8,H _ 1- YZH
fil-Ss r~r-~-X~Jx--of XBH on YZH 2.86 YZH H Ks+Ss KOII+So KHA+SNH KNO+SNO BH

SS with SNH

4) Anoxic growth 0 1 0 1- Y-- 2.86;: - flB,Hof XB/{ on YZH

• [ Ss r KOH l Kill X SNO )xSs with SNO
JlH KSH + Ss KOH + So KHA + SNH KNO + SNO BH

r

5) Aerobic growth 1 0 - flB.H 0--

of X BH on Sad,
YZH

[ Sad, / XBH J( So J[ SNH J
with S NH KMP KS? +Sad' / XBH KOH +So KHA +SNH XBH
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6) Aerobic growth 1 0 0 - fZB.H--of XBH 011 YZH

K~ SohIX'H r~X~l~)XSads with SNO Ksp+SohIX'H KaH+SO K",,+SNH K"o+S"o 'H

7) Anoxic growth 1 0 - fZB.H _ I-YZ/{--of XBH on Y,,{ 2.86YZ/{ Ki SM!X
BH r~l~r~~Sads with SNH Ksp+SM!XBH Kcm+So KIU+SNH KNO+SNO BH

8) Anoxic growth 1 0 0 1- Y-- 2.86;: -fZB.Hof XBH on YZH

K{ Sad/XBH r~r~r~}.x.Sads with S NO M ~+Sad./XBH KaH+SO KHA+SNH KNO+SNO BH

9) Adsorption of 1 0 0 0 KAXsXBH(f"", -Sads/XBH)
Xs
10) Aerobic 0 0 1 1

• ( So X SNH JX---I: -growth of X BA Y ZB. YlA PA BAZA KOA +So KSA +SNH

Table 4.4: The nominal parameters of the UCT biological model

Symbol Value Units

Kinetic parameters (200 C)
J.1.H 1.5 ...;-3.5 d-I

KSH 5.0 g COD m-3

KMP 1.35 g COD (g cell COD.dt

Ksp 0.027 g COD (g cell COD t
KA 0.17 g COD (g cell COD.dt

J.1.A
0.2 "';-0.75 d-I

Ks 1.0 g NH3 -N m-3

77g
0.33 -

Stoichiometric parameters

YZH 0.666
gcells COD(g COD utilized'['

YZA
0.15 geel COD(g N utilized ["

fMA
1.00 g COD (g cell CODt

fZB,H
0.068 g N(g COD t in active mass

Switching functions parameters

KOH 0.002 g O2 m-3

KOA
0.002 g 02 m-3

KHA 0.01 g NH3 -N m-3

KNO 0.1 g N0
3

-N m-3 ,-
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Table 4.5: Reduced UCT process parameters with their common values

ASM1 I UCT Value Explanation

notations

YA /YZA 0.15 Autotrophic biomass yield

YH/YZH 0.666 Heterotrophic biomass yield

ixs/fZbN 0.068 Nitrogen mass per mass of COD in biomass

pAl my A 0.5 Maximum specific growth rate for autotrophic biomass

PH/mYH 2.5 Maximum specific growth rate for heterotrophic biomass

Ks/KsH 5 Half saturation coefficient for heterotrophic biomass

KoH/KoH 0.002 Oxygen half saturation coefficient for heterotrophic biomass

KNO/KNO 0.1 Nitrate half saturation coefficient for denitrifying heterotrophic biomass

KSA /KNH 1 Ammonium half saturation coefficient for autotrophic biomass

KOA /KoA 0.002 Oxygen half saturation coefficient for autotrophic biomass

?g/ nYG 0.33 Correction factor for !JH under anoxic conditions

kh/ KMP 1.35 Maximum specific growth rate of the heterotrophs when utilizing

adsorbed particulate slowly biodegradable COD

(4.5)

(4.6)

(4.7)
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4.6 Mass balance process models

Mass balance equations for 3 wastewater treatment plants were developed in Chapter

3.4 on the basis of the full UCT and ASM1 biological models. The above mass balance

models are developed here on the basis of the reduced UCT and ASM1 biological

models. A state space representation for everyone of them is obtained in a discrete time

domain. The state space models are used for investigation of the sensitivity of the

model variables towards the model parameters and for parameters estimations in

Chapters 5 and 6 respectively. The structure and specifications of the benchmark

process are described in Chapter 3. The mass balance equations are described by the

equations (3.9) - (13.11).

4.6.1 Development of the mass balance process models for the Benchmark structure

with the reduced ASM1 and UCT biological models

4.6.1.1 Mass balance equations for the benchmark model

Following the mass balance equations (3.9) - (3.14) the obtained reduced simplified

mass balance models for the Benchmark structure for each tank are presented below.

These equations are written here for the UCT model, as this model has its first 3

process compounds the same as the ASM1 model plus one compound more (Sads)'

For Tank 1:

dSNH, (t) 1 [ ]---'--_ = - QaS NH5 (t) + QrS NH3 (t) + fQoS NH;' (t) - QS NH (t) + rs (t)dt ~ , NH,

dS NO, (t) 1 [ ]---'--_ = - QaS NO (t) + QrS NO (t) + QoS NO;' (t) - QSNO (t) + rS (t)dt ~ 5 5 'NO,

(4.8)

For Tank 2:

_d_SNH---=2_(t_)= _l_fQrSNH (t) - SNH (t))~+ rS (t)
dt V2 r ~ I 2 ~ NHZ

_d_SN_O--=Z,-(t_)= _l_fQrSNO (t) - SNO (t))~+ rS (t)
dt V2 r ~ I Z ~ N02
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(4.9)

For Tank 3:

dSNH/t) = _1 [Q(SNH
2

(t) - SNH
3

(t) )]+ rS
NH3

(t)
dt V3

dSN03 (t) = _1 [Q(SN0
2

(t) - SN0
3

(t) )]+ rS
N03

(t)
dt V3

dSS3 (t) = _1_[Q(SS2 (t) - SS3 (t) )]+ fS
S3

(t)
dt V3

dSads3 (t) = _1 [Q(Sads
2

(t)- Sads
3

(t ))]+ rSads3 (t)
dt V3

For Tank 4:

dSNH4 (t) = _1 [Q(SNH/t) _ SNH
4

(t) )]+ rS
NH4

(t)
dt V4

dSN04 (t) = _1 [Q(SN03 (t) - SN0
4

(t) )]+ rS
N04

(t)
dt V4

dSS4(t) =_1_[Q(Ss/t)-SS4(t))]+rs
s4

(t)
dt V4

(4.10)

(4.11 )

For Tank 5:

dSNHs (t) = _1 [Q(SNH
4

(t) - SNH
s

(t) )]+ rS
NHs

(t)
dt Vs

dSNOs(t) =_1 [Q(SN04 (t)-SNO
s

(t»)]+ rsNOs (t)
dt Vs

dSss (t) = _1_[Q(Ss4 (t) - SSs (t) )]+ rSss (t)
dt Vs
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dS:; (t) =; [Q(Sads
4
(t)-Sadss (t))]+rSadss (t)

5

(4.12)

where for the ith tank Qi are the flow rates, Vi are the volumes of the tanks and r,
represent the process rates given by the expression ri = I C ij Pjwhere Cij are the

j=!

coefficients from the ASM1 and UCT reduced model Peterson matrices. The ASM1

model process rates and the UCT model process rates in the equations are given in

Table 4.1 and Table 4.3 respectively.

The input concentration of SNH is multiplied by a factor f in order to represent around

20% of influent nitrogen that is entrapped in organic components. This simplification

allows for the omission of soluble biodegradable organic nitrogen SND, from the model

variables.

The system equations are written in a discrete form by representing the derivatives

dz with the first difference equation z(k + 1) - z(k) where? t is the sampling interval.
~ M

The discrete mass balance models for the Benchmark structure are:

For Tank 1:

sNH (k + 1)= SNH (k) + ~!_rQaSNH (k) + QrSNH (k) + QofSNH" (k) - QSNH (k)]+ ~trs (k)
I I VI ~ 5 5 '1'1 I NHI

SNO (k + 1)= SNO (k) + ~!_rQaSNo_ (k) + QrSNO (k) + QOSNOO(k) - QSNO (k)]+ ~trs (k)
I I VI ~) 5 I I NOl

Ss (k + 1) = Ss (k) + ~ rQaSs (k) + QrSS (k) + QoSso (k) - QSs (k)]+ Atrs (k)
I I VI r 5 5 I I SI

SadJk + 1) = Sads, (k) + ~ [QaSads,(k) + QrSad.,{k) + QoSads¢J (k) - QSads, (k )]+ AtrSads,(k)
I

(4.13)

For Tank 2:

SNH (k + 1)= SNH (k) + ~ rofSNH (k) - SNH (k»)J+ ~trs (k)
2 2 V2 ~ ~ I 2 ~ NH2

SNO (k + 1)= SNO (k) + ~ rQ(SNO (k) - SNO (k»)J+ ~trs (k)
2 2 V2 r I 2 ~ N02
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Sads2 (k + 1) = Sads2 (k)+ ~t [Q(SadS
I

(k)- Sads
2

(k ))]+ MrSads2 (k)
2

(4.14)

For Tank 3:

SNH (k + 1)= SNH (k) + ~ rdSNH (k) - SNH (k»)J+ t.trS (k)
3 3 V3 r ~ 2 3 ~ NH3

SNO (k + 1)= SNO (k) + ~ rdSNO (k) - SNO (k»)~+ t.trS (k)
3 3 V3 r ~ 2 3 ~ N03

Ss ek + 1) = Ss ek) + L\t rQfss ek) - Ss (k))J + L\trs (k)
3 3 V3 r ~ 2 3 ~ S3

(4.15)

For Tank 4:

sNH (k + 1)= sNH (k) + ~rdsNH (k) - sNH (k»),l+Lltrs (k)
4 4 V 4 r ~ 3 4 ~ NR4

SNO (k + 1)= SNO (k) + ~!_rQ{SNO (k) - SNO (k»)~+Lltrs (k)
4 4 V4 r ~ 3 4 ~ N04

Ss (k + 1)= Ss (k) + ~ rQ(ss (k) - Ss (k»)J+ Atrs (k)
4 4 V4 r ~ 3 4 ~ S4

(4.16)

For Tank 5:

sNH (k + 1)= sNH (k) + ~rQ(SNH (k) - sNH (k»)~+Lltrs (k)s s V5 r 4 s ~ NRS

SNO (k+1)=SNO (k)+~rdsNO (k)-SNO (k»)~+Lltrs (k)s s V5 r ~ 4 S ~ NOS

Ss (k + 1)= Ss (k) +~ rdss (k) - Ss (k»)~+ Atrs (k)
5 5 Vs r ~ 4 5 1 Ss

(4.17)
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4.6.1.2 Process models in a vector-matrix form

The vectors of the every tank Peterson matrix compound concentrations and dissolved

oxygen concentration form the system state and control vectors. The concentrations of

Z = [SNH SNO Ss] Tand Z = [SNH SNO Ss SadSr are selected to form the vector of state

space for the ASM1 and UCT reduced models respectively. Control inputs are the

concentrations of dissolved oxygen in the wastewater in every of the tanks. The vectors

are:

1) for the ASM1 reduced mass balance model

• for the state space:
Z=[ZI Z2 Z3 Z4 Zs Y =

=[SNl:i SNQ Ss., SNfJ,_SNq Ss, SNIf, SNq SS3 SNH., SNQ" Ss, SNIf, SNO; SsJ,z e RIS
(4.18)

• for the control:
u= [UI U2 U3 U4 Us Y = [SOl So, S03 So, so,y,u£Rs (4.19)

• for the input concentration:

z;¢ =lsNJ:¥ SNq Ss 0 0 o 0 0 o 0 o 0 o 0 or,z;¢ 8RIS (4.20)~
• for the biological rates:

r(z,u,k) = [r(zpul,k) r(z2,uz,k) r(z3,u3,k) r(z4,u4,k) r(zs,us,k) l'. (4.21)
k=O,K -1 r 8 RIS

2) For the UCT reduced mass balance model
• For the state space

Z=[ZI Zz z3 Z4 zsf =[SNHI SNOl SSI Sadsl,,,SNHSSNOSSSSSadssY,zERZO

•
The control vector is the same ;;_E R5

For the input concentration Zi¢ = [SNH¢ SNO¢ SS¢ Sads¢r.Zi¢ E R4

the vector of rates is the same but its components are
r(zn,un,k)=[~trsNH.n ~trsNO.n ~trSS.n ~trQds.nr and r(z,u,k)ERzo

(4.22)

(4.23)

(4.24)

•

•
(4.25)

From the above notations and mass balance equations the whole system can be written

in a vector/matrix form in the following way:

z(k +1) = Az(k) + F(z,u,k) + Bzj¢(k) z(O) = Zo

r(z,u,k)where Zi¢ is the vector of the inflow concentration, is the vector of the

biological rates, u is the vector of the control, and

• For the ASM1 model
11=1,5, SOn =v..
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• For UCT model
SNHn =znl SNOn = zn2

The vector r(z,u,k) in the above equation can be represented according to the Peterson

matrix as a product CT P where P are the process rates and the matrix C consists of

weighting coefficients from the Peterson matrices for all tanks. The vectors Pn

where n = 1,5contain process rates from the ASM1 and UCT reduced model Tables 4.1

and 4.3 respectively. The vector for the growth rates is P = [PI P2 P3 P4 Ps F .The

vector p for the whole system from the reduced ASM1 model is ps R20 and p e R50 for

the reduced UCT model. The matrix Cn where n = 1,5 contains coefficients from the

ASM1 and UCT reduced model matrix Tables 4.1 and 4.2 respectively. The matrices C

for the whole system are:

Cl 0 0 0 0
0 C2 0 0 0

CASM1 = M. C R20xl5 C R45xl5 (4.26)0 0 C3 0 0 ' ASMI li 'UCT li
UCT

0 0 0 C4 0

0 0 0 0 C5

- fZ8,H 0 0
YZH

- fZB,H
1

00
YZH

- fZB,H
_ 1- YZH 1

0
2.86YZH YZH

1-Y 10 2.86;: - fZB,H
0

YZH

- fZB,H 0 0
1--

YZH

0 0 0
1

YZH

- fZB,H
_ 1- YZH 0

1
2.86YZH YZH

-ixB 0 -I 0
I-YZH 0

1

-ixB
_ I-YH 1 2.86Y

ZH
- fZB,H YZH

2.86YH YH 0 0 0 1
Cn,ASMl = I 1 E R4x3

, Cn,UCT = 1 1
0

E R9x3
-iXB-

YA
0 -y-- fZ8,H 0

YA ZA YZA
0 0

The matrices Bare:
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BASMl = 0

o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o
o

of!'J.tQv: 0
1

oo
MQv; 0

oo o
!'J.tQv; 0

o
o
o
o
o
o
o
o
o
o
o
o

o
o
o
o

o
o
o
o
o
o
o
o
o
o
o
o
o

BUCT =

The matrices A are:

• For ASM1 reduced model
l~Q 0 0 0 0 0 0 0 0 0 0

I{

o l~Q 0 0 0 0 0 0 0 0 0
I{

o 0 l~Q 0 0 0 0 0 0 0 0
I{

!!.Q 0 0 1~Q 0 0 0 0 0 0 0
Ii Ii
o !!.Q 0 0 1~Q 0 0 0 0 0 0

Ii Ii
o 0 !!.Q 0 0 1~Q 0 0 0 0 0

Ii Ii
!!.Q 0
ij

o !!.Q
ij

o o o o

o o o o

o 0 0 0 0 !!.Q 0
ij

o o !!.Q 0v.
o !!.Qv.

o o o o

o o o o o o

o o 0 0 !!.Q 0v.o 0 o 0

o
flt

QV; 0

o

o
flt

QV, 0
1

o

o
o
o
o
o
o
o
o
o
o
o
o

o

o

o

o

o

o

o

o

o

o

o
flt

QV; 0

o
o
o
o
o
o
o
o
o
o
o

o !!.(Q-tQ) 0 0
I{

o 0 %(Q-tQ) 0
1

o 0 0 %(Q-tQ)
1

o

o

o

o

o

o

o

o

o

o 0 0 0 0 0 0 0 0 !!.Q 0 0 l~Q 0 0
Vs Vs

o 0 0 0 0 0 0 0 0 0 !!.Q 0 0 1__!!_Q 0
Vs Vs

o 0 0 0 0 0 0 0 0 0 0 !!.Q 0 0 l~Qv,- Vs

o
o
o
o
o
o
o
o
o
o
o
o

o

o

o

o o

• For the UCT reduced model
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o

o

o EER'l'

o

o

o
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Aver =

o
o
o
o
o
o
o

I-~Q
V,

1- MQ 0
V,

o I_MQ
V,

o 0

o 0

MQ 0
V,

o ~Q
V,

o 0

o 0

o

o

o

o

o

o
o
o
o
o
o
o

o o

o o

o o

o

o
o
o
o
o
o
o
o

I-~Q
V,

o

o

~Q
V4

o

o

o

o o

o o

o 0

o 0

I_MQ 0
V,

o 1- MQ
V,

o 0

o 0

MQ 0
V,

o M Q
V,

o o

o o

o o

o o

o o

o
o
o
o
o
o
o

o
o
o
o
o
o
o

o o

o o

o o

o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o

o o

o o

o o

000

000

000

000

I_MQ 0 0
V,

o I-~Q 0
V,

o 0 I_MQ
V,

000

o MQ
V,

o

o l-~Q 0 0 0
V4

o 0 I-~Q 0 0
V.

o 0 0 I-~Q 0
V.

~Q 0 0 0 I-~Q
~ ~

o ~Q 0 0 0
V,

o 0 ~Q 0 0
V,

o

o

o

o

o
o
o
o
o
o
o

o

o

o

o
o
o
o
o
o
o
o

o

~Q
Vs

o

~Q
Vs

o

o

o
MQ
V,

o

o

o

o
o
o
o
o
o
o

o ~(Q.+Q,),
o

o

o
o
o
o
o
o
o
o

o
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o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

o

~Q
V,

o

o
o
o
o
o
o
o

o
o
o
o
o
o
o

o

o ~(Q.+Q,)

o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o

o

o

o

o

o

o

o

o

o o

o o

o o

o o

o o

o o

o o

o

o

o 0

~Q 0
V4

o ~Q
V4

o 0
o 0
o 0

o 0

o 0
o 0

o

4.29)

o

o o

o

~(Q.+Q,),
o
o
o
o
o
o
o

o ER20><20o

o o

o o

o o

o o

o o

o o

o



4.6.2 Development of the mass balance process models for the Mitchell's Plain
structure with the reduced ASM1 and UCT biological models

4.6.2.1 Mass balance equations for the Mitchell's Plain plant

The input concentration, SNH is multiplied by a factor f in order to represent the 20 %

entrapped in the organic components influent nitrogen. System equations expressed

for every of the reduced model process variables are

Tank 1

dSN;;I(t) =: [QofSNH,!ó(t)+QrSNH,3(t)-QISNH,I(t)]+rSNH,I(t)
I

dS N;;I (t) = : [QofS NO,!Ó(t)+ QrS NO,3(t)- QIS NO,I(t)]+ rNo,Jt)
I

dS~;(t) =: [QoSs,!ó(t)+QrSs,3(t)-QISS,I(t)]+rSS,I(t)
I

(4.30)

Tank 2

dS N;/ (t) = :2 [QIS NH,I (t)+ QaS NH,3 (t)- Q2S NH,2 (t )]+ rSNH,2 (t)

dSNo,2(t) =_1 rQISNo 2(t)+QaSNO 3(t)-Q2SNO 2(t)]+rSNO 2(t)dt V2 ~, , , ,

dSs,2(t) =_1 rQ1Ss 2(t)+QaSs 3(t)-Q2SS 2(t)]+rss 2(t)dt V2 ~, , , ,

(4.31)

(4.32)
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The discrete form of the equations is:

Tank 1

SNH,I (k+ 1)= SNH,I (k)+ ~t [QofS NH,¢ (k )+Q,S NH,3(k )-QIS NH,I(k )]+MrSNH, I (k)
I

S NO,I (k + 1) = S NO,I (k)+ ~t [QoS NO,¢ (k)+ Q,S NO,3(k)- QI S NO,I(k )]+ MrSNO,1(k)
I

SS, I (k + 1)= SS, I (k)+ ~t [QoS s, ¢ (k)+ Q,S S,3 (k )-QI S S,I (k )]+ i1trss, I (k)
I

(4.33)

Sads,1(k + 1) = Sads,1(k)+ ~ [QoSads¢ (k)+ Q,Sads,3 (k)- QISads,1 (k )]+ Mrsads,1 (k)
I

Tank 2

SNH,2 (k + 1)= SNH,2(k)+ ~t [QIS NH,I(k)+ QaS NH,3(k)- Q2S NH,2(k )]+ i1trsNH,2(k)
2

SNO,2(k +1)= SNO,2(k)+ ~t [QIS NO,I (k)+ QaS NO,3(k)- Q2S NO,2(k)] + i1trSNO,2(k)
2

SS,2 (k + 1) = SS,2 (k)+ ~t [QISs)k)+ QaSs,3 (k)- Q2SS,2 (k)] +MrSS,2 (k)
2

(4.34)

Sads,2 (k+ 1)= Sads,2 (k)+ ~t [QIS ads,I(k)+ QaS ads,] (k)- Q2Sads,2 (k )]+ AtrSads,2 (k)
2

Tank 3

SNH,3(k+1)= SNH,3(k)+ ~t [Q2SNH,2(k)-Q3SNH,3(k)]+MrSNH,3(k)
3

SNO,3 (k + 1)= SNO,3 (k)+ ~t [Q2S NO,2 (k)- Q3S NO,3 (k )]+ /}.trSNO,3 (k)
3

Ss,3(k+1)= Ss,3(k)+ ~t [Q2Ss,2(k)-Q3Ss,3(k)]+MrSS,3(k)
3

(4.35)

Sads,3(k +1)= Sads,3 (k) + ~t [Q2S ads,2(k) - Q3S ads,3(k)] + /}.trSads,3(k)
3

4.6.2.2 Process model in a vector-matrix form

The state space vector is formed in the same way as for the Benchmark plant. The

equation of the whole system is

z(k + 1)= Az(k)+ r(z,u,k)+ Bzj¢(k), z(O)= Zo (4.36)

(4.37)
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where the state, control and compound rates are formed in the same way as for the

Benchmark model. For the ASM1 reduced model Z ASMI = [ZI Z2 Z3 Y E R9. For the UCT

reduced model ZVCT E RI2
. Then the state space matrices are A R9x9

ASMI E

and AVCT E RI2xl2 . These matrices are as follows:

MQ "'tQ1__ 1
0 0 _r 0 0V VI I

1- ruQI ""Q
0 0 0 0 _r 0V VI I
MQI MQ

0 0 1-- 0 0 _r
V

VII

""QI "'IQ? ru0 0 1--- 0 0 -Q 0v v V a2 2 2
MQI ruQ2

"" 9x9A 0 0 1-- 0 0 -Q .A E RASMI V V V a2 2 2
ruQI 1- MQ2 M0 0 0 0 -QV V V a2 2 2

ruQ2 ""Q0 0 1__ 3
0 0V V3 3

0 0 0 0 "'
,Q

2 0 1- ""
Q

3 0
V V33

(4.38)
"'
tQ

2 MQ30 0 0 0 0 0 1--
v3 V

3

I-~Q 0 0 0 0 0 0 MQ,
0V. ' II;,

0 I-~Q 0 0 0 0 "'tQ, 0 0v. ' II;,
0 I-~Q 0 0 0 "'tQ, 0V. ' II;,

ru
0 0 0 0 0 "'tQ,I-~Q,

II;
~Q 0 0 ru

0 ru
0 0 0V '

I-v.-Q, ~Q.z ,
0 ru

0 I-~Q 0 0 0 ~Q 0 0V;Q, V z V •
eR12d2Aver ~ 2 2

~Q ru
~Q0

V '
0 0 0 I-V;Q, 0 0

V •z
2

0 0 ru
0 I-~Q 0 0 ~Q0 V;Q, V, , V •

2

0 0 0 0 ru
0 0 0 I-~Q 0 (4.39)V;Q, V l

l

0 0 0 0 ~Q 0 0 I-~Q 0 0V 2 V 2
l 2

M
0 I-~Q0 0 0 V;Q2 0 0

V 2
0

l

0 0 0 ~Q 0 I-~QV 2 V, 22

The matrices B are as follows
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f~t Qo 0 0 0
f~t QoI 0 0

0 MQo 0 0 I

~ 0
!1tQ 0

0 0 MQo 0 V. 0
I

VI
0 0

!1tQ (4.40)
0 0 0

!:J.tQ v. 2
Jl, 0 I

E R9x3I BASMI = 0 0 0
BueT = 0 0 0 0 E RI2x4

0 0 0 0 0 0 0

0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0 0 0 0
0 0 0 0
0 0 0 0

The matrices c, uCTand C; ASMI are the same as above. The dimensions of the

vectors P = [PPP2,P3Y is Rl2 and R30 where Pn,ASMI E R
4

PASMI E PUCT E

and Pn,UCT E RIo, respectively.

4.6.3 Development of the mass balance process models for the Athlone structure with

reduced UCT and ASM1 biological models
4.6.3.1 Mass balance equations for the Athlone plant

System equations expressed for every of the reduced model process variables are:

Tank 1:

dSNH (t) 1 r ]
----'-, - = - LQpSNH (t) + fQoS NH¢,(t) - Q1SNH (t) + rs (t)dt V; 2 I NH,

dSNo (t) 1 r ]
----'-, -=-LQpSNO (t)+QOSNO¢ (t)-Q1SNO (t) +rs (t)dt V; 2 , , NO,

dSS (t) 1 r ]
_-,--I -=-LQpSs (t)+QoSs¢ (t)-QISS (t) +rs (t)dt V; 2 I I SI

dSa;/ (t) = :. [QpSads,2(t)+ QOSads¢(t)- QISads,1(t )]+ rSads,1(t)
I

(4.41 )

Tank 2:

(4.42)
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Tank 3:

dSNH (t) 1 r ]
_----'-3_ = -lQ2S NH Ct) - Q3S NH Ct) + 's Ct)dt V

3
2 3 NH3

(4.43)

The discrete mass balance models for the Athlone structure are:

Tank 1:

S NH] (k +1) = S NH] (k) + ~; [ [QpSNH2 (k)+ fQoS NH¢1 (k) -Q,S NH] (k)] ]+ MrSNH] (k)

SNO (k+1)=SNO (k)+~fQpSNO (k)+QOSNO'" (k)-Q,SNO (k)]+f>trS 0 (k)
I I VI ~ 2 '1'1 I N I

Ss (k + 1) = Ss (k) + ~ [QpSS? (k) + QoSS<l>(k) - QI Ss (k)]+ f>trss (k) (4.44)
I I VI - I I I

Sads,1 (k +1)= Sads,1 (k)+ ~t [QpSads,2(k)+ QoSads¢(k)- QISads,l (k )]+ fj,trads,1(k)
I

Tank 2:

SNHz (k+1) = S NHz (k) +~ [Q,S NH1 (k) +(Qa +Qr )SNH3 (k) -Q2IS NHz (k)]+ f>trsNH (k)G z

SN02 (k+ 1) = SN02 (k) +~ [QIS NOt (k) +(Qa +Qr )SN03 (k) -Q2SNOz (k)]+MrsNO (k)G 2

SSz (k+l) = SSz (k)+~[Q,Ss] (k)+(Qa +Qr )SS3 (k)-Q2SSz (k)]+Mrss (k) (4.45)
V2 Z

Sads,z(k + 1) = Sads,z(k)+ ~ [QISads,1(k)+ (Qa + QJSads,3(k)- QzSads,z(k )]+ Mrads,z(k)
2

Tank 3:

SNH (k + 1)= SNH (k) + ~ fQ2SNH (k) - Q3SNH (k)]+ f>trs (k)
3 3 V3 ~ z 3 NH3
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Ss (k + 1) = Ss (k) + ~ rQ2SS (k) - Q3SS (k)]+ MrS (k)
3 3 V3 r 2 3 S3

Sads,3(k + 1) = Sads,3(k)+ ~t [Q2Sads,2(k)- Q3Sads,3(k )]+ ~trads,3(k)
3

(4.46)

4.6.3.2 Process model in a vector-matrix form

The model vectors for the Athlone plant have the same components as for the Mitchell's

Plain plant as both have the same number of tanks and are based on the same

biological models. The structure of the matrices AASMI and AUCT are different because

the two plants have different recycles. The matrices C; where n = 1,3contain coefficients

from the ASM1 and UCT reduced models are given in the Tables 4.1 and 4.3

respectively. The matrices C for the whole system are:

o 1 12x9 30xl2o ,CASM1 £ R ,CUCT £ R
C3

(4.47)

The matrices B are the same for the Mitchell's Plain plant. The matrices A are:

t'i
0 0 ~(q,) 0 0 0 0 0l--Q

l{ l{

0 l~Q 0 0 ~(q,) 0 0 0 0
VI l{

0 0
t'i

0 0 ~(q,) 0 0 0l--Q
l{ l{

~Q l~Q t'i
0 0 0 0 -((2+Q) 0 0

Vz Vz Vz
~Q t'i t'i

E:Jt'lAASM= 0 0 0 l--Q 0 0 -((2+Q) 0
Vz Vz Vz

~Q t'i t'i
0 0 0 0 l--Q 0 0 -((2+Q)

Vz Vz Vz
~Q t'i

0 00 0 0 0 0 l--Q
1-; 1-;

0 0 0 Ol ~Q 0 0 I~Q 0
I') I')

~Q 0 0
t'i

0 0 0 0 0 l--Q
I') I')

(4.48)
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At At
1-~QI 0 0 0 v-Q, 0 0 0 0 0 0 0

I I

0
At At

1-v-Q1 0 0 0 ~Qp 0 0 0 0 0 0
I I

0 0
At

0 0 0
At

0 0 0 01-~QI ~Qp 0
I I

0 0 0
At

0 0 0
At

01-v-Q1 ~Qp 0 0 0
I I

At At At

v-
Q1 0 0 0 1-v-Q, 0 0 0 v-(Q.+Q,) 0 0 0, , z

At At At
0 v-Q1 0 0 0 1-v-Q2 0 0 0 v-(Q.+Q,) 0 0

AVCT = 2 2 2 eRI2x12
At At At

0 0 v-Q1 0 0 0 1-v-Q2 0 0 0 v-(Q,+Q,) 0
2 z 2

At 1- At Q, At
0 0 0 v-Q1 0 0 0 0 0 0 v-(Q.+Q.)V -, z ,
0 0 0 0

At
0 1-~QJv-Q1 0 0 0 0 0

2 V,

0 0 0 0 0
At

0 0 1-~QJV, QI 0 0 0
VJ

0 0 0 0 0 0
At

0 0 1-~Q, 0v-Q1 0, V,

0 0 0 0 0 0
At

0
At

0 v-Q1 0 0 1-v-Q,, s

(4.49)

4.7 Reduced models characteristics

The derivations of the reduced models for different process configurations and for

different biological models lead to the same structure of the model, given by equations

(4.36) with matrices and vectors of different dimension and structure according to the

plant structures. It can be seen that the models have three main parts:

• State space linear form Az(k) which describes input/output mass balances in the
structure of the process. The structure and dimensions of the matrix A depend on the
structure and number of tanks in the process and on the number of the compounds in
the biological models.

• Input disturbance part BZiq> . The structure of the matrix B is the same for all processes
but the dimensions depend on the number of tanks and on the number of compounds in
the biological models. In the considered structures the input flow is coming always to
the first tank, which is the anaerobic tank.

• The biological rate part eT p. The structure of the matrix C is a block diagonal one. The
structure of the blocks en is the same and the values of the elements in the blocks are
the same for ASM1 or UCT reduced biological models because they represent the
Peterson matrix coefficients. The dimensions of the en. uct and en. ASMl are different
because 4 biological processes and 3 compounds are considered in the ASM1 reduced
model and 10 biological processes and 4 compounds are considered in the UCT
reduced model. The biological rate is a nonlinear part of the models. It represents the
nonlinear connections between the state and control variables. The change of
behaviour of the process is based on the influence of the oxygen over the biological
rates and in this way on the concentrations of t he process variables.
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Dimensions of the vectors and matrices of the obtained mass balance reduced models

for the three considered processes are shown in the Table 4.6.

Table 4.6: Dimensions of the matrices and vectors of the derived reduced models

Plant Models Matrices' and vectors' dimensions

A B C P z
Benchmark ASM1 15x15 15x5 20x15 20 15

UCT 20x20 20x5 50x20 50 20

Mitchell's Plain ASM1 9x9 9x3 12x9 12 9

UCT 12x12 12x3 30x12 30 12

Athlone ASM1 9x9 9x3 12x9 12 9

UCT 12x 12 12x3 30x12 30 12

4.8 Conclusion

This chapter elucidates the need for reduced model development for both the ASM1

and UCT biological models. The assumptions for the model reduction procedure are

also studied. The dissolved oxygen concentration is considered as a control input for

the reduced models. The ASM1 and UCT reduced biological model structures are

studied and the corresponding mass balance equations are derived.

The mass balance for three wastewater treatment plants viz., Benchmark, Mitchell's

Plain and Athlone are developed in this chapter on the basis of the full UCT and ASM1

biological models which results in the UCT reduced and ASM1 reduced models. The

matrices and vectors for each of the plants are separately described.

The models developed in the chapter 4 are used for sensitivity analysis and simulation

purposes in chapter 5 and for parameter estimation purposes in chapter 6.
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CHAPTER FIVE

SENSITIVITY STUDY FOR THE DETERMINATION OF THE KEY

PARAMETERS OF THE WASTEWATER TREATMENT SYSTEM

5.1 Introduction

The sensitivity study of the model inputs and parameters gives answer to the question

which parameters to estimate. Many of the biological nutrient removal models are not

identifiable since there are many more parameters than there are feasible

measurements. That is why if some insensitive parameters could be found the problem

for parameter estimation could be slmpllfled (Holmberg & Ranta, 1982). The sensitivity

study of the model dynamic set of equations is to examine the changes of the model

variables towards the changes in the system parameters. In order to establish

sensitivity of the model variables towards the parameters in steady state also the

steady state model is considered. Parameters with large values of the sensitivity

functions have to be estimated (Sato & Ohmori, 2002).

Sensitivity functions, equations and state space models are derived in the chapter for

the cases of Benchmark and Athlone plants. Two biological models - ASM1 and UCT

are considered for every plant. Matlab software for the sensitivity functions calculation

and sensitivity models simulation is developed. The results are described and

discussed.

5.2 Sensitivity functions

The sensitivity function ze (t) of the nonlinear system

i(e,t) = j(z(e,t), e, u) z(O) = Zo (5.1 )

where e is the vector of the parameters is defined as

B()_ az(e,t)
z t - ()oe t

(5.2)

or in terms of the components of the vector of parameters

(zB L = :;i.
J

In other words, the sensitivity function (ze)u. is a mathematical description which

(5.3)

indicates influence of slight change in parameter ej on the state variable.
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5.3

5.3.1.

Differentiating (5.1) according to parameter vector e gives

zO(t)=:zO(t)+a~~) zO(O)=z~ (5.4)

The solution of the equation (5.4) gives the sensitivity function behavior.

Development of the sensitivity functions and model for the Benchmark

Structure with ASM1 and UCT biological models

Benchmark structure with ASM1 biological model

The mass-balance model for the Benchmark structure described by Equations (4.13) -

(4.17) with ASM1 reduced model described by Equations (4.1) - (4.3) is considered.

The parameters characterized these models are given in Table 4.2. They are

YA' YB' iXB, PA, PH, Ks, KOH, KNH, KOA, 1Jg, 1Jh, kh, Kx· Additionally the parameter fis

included. This parameter is not a part of the biological model. The sensitivity of the

process variables towards these parameters is evaluated by using the theory of

sensitivity (Schermann & Garag-Gabin, 2005; Montgomery, 1997; Breyfogle &

Breyfogle, 2003).

5.3.1.1 Sensitivity equations derivation

The derivations of the sensitivity functions and models are analogous for every process

tanks. That is why they are calculated for the n-th tank, as follows:

• for the parameter f

(
dSNH,nJ! 1 [(dSNH,n_l dSNH,nJ] arSNH,n dSNH,n arSNH,n dSNO,n arSNH,n dSS,n drsNH,n (5.5)-- dj=- Q --- +--.--+--.--+--.--+--

dt Vn dj dj aSNH,n dj aSNO,n dj aSS,n dj dj

(
dSNo,n Jl 1 [(dSNo,n_J dSNo,n JJ arSNO,,, dSNo,,, arSNO,n dSNH,n arSNO,n dSs,,, drsNO,n (5.6)-- df=- Q ----- +--.--+--.--+--.--+--

dt Vn dj dj aSNO,n dj aSNH,n dj aSS,n dj dj

(
dSS,n Jl 1 [(dSs,n_J dSs,n JJ arSS,n dSs,n arss,,, dSNH,n arSS,n dSNo,,, drss,,, (5.7)-- df=- Q ----- +--.--+--.--+--.--+--

dt V" df df ass,,, df aSNH,n df aSNO,n df df

where drSNH,n

dj
and dSNH,n =sf dSNO,n -sf dSS,n -Sf

dj NH,n' dj - NO,n' dj - S,n
drSNO n drss n
--'-=--'-=0,

dj dj

are the sensitivity functions of the process variables towards the parameter f. The

process rate derivatives are:

arSNH,n _ (. 1 J' x SO,n [ KNH ]_ SNH,n---- lXB +- PA BA -rSNH n
aSNH,n YA (KOA+SO,J (KNH+sNH,nf '

(5.8)

(5.9)
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ar [S)( K ]SNH, n • A X 0, n S SS n

~=-IXD!-lH DH K S (K S )2 =rSNH,n
S,n OH+ O,n S+ S,n

(5.10)

(5.11 )

(5.12)

(5.13)

8rss, n
--=0
8SNH,n

(5.14)

(5.15)

(5.16)

On the basis of the above derivations, the equations describing the sensitivity model

according to the parameter fare

1) for tanks 2 + 5

S·f - 1 rQ(Sf Sf)l SNH,nSf SNO,n Sf SS,n Sf
NHn--~ NHn-l- NHn~+rSNHn NHn+rSNHn· NOn+rSNHn Sn'Vn ' , " , , "

(5.17)

S·f - 1 [Q(Sf Sf)] SNH,n Sf SNO,n Sf SS,n Sf
NO,n - V NO,n-1 - NO,n + rSNO,n • NH,n + rSNO,n • NO,n + rSNO,n· S,n

n

(5.18)

Sf =_~_rdSf -Sf \l+rsNH,n -st. +rSNO,n -s: +rSS,n «s!
S,n V t ~ S,n-l S,n}J SS,n NH,n SS,n NO,n SS,n s,»

n

(5.19)

2) for the first tank

(5.20)

S·f - 1 [Q Sf Q Sf QSf] SNH,I Sf SNO.I Sf SS.I Sf
NO,I - V. a NO,S + ,. NO,S - NO, I + rSNO, I • NH,I + rSNO, I • NO, I + rSNO,I· S,I

I

(5.21 )

S·f - 1 [Q Sf Q Sf QSf] ,SNH,I Sf SNO,I Sf SS,I Sf
S,I-v. «<s,s + r s,s - S,I +lss,1 • NH,I +rSs,1 • NO,I +rss,1 • S,I

I

(5.22)

1) for the first tank

s: _ 1 f(Q Q )Se QSe] SNH, I Se SNO, I Se SS,I Se e
NH,I - v.t a + r NH,S - NH,! + rSNH,! • NH,! + rSNH,!· NO,I + rSNH,I· S.I + rSNH,1

I

(5.23)
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S'B - 1 ~(Q Q )SB QSB] SNH,I SB SNO,I SB SS,I SB e
NO,I -v.~ a + r NO,5 - NO,I +rSNO,1 • NH,I +rSNO,I· NO,I +rSNO,I· S,I +rSNO,1

1

(5.24)

s: - 1 ~(Q Q )SB QSe] SNH,I Se SNO,I Se SS,I Se e
S,I-v.~ a + r S,5 - S,I +rSS,1 • NH,I +rSS,1 • NO,I +rSS,l· S,I +rSs,1

I

(5.25)

2) for the tanks n = 2,5

S·B_1 [Q(SB SB)~ SNH,n Se SNO,n SB SS,n SB B
NH,n -v- NH,n-1 - NH,n ~+rSNH,n· SNH,n +rSNH,n • NO,n +rSNH,n· S,n +rSNH,n

I

(5.26)

S·e - 1 [Q(SB SB)~ SNH,n Se SNO,n SB SS,n Se e
NO,n -v- NO,n-1 - NO,n ~+rSNO,n • SNH.n +rSNO,n • NO,n +rSNO,n· s,« +rSNO,n

I

(5.27)

S·B_1 rQ(SB SB )" SS, n Se SNO,n SB SS, n Se e
S n --~ Sn-I - S n ~+rSS n· SNH n +rSSn • NO n +rSSn • Sn +rSS n, V; , , , , , , , , , (5.28)

h B B Bwere SNH,n' SNO,n' SS,n are the corresponding to the parameters o sensitivity

functions, the partial derivatives of the process rates are determined above and the

derivatives of the rates according to the parameters are as follows:

(5.29)

YH - A X (Ss,n J( KOH J( SNO,n J( 1 JrSNO n --f-lH'lg BH,n ---
, KS +SS,n KOH +SO,n KNO,n +SNO,n 2.86yA-

(5.30)

(5.31 )

1
( S J( S JYA _ A 0, n NH, n X

rSNH n --f.lA BA,n, yl KOA +SO,n KNH +SNH,n
(5.32)

rYA 1 A (_ SO,n J( SNH,n Jx --rYA
SNO,n - y2 f.lA K +S K +S BA,n - SNH,n

A OA O,n NH NH,n
(5.33)

(5.34)

- for iXB

(5.35)

[s J[ S JA O,n NH,n X
- f.lA BA,n

KOA +SO,n KNH +SNH,n
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iXB 0rSNO,n = (5.36)

iXB 0
rSS,n = (5.37)

- for itA

[lA - (. 1)[ SO,n J[ SNH,n JXrSNH n -- lXB +- BA,n
, YA KOA +SO,n KNH +SNH,n

(5.38)

(5.39)

(5.40)

. [SS J[[ SO J ( S "0 )[ K JJPH _. X ' n ,n H' ,n OHrSNH --IXB BH n +TJg
,n , KS +SS,n KOH +SO,n KNO +SNO,n KOH +SO,n

(5.41 )

(5.42)

[lH 1 X [ SS,1l J[[ SO,n J [ SNO,n J[ KOH Jlrss =-- BHIl +
,n YH 'Ks +SS,n KOH +SO,n KNO +SNO,1l KOH +SO,1l

(5.43)

- for Ks

[ S ][[ So J [ SNO J[ K JJKS _ . • X S,n ,n ,n OH
rSNH -IXBflH BH n +TJg

,n , (Ks+Ss,n~ KOH+SO,n KNO+SNO,n KOH+SO,n
(5.44)

Ks - l-YH X • [ SS,n j[ KOH J[ SNO, II JrSNO n ---- BH,nflH 7]g
'2.86YH KS +SS,n KOH +SO,1l KNO +SNO,1l

(5.45)

1
[ S ][[ So J [S J[ K JJKs _ • X S,n ,n NO,n OH

rSS, II - YH flH BH,n (Ks +Ss,n)2 KOH +SO,n + KNO +SNO,n KOH +SO,n
(5.46)

- for KOH

(5.47)

[s J[ S J[ S JKOH _ l-YH X • S,n O,n NO,n
rSNO n ----- BH,nflH 7]g

, 2.86YH KS +SS,n (KOH +sO,n1 KNO +SNO,n
(5.48)
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KIA X [ Ss,n Jl So,n ][1-[ SNo,n J]+k Xrs/: =-y f-lH BH,n K +S (K +S f K +S h BH,n'
H S S,n OH O,n NO NO,n

[
Xs n/XBH n Jl So n ][ 1 [ SNO,n Jl

. x., +(Xs,n/;BH,J (KOH +'so,nf - +n, KNO +SNo,n

(5.49)

- for KNO

ls ]l S ]l K ]
KNO _. A S,n NO,n OH

rSNH,n -IXBf-lHXBH,n1}g K +S (K +S Y K +S
S S,n NO NO,n OH O,n

(5.50)

(5.51 )

(5,52)

- for KNH

KNH -l' 1 J' ( SO,n Jl SNH,n ]xrSNH - lXB +- J.1A BA,n
,n YA KOA +SO,n (KNH +SNH,n~

(5.53)

(5.54)

(5.55)

- for KOA

(5.56)

1
[ S ][ S JKOA ' O,n NH,n Xr =--J1A BA

SNO,n YA (KOA +so,nf KNH +SNH,n
(5.57)

(5.58)

- for 1}g

1Jg .' [ SS,1l J[ SNO,n J( KOH Jxr =-IXBJ1H BH,n
SNH,n KS +SS,1l KNO +SNO,1l KOH +SO,n

(5.59)
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"7g - I-YR ' ( SS,n J( SNO,n J[ KOR JXrSNO n -----f.1-R BR,n
, 2.86YH KS +SS,n KNO +SNO,n KOH +SO,n

(5.60)

rIJg = 0
SS,n (5.61 )

- for 'lh

r~' - 0SNH,n -
(5.62)

rIJh - 0SNO,n - (5.63)

(5.64)

(5.65)

(5.66)

(5.67)

- for Kx

Kx 0
rSNH,n = (5.68)

Kx 0
rSNO,n = (5.69)

[[ S J [S J[ K JJ [[ X IX Jlx , _ k 0,11 NO,n OH X S,n BH,n

r«, - h KOH+SO,n +lh KNO+SNO,n KOH+SO.n BH,n - (Kx+(Xs,nIXBH,nD2
(5.70)

5.3.1.2 Sensitivity state space model

The sensitivity state space model is formed for the whole plant. The vector of the

sensitivity state space consists of all sensitivity functions according to the model

parameters, as follows for the n-th tank.
T

SI'A SI'A SI'A SI'H SI'H SI'H SKs SKs SKs SKOH SKOH SKOH
NH, nNO, n S, n NH, n Na, n S, n NH, nNO, n S, n NH, nNO, n S, n ..• (5.71)

SKNO SKNO SKNO SKNH sKNJr SKNH SKOA SKOA SKOA s~g s~g s~g
NH, nNO, n S, n NH, nNO, n S, n NH, nNO, n S, n NH, nNO, n S, n •••

S~. S~· S~· SkA SkA Skh SKx SKx SKx
NH, nNO, n S, n NH, nNO, n S, n NH, nNO, n S, n

The state process variables vector for the n-th tank is
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(5.72)

The combined vector for the process variables and sensitivity functions for the n-th tank

is

(5.73)

This vector is used to for the state space process and sensitivity model derivation.

The matrix of the process rates derivatives towards the process variables is

arn = [rSNH, nrSNO, n rSS, n . rSNH, nrSNO, n rSS, n . rSNH, nrSNO, n rSS, n] E R3x3
ax SNH,n SNH,n SNH,n' SNO,n SNO,n SNO,n' SS,n SS,n SS,n

n

(5.74)

The vector of the derivatives of the process rates to the model parameters is

f f f YH YH rYH rYA rYA rYA rixo ixo ixo
rSNH, nrSNO, n rSS, nrSNH, nrSNO, Il SS, n SNH, n SNO, n SS, n SNH, nrSNO, n rSS, n

PA PA r:PA rPH rPH r:PH rKs rKs r:Ks r:KOH r:KOH r:KOH
rSNH, nrSNO, n SS, n SNH, n SNO, n SS, n SNH, n SNO, n SS, n SNH, n SNO, n SS, n

r:KNO r:KNO rKNO r:KNH r:KNH rKNH r:KOA KOA KOA 'lg 'lg 'lg
SNH, n SNO, n SS, n SNH, n SNO, n SS, n SNH, nrSNO, n rSS, nrSNH, nrSNO, n rSS, n

r'lh r'lh r:'Ih /h r:kh /h r:Kx r:Kx r:Kx
SNH, n SNO, n SS, n SNH, n SNO, n SS, n SNH, n SNO, n SS, n

T

arn

ae
(5.75)

The description in the state space is given for every tank separately because of the big

dimension of the vector of the state space.

• The state space equation for the first tank in the discrete form is incorporating process

variables and the sensitivity functions, as follows:

XIS(k + 1)= AIS(XI' UI, k )xIS (k)+ eIST P (XI, uI> k)+ BISXi¢(k)+ DIS (XI, UI, k)+ AI~(xl> UI, k)xf(k) (5.76)

where

AIS(xl, UI' k)= diag{AI, (Alii, o = f, YH, YA' iB, J.lA' J.lH' Ks, KoH, KNO,KNH, KOA' 17g, 17h' kh, Kx )}E R48x48 (5.77)

t1t
01--QI 0

VI

0
t1t

0 AI E R3 x3AI= 1--QI
VI

0
t1t

0 1--QI
VI

(5.78)

1+ t1{_ QI + rSNH, I) t1trSNO, I M SS,I
TI: SNH,I SNH,I rSNH,1

I

At = t1t SNH,I 1+ t1{_~+ rSNO, I) t1t SS,I Alii E R3x3
rSNO,1 TI: SNO,I

/'
rSNO,I

I

t1tr;;'1' I t1tr;;'~' I 1+ t1{ -~+ rSS,I)TI: SS,I
I

(5.79)

The matrices Af are identical for all parameters.
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Th t . s . sr· ] 4 x 48e ma nx Cl IS Cl =lCl :04x45 ER (5.80)

-iXB 0
YH

-iXB
l-YH 1

where Cl = I'1t* 2.86YH YH
1 1

0-iXB --
YA YA

0 0

The matrix Bf is

I'!.tQ 00v. 0
I

o

0 0

t1tQ 0v. 0
I

0
I'!.t

QV. 0
I

(5.81 )

o

The inflow waste concentration vector is Xi¢> = [sNH¢>, SNO¢>, SS¢>]T (5.82)

The vector Df is representing the derivatives of the process rates towards the model

parameters.

(5.83)

The matrix A~ describes the connections between the end of the fifth tank and the

beginning of the first one. The connections are done by the vector xl = lx5 sf JE R48

A(J _ di {AIs, A~, o = f, YH, YA' iXB, !-lA' !-lH' Ks, KOH' KNO'} R48x48
15 - zag E

KNH, KOA' 1Jg, 1Jh' kJp s,
(5.84)

where

t1f(V; o, +Qr) 0 0

AI5 = 0 M (Qa +Qr) 0 ER3x3

VI

0 0 6f (Qa +Qr)
VI

~t (Qa+Qr) 0 0
I

(5.85)
AIBs = 0 ~t (Qa+Qr) 0 ER3x3

I

0 0 ~t (Qa+Qr)
I

All matrices AIS are identical and A~ = diag{l'1t (Qa + Qr)}
Vi 48x 48
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• Derivation of the model equations for the other tanks 2 -;-5

The state space model incorporating, the process variables and sensitivity functions is

derived for the n-th tank, as follows:

(5.86)

1- f>.t Q+t,.{,SNH,n f>.t SNO, n f>.t SS. n
V SNH, n 'SNH,n 'SNH,n

n

A8 = t,.{ SNH,n 1- f>.t Q+t,.{,SNO,n f>.trSS, n E R3x3
n rSNO,n V SNO,n SNO,n

n
t,.{ SS, n t,.{.SNO,n 1_t,.{Q+f>.trSS,n

'SS, n 'SS,n V SS,n
n

(5.87)

A =n o M
1--Q V nn

(5.88)

o o

o o

The matrices A~ n-l are

(5.89)

t1t t1tv-Qn-1 0 0 v-Qn-1
0 0

n n

where All, n-I = t1t
0 R3x3 AB 0

t1t0 -Qn-I E '1l, n-l = -Qn-l 0
Vn VII

t1t
0 0

t1t0 0 v-QIl-I -Qn-l
n Vn

The matrices An, n-l and A~, n-l are identical.

The vector D~ is

S -[0 :[ o o o ~e=f'YH'YA,iXB'f.JA'f.JH,KS,KoH,KNO'} lT ER48
Dn - Ix3' rSNH,n rSNO,n "ss,» K K ,., ,., k K

NH' OA, . 19' •I h , Ii' -X

(5.90)

The matrices c~ are equal to cf, with the same coefficients.

• State space model of the whole system

The model of process variables and sensitivity functions for the whole model is

described by the following state space equation:

(5.91)
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The matrix AS is

AS 0 0 0 AI~I

Ail AS 0 0 02

AS = 0 Af2 AS 0 0 E R240x240
3

0 0 A:3
AS 04

0 0 0 At4 At
The matrix CS is

cf 0 0 0 0
0 cr 0 0 0

CS = 0 0 cr 0 0 E R20x 240

0 0 0 c1 0
0 0 0 0 cff

The vector of the process rates is

(5.92)

(5.93)

( k)
_ [Pil Pi2 Pi3 Pi4 Pis P21 pzz P23 P24 P2s P31 P32 P33 P34 P3S]T R20P x, u, - E

P41 P42 P43 P44 P4S PSI PS2 PS3 PS4 PSS
(5.94)

The matrix BS is

(5.95)

The vector DS is

(5.96)

The model (5.91) - (5.96) is used to calculate the sensitivity functions of the

benchmark structure with the ASM1 reduced model. A Matlab program is developed for

these calculations, Appendix C. The results are given in Chapter 9.

5.3.2 Benchmark structure with UCT model

The mass-balance for the Benchmark structure is described by equations (4.13) -

(4.17). The UCT reduced model is described by equations (4.4) - (4.6). The

parameters of the UCT model are given in Table 4.4.

The mass-balance equations have the same structure as above. Only the expressions

for the process rates are different.
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5.3.2.1 Sensitivity equations derivation

The order of calculation is done in the same way as above.

• for the parameter f

1) for the first tank

The sensitivity functions are given by equations

S·f - 1 rQ Sf Q Sf Q S QSf 1 SNH,ISf SNO,ISf SS,I Sf s."'.1 Sf f (5.97)
NH,!-v:-t a NH,S+ r NH.S+ 0 NH~!- NH,! +rSNH,! NH,!+rSNH,! NO,!+rSNH,! S,!+rSNH,! ads,!+rSNH,1

I

S·I - 1 rQ Si Q Si QSI 1 SNH,ISI SNO,ISI SS,I Si S.d..,Si I (5 98)
NO,I -v.-t a NO,S + r NO,S - NO,I +rSNO,1 NH,! +rSNO,! NO,I +rSNO,1 S,I +rSNO,1 ads,1+rSNO,1 .

I

S· f - 1 rQ Sf Q Sf QSf] SNH,ISf SNO,ISI SS,ISI S.""'SI I (599)
S,I - Vr as,S + r S,5 - S,I + rSS,1 NH,! + rSS,! NO,I + rSS,! S,I + rSS,! ads,! + rSS,! .

!

S·I - 1 [Q Si Q Si QS/] SNH'!SI SNO,ISI SS,ISI Sads, IS1 I (5 100)
ads,1 - V. a ads,S + r ads,S - ads,1 + rads,1 NH,I + rads,1 NO,I + rads,! S,! + rads,l ads,! + rads,! .

I

2) for the other n = 2+5 tanks

The sensitivity functions are given equations

S·I - 1 fQ(SI S/)~ SNH,nSI SNO,nsl SS,n Si Sads,nsl I
NH,n -VV NH,n-1 - NH,n ~+rSNH,n NH,n +rSNH,n NO,n +rSNH,n S,n +rSNH,n ads,n +rSNH,n

n

(5.101)

S·I - 1 fQ(SI S/)~ SNH,nSf SNO,nSf SS,n Sf Sads,nSf f (5 102)
NO,n - V ~ NO,n-1 - NO,n ~+rSNO,n NH,n + rSNO,n NO,n + rSNO,n S,n + rSNO,n ads,n + rSNO,n .

n

S·I - 1 [Q(SI S/)~ SNH,nsl SNO,nsl SS,nsl Sads,nsl I
S,n - V S,n-I - S,n ~+rSS,n NH,n + rSS,n NO,n + rSS,n S,n + rSS,n ads,n + rSS,n

n

(5.103)

S·f - 1 rQ(Sf S/)~ SNH,nsf SNO,nSI SS,n Sf Sads,nSf I
ads n - - V ads n-I - ads n ~+rSads n NH n + rSads n NO n + rSads n S n + rSads n ads n + rSads n, Vn ' , " , , " , , , (5.104)

• for the parameter () = YZH' YZA' fZBH' Jl A' JlH ,Ks, KOH ,K NO' K NA ,KOA' ryg ,KMP ,Ksp ,KSA

The equations are as follows:

1) for the first tank

.° 1 r.( ) ° 0] SNH,I e SNO,ISO ss,! SO Sads,ISO ° (5 105)
SNH,I =v,~Qa +Qr SNh,S -QSNH,I +rSNH,1 SNH,I +rSNH,1 NO,I +rSNH,1 S,I +rSNH,1 ads,! +rSNH,1 •

I

.° 1 r.( Q )SO QSO] SNH,ISO SNO,ISO SS,I SO Sads,ISO o (5 '106)
SNO,I =v,~Qa + r NO,S - NO,I +rSNO,1 NH,I +rSNO,1 NO,I+rSNO,1 s.i +rSNO,1 ads,1 +rSNO,1 .

I

S·e - 1 r(Q Q )SO QSo] SNH,ISO SNO,ISO SS,ISO Sads,lsO °
S,I - 11: ~ a + r S,5 - S,I + rSs,1 NH,I + rSs,1 NO,I + rSs,1 S,I + rSS,1 ads,1 + rSs,1

I

(5.107)

S·° - 1 r.(Q Q )SO QSO] SNH,ISO SNO,!SO SS,ISO Sads,ISO ° (5 108)
ads,1 - V,~ a + r ads,S - ads,1 + rads,l NH,I + rads,1 NO,I + rads,1 S,I + rads,l ads,1 + rads,1 .

I
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2) for the tanks n = 2+5

S·e - 1 rQ(so so)~ SNH,nSO SNO,nSO SS,n SO Sads,nSO °
NH,n - TT" U NH,n-l - NH,n 'J+rSNH,n NH,n + rSNH,n NO,n + rSNH,n S,n + rSNH,n ads,n + rSNH,n

n

(5.109)

S·° - 1 rQ(So So)~ SNH,nSO SNO,nSO SS,n SO Sads,nSO o
NO,n - TT" U NO,n-l - NO,n 'J+rSNO,n NH,n + rSNO,n NO,n + rSNO,n S,n + rSNO,n ads,n + rSNO,n

n

(5.110)

S·° - 1 rQ(So So)~ SNH,nSO SNO,nSO SS,nSO Sads,nSO e
S,n - y-U S,n-l - S,n 'J+rSS,n NH,n +rSS,n NO,n + "ss» S,n + "ss,« ads,n + "ss»

n

(5.111)

S·o - _1 rQ(So _ SO )~ SNH,nsO SNO,nSO SS,n SO Sads,nsO ° (5 112)
ads,n - V U ~ ads,n-l ads,n ~+rSads,n NH,n + rSads,n NO,n + rSads,n S,n + rSads,n ads,n + rSads,n .

n

The partial derivatives of the process rates are determined as follows:

• for the parameter f

dr£m,n = dr£m,n = drfs,n = dr!ads,n = 0, n = 1+5

• for the process variables

rSNO,n = -f X ( KNO J( KOH )( SNH,n )
SNH ,n ZSH BH •

(KNO +sNo,nf KOH +So,n KNA +SNH,n

[(S J (SIX JlS,n + K ads,n BH

• f.lH KS + Ss,n 17g
MP x.; + Sads,nl XBH

(5.114)

[
K IX 1 [S )rSads,n = _ K SP BH,n X NH,n

SNH,n fZBH MP (K S IX )2 BH K +S .
SP + ads,n BH,n NA NH," (5.116)

[[
SO" ) [ K OH )[ SNO n ):

• K OH ~ S O,n + 17g K OH + S O,n KNO + SNO,n
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[ K )( S) (S)( K )SS,n __ S NO,n X [f O,n NA +
rSNO,n- PH (Ks+Ss,nY KNO+SNO,n BH,n ZBH KOH+SO,n KNA+SNH,n

( l-YZH)( KOH )( SNH,n ) (l-YZH f )( KOH )( KNA )
+ 2.86YZH KOH+SO,n KNA+SNH,n + 2.86YZH + ZBH KOH+SO,n KNA+SNH,n

rSads,,, = -K ( KSP/XBH )[ SNO,n Jx
SNO,n MP 2 BH,n'

(Ksp+KsP/XBH) KNO+SNO,,,

[f [ SO,,, J[ KNA J (1- YZH)[ KOH J[ SNH,,, J
' ZBH KOH +SO,II KNA +SNH,II +l2.86YZH KOH +SO,II KNA +SNH,II ryg +

( 1 - YZH f )[ K OH J[ K NA J]
+l2.86YZH + ZBH KOH +So,,, KNA +SNH,,, ryg

rSads,n = 0
SS,n

(5.118)

(5.119)

(5.120)

(5.121)

(5.122)

(5.123)

(5.124)

SNH,II =__1 K ( Sads,1I / X BH,II' )( SO,n )[ K NA )X [1- ( SNO,n )l (5.125)
rSads,n YZH MP KSp +Sads,n/XBH,n KOH +SO,n (KNA +SNH,nY BH,n KNO +SNO,n

SS,n - 0
rSads,n -
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1 [Klx )( S JrSads,n = --K SP BH,n O,n X
Sads,n y MP (K S IX )2 K + S BH,n'

ZH SP + ads,n BH,n OH O,n

(5.128)

The partial derivatives of the process rates according to the model coefficients

for the process rate rSNH n

rJf!JI n = 0, 1 [S )[ S )Yu _ NH,n O,n X
rSNH,n --!-lA BA,n

YZA KSA +SNH,n KOA +SO,n

(5.129)

[s )[ S )_ !-l NH,n O,n X
A KSA +SNH,n KOA +SO,n BA,n

(5.130)

,PH =- f ( SS,n Jx [( SNH,n J( SO,n J+[ KOH J( SNO,n Jl (5.131)
'SNH,n ZBH Ks +SS,n BH,n KNA +SNH,n KOH +SO,n KOH +SO,n KNO +SNO,n

/lA _ (1 I. )[ SNH,n )[ SO,n )XrSNH n - - -- ZBH BA,n
, YZ4 KSA+SNH,n KOA+SO,,,

(5.132)

(Sr S ) {[S ) [S IX )}rKOH _ f O,n NH,n X S,n +K ads,n BH,n _
SNH,n - ZBH ? BH,n !-lH MP

(KOH +SO,nY KNA +SNH,n KS +SS,n Ksp +Sads,nIXBH,n

(Sr S )[ S ) {[ S) [S IX )}
_f O,n NIf,n NO,n X S,n +K ads,n BH,n

ZBH (KoH+So,nY KNA+SNH,n KNO+SNO,n BH,n!-lH Ks+Ss,n MP'7
g

KSP+Sads,nIXBH,n

(5.134)

(5.135)
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[s )[ S ) [[ S ) [S IX )lKNA _ I' O,n NH,n X S,n + K ads,n BH,n +
TSNH,n - J ZBH , BH,n!-lH MP

KOH +SO,n (KNA +SNH,nf KS +SS,n Ksp +Sads,nlXBH,n

[ K J[ S )[ S J [[ S J [S IX Jl+ J. OH NH,n NO,n X S,n +K ads,n BH,n

ZBH KOH+SO,n (KNA+SNH,nf KNO+SNO,n BH,n!-lH KS+SS,n MP17
g

KSp+Sads,nlXBH,n

( 1 ) [s )[ S )r:KOA _ + NH,n O,n X
SNH,n - y fZBH !-lA K S (K S f BA,n

ZA SA + NH,n OA + O,n

(5.136)

(5.137)

(5.139)

Ksp - t. K ( Sads,nIXBH,n J( SNH,n J[( So,n J+( KOH 'J( SNO,n JlX
TSNH,n - ZBH MP KSp +Sads,nIXBH,n KNA +SNH,n KOH +SO,n KOH +So,n KNO +SNO,n BH,n

(1 ) [S )( S Jr:KSA - + NH,n O,n X
SNH,n - y fZBH!-lA (K S r K S BA,n

ZA SA + NH,n OA + O,n

(5.140)

(5.141)

1 [K )[ S ) [[ S J [s IX )lYZH _ OH NO,n X S,n + K ads,n BH,n
TSNO,n - 2 BH,n !-lH MP17g •

2.86YZH KOH+SO,n KNO+SNO,n KS+SS,n KSp+Sads,nlXBH,n

[[
SNH,n )+[ K

NA Jl
. KNA +SNH,n KNA +SNH,n

1 [S )l S 1Tru _ NH,n O,n X
SNO,n - 2 86y2 !-lA K S (K S)2 BA,n

. ZH SA + NH,n OA + O,n

(5.142)

(5,143)

[ S J[ K J[ S J [[ S J [S IX JlJZBH _ _ O,n NA NO,n X S,n + K ads,n BH,n
ISNO,n - BH,n !-lH MP

KOH +SO,n KNA +SNH,n KNO +SNO,n Ks +SS,n Ksp +Sads,nlXBH,n

(5.144)

[s )[ K )[ S )!JR = -2 I' S,n NA NO,n X
TSNO,n J ZBH BH,n'

KS +SS,n KNA +SNH,n KNO +SNO,n

(5.145)
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11. _ 1 ( SNH,n J[ SO,n )x
rSNO,n - - 2 BA,n

YZA (KSA+SNH,J KOA+SO,n

(5,146)

(5,147)

1- Y [K )( S J [( S J (S IX JlKOH _ _ ZH OH NO.n X S,n + K ads,n BH,n +

rSNO,n - 2.86YZH {KoH+So,n1 KNO+SNO,n BH,n PH KS+SS,n MPTJg KSP+Sads,nIXBH,n

+ f [ SO,n )( KNA J( SNO,n Jx K ( Sads,nlXBH,n J[l- ]
ZBH (KOH +so,n1 KNA +SNH,n KNO +SNO,n BH,n MP KSp +Sads,nlXBH,n TJ

g

(5.148)

(5.149)

[s r S :[S ) [[S) [SIX )lKNA --f O,n NH,n NO,n X S,n +K ads,n BH,n _
rSNO,n - ZBH ? BH,n PH MP

KS+SO,n (KNA+SNH,n)- KNO+SNO,n KS+SS,n KSp+Sads,nlXBH,n

1 [s )(S )KOA _ NH,n O,n X
rSND,n - - y PA (K S )2 K S BA,"

ZA SA + NH,n DA + O,n

(5.150)

(5.151)

_f K [ Sads,nlXBH,n )[ KOH )[ KNA )[ SNO,n )x
ZBH MP K SP + Sads,n I X BH,n KOH + SO,n K NA +SNH,n KNO +SNO,n BH,n

(5.152)
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rK", 1 ( SNH,n )[ SO,n )X
SNO,n - y f..1.A (K S )2 K +S BA,n

ZA SA + NH,n OA O,n

- for the process rate "ss»

1 (s J (s J[( S J( K J( S JlYZH =_ S,n X [o,n NH,n + NA NO,n +

rSS,n YiH ftH KS+SS,n BH,n KOH+SO,n KNA+SNH,n KNA+SNH,n KNO+SNO,n

(K J(s J[(S J( K Jl+ OH NO,n NH,n + NA ]

KOH + SO,n KNO + SNO,n KNA + SNH,n KNA + SNH,n

r!ZBH =0
SS,n

I( S J (S J[( S J (K J( S JlyflH = __ S,n X [O,n NH,n + NA NO,n +

SS,n YZA KS +SS,n BH,n KOH +SO,n KNA +SNH,n KNA +SNH,n KNO +SNO,n

( K J( S J[( S J( K Jl+ OH NO,n NH,n + NA ]

, KOH+SO,n KNO+SNO,n KNA+SNH,n KNA+SNH,n

rlJA = 0SS,n

1 (s J (s J[( S J( K J( S JJKs _ S,n X [O,n NH,n + NA NO,n +

rSS,n - YZH ftH {Ks +SS,.}2 BH,n KOH +SO,n KNA +SNH,n KNA +SNH,n KNO +SNO,n

(K J(S J[(S J( K JJ+ OH NO,n NH,n + NA ]

KOH +SO,n KNO +SNO,n KNA +SNH,n KNA +SNH,n

1 [S )( S ) [( S )[ (S )J]KOH _ _ S,n O,n X NH,n 1- NO,n

rSS,n - YZH f..1.H Ks +SS,n (KOH +So,nJ BH,n KNA +SNH,n KNO +SNO,n
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(5.156)

(5.157)

(5.158)

(5.159)

(5.160)

(5.161)

(5.162)

(5.163)

(5.164)

(5.165)



1 [S )[ S ) (S J[ [S JlKNA __ S,n NH,n X O,n 1- NO,n

rSS,n - YZH f.lH KS+SS,n (KNA+SNH,nY BH,n KOH+SO,n KNO+SNO,n
(5.166)

rKOA - 0SS,n -

KSA 0
rSS,n =

(5.167)

(5.168)

(5.169)

(5.170)

(5.171)

(5.172)

(5.173)

~g 0
rSS,n =

riMA = 0
SS,n

-derivatives of the process rate rads n towards the model parameters

(5.174)
YZA =0 (5.175)rSads,n

rhm = 0 (5.176)Sads,n

IlH =0 (5.177)rSads,n

rllA =0 (5.178)Sads,n

.s, =0 (5.179)

(5.180)

r

1 (S IX J[ S ) (S J[ (S JlKNA _ -K ads,n BH,n NH,n X O,n 1- NO,n (5.182)
rSads - YZH MP KSp+Sads,nIXBH,n (KNA +SNH,nY BH,n KOH+SO,n KNO+SNO,n

rKOA = 0Sads,n
(5.183)
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(5.184)

l( SIX) (S )[( S )( K )( S )lKMP = __ ads,n BH,n X [o,n NH,n + NA NO,n +

r
Sads YZH KSp +Sads,nIXBH,n BH,n KOH +So,n KNA +SNH,n KNA +SNH,n KNO +SNo,n

(K )( S )[(S )( K )l+ OH NO,n NH,n + NA ]

TIg KOH +SO,n KNO +SNo,n KNA +SNH,n KNA +SNH,n

(5.185)

1 [ S IX 1 [S J[[ S J [K J[ S JlKsp = _ _ ads,n BH,n X [O,n NH,n + NA NO,n +

r
Sads

YZH (Ksp + Sads,n I X BH,n r BH,n KOH + SO,n K NA + SNH,n K NA + SNH,n KNO + SNO,n

[ K J[ S J[[ S J[ K Jl+ OH NO,n NH,n + NA ]

TIg KOH +SO,n KNO +SNO,n KNA +SNH,n KNA +SNH,n

rs~s,n =Xs,nXBH,n(fMA -Sads,n/XBH,n)

(5.186)

(5.187)

(5.188)

(5.189)

KSA -0
rSads,n -

KOA -K X XrSads,n - A S,n BH,n

5.3.2.2 Sensitivity state space model

The sensitivity state space model is formed. It is based on the model of the plant

extended with the model of the sensitivity functions.

The vector of the sensitivity functions consists of all sensitivity functions according to

the model parameters, as follows for the n-th tank:

SI Si Si Si SYZH SYZH SYZH SYZH SYZA SYZA SYZA SYZA
NH n NO n S n ads n NH n NO n S n ads n NH n NO n S n ads n ..., , , , , , , , , , , ,

T

SKs SKs SKs SKs SKOR SKOR SKOR SKOR SKNO SKNO SKNO SKNo
Se = NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n'"

n

SlzBR SIZBR SIZBH slZBR SPA SPA SPA SPA Sp/! SPH s» SPR
NH ,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n •••

SKNA SKNA SKNA SKNA SKOA SKOA SKOA SKOA S1Jg S1J. S1J. S1J.
NH n NO n S n ads n NH n NO n S n ads n NH n NO n S n ads n ..., , , , , , , , , , , ,

SKMP SKMP SKMP SKMP SKsp SKsp SKsp SKsp SKSA SKSA SKs., SKSA
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n adsn >:

SIMA siMA SiMA SiMA SKA SKA SKA SKA
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n

The process state space vector for the n-th system is

Xn =[SNH,n SNO,n SS,n Sad"n]ER
4

The combined vector for the process variables and sensitivity functions is

XS =[X sBy ER72
n n n

(5.191)

(5.192)
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This vector is used to describe the model of the process variables and sensitivity

functions. The matrix of the process rates derivatives towards the process variables is

SNH,n SNO,n SS,n Sads,n
rSNH,n rSNH,n rSNH,n rSNH,n

8rn
SNH,n SNO,n SS,n Sads,n

rSNO,n rSNO,n rSNO,n rSNO,n
E R4x4

(5.193)
8Xn

SNH,n SNO,n SS,n Sads,n
"ss» "ss» "ss» "ss»

SNH,n SNO,n SS,n rSads,n
rSads,n rSads,n rSads,n Sads,n

The vector of the process rates derivatives towards the parameters can be represented

in the following way

rl rl rl rl rYZH rYZH rYZH rYZH rYZA rYZA rYZA rYZA
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n ...

rlZBH rlZBH rlZBH rlZBH rf.JA rf.JA rf.JA rf.JA rf.JH rf.JH -e» rf.JH
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n ...

Ks Ks Ks Ks KOH KOH KOH KOH KNO KNO KNO KNO
rNH n rNO n rS,n rads,n rNH,n rNO,n rS,n rads,n rNH,n rNO,n rS,n rads,n ...

KNA KNA KNA KNA KOA KOA KOA KOA TIg TIg TIg TIg
rNH,n rNO,n rS,n rads,n rNH,n rNO,n rS,n rads,n rNH,n rNO,n rS,n rads,n .

rKMP rKMP rKMP rKMP rKsP rKsP rKsP rKsP rKSA rKSA rKSA rKSA .
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n

riMA riMA riMA riMA rKA rKA rKA rKA
NH,n NO,n S,n ads,n NH,n NO,n S,n ads,n

T

(5.194)

The common process and sensitivity state space model is described for every tank

separately because of the big dimension of the vector of state space and the number of

tanks.

• The state space model for the first tank in discrete form is

XIS (k + 1) = A]S(XI' U]' k )xt (k)+ CIS T p(x], UI' k)+ Bt X[¢(k)+ Dt (XI' UI' k)+ A]~(xI' UI' k )xff (k)

(5.195)

where

(5.196)

!'J.t
0 0 0l--QI

Tl
0 l_!'J.t{2] 0 0 (5.197)

A[= Tl ER
4x4

!'J.t
0 0 l--Q[ 0

Tl
0 0 0

!'J.t
l--QI

Tl

The matrices AIo are identical for all model parameters
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1+~{ _ QI +~SNH,I ) I'1t~SNO,1 1'1t~~"S,1 I'1tr.Sad~1
Jl; SNH,I SNH,I SNH,I SNH,I

I

I'1trf!'H,1 1+1'1t( _ QI +~SNO,I ) I'1t~SS,1 I'1tr.Sad~1
(5.198)SNO,l Jl; SNO,l SNO,I SNO,I

A~ = I ER4x4

I'1t SNH,I I'1tr.SNO,1 1+1'1t( - QI + rss,1 ) I'1t Sad~1
rss,1 SS,I Jl; .5:1',1 rss,1

I

I'1tr.SNH,1 I'1tr.SNO,1 I'1tr.SS,1 1+1'1t( _ QI + ~Sad~1 )Sad~1 Sad~1 Sad~1 Jl; Sads,1
I

The matrix CIS = [Cl: 0IOX68]E RIOx72
, where

- fZBH 0 -ljYZH 0
0 - fZBH -ljYZH 0

- fZBH
l-YzH -ljYZH 0
2.86YZH

0
l-YZH

fZBH -1/YzH 0
2.86YZH (5.199)

- fZBH 0 0 -ljYZH
Cl = f..t* 0 - fZBH 0 -1/YzH

E RIOx4

- fZBH
l-YzH 0 -ljYZH2.86YZH

0
l-YzH

fZBH 0 -ljYZH2.86YZH
0 0 0 1

1
I/Y ZA-y--fZBH 0 0

ZH

The matrix

MQo 0 0 0
V;
0 0 0 0

0 0 0 0

0 0 0 0 BI = diag(f ~tQo ~tQo ~tQo MQo)
BIs = .................. V; V; V; V;

°68x4

(5.200)

The vector DIs represents the derivatives of the process rates towards the model

parameters
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(5.201 )

The matrix Al~describes the connections between the end of the fifth tank, recycle and

the beginning of the first one, The vector x; is formed in the same way as the vector

As -d' {A AO[(}=f,YzH'YZA,fZBH'JiA'JiH,KS,KOH' )}T R72x72
15 - zag 15' 15 E

KNO' K NA'KOA' 1]g' KMP' Ksp,KsA' f MA' KA
(5.202)

where

A -d' (fl.t(Qa+Qr) ~t(Qa+Qr) fl.t(Qa+Qr) fl.t(Qa+Qr)) R4x4Ao -d' {fl.t(Qa+Qr)}
15 - zag , , , E 15 - zag

V; V; V; V; V; 68x68

because all sensitivity functions and process variables have the same internal recycle

flows, This means that

As _ di {fl.t(Qa + Qr )}
I - zag

VI 72x72

• Derivation of the equations for the other tanks, n = 275

The return flow dynamics for all other tanks are identical, that is why the models will be

with the same structure, as follows

X,7(k +1)= A,7 (XII' Uil' k )X,7 (k)+ C,7T p(xll, Uil' k )+D,7 (XII' Uil' k)+ A;,1l-1(XII' Uil' k )X,7-1 (k)
(5.203)

(5,204)

MrSNH,n
SNO,n 1+ M(- Qn + rSNO,n JV SNO,n

n

A, SS,n
'-"YSNO,n

M Sads,n
YSNO,n (5,205)

1+M(- Qn + rSNH,n JV SNH,n
n

MySNO,n
SNH,n

A. SS,"
L>LrSNH,n

A. Sads,n
L>LrSNH,"

A. SNH,n
'-"YSS,n

A, SNO,n
lJ.LrSS,n 1+ M(- Q" + ySS,n JV SS,n

n

A. Sads,n
,-"rSS,n

A, SNO,n
LJ.lrSads,n

A, SS,"
,-"YSads,n 1+ M(- Qn + ySads,n JV Sads,n

n

The matrix A: has the same structure for all parameter ()and for all tanks n = 2,5.

120



The matrices AS are AS _ di {An,n-l,A~,n-l'() = f'YZH'YZA,fzBH,J1A,J1H,Ks,KoH, }
n,n-I n n-l - zag

, KNO,KNA ,KOA ,7]g,KMP,KSp,KsA' fMA ,KA

where An,n-l = diag{L'lt
Qn-1} A~,n-l = diag{MQn-l} for one parameter.
~ ~4 ~ ~4

Then A~n-l = diag{MQn-l} for all parameters e.
vn 72x72

(5.206)

The vector D: is

(5.207)

The matrices C: are equal to CIS with the same coefficients,

• State space process and sensitivity model of the whole process

Combining all equations for the tanks, the full model is

XS(k+l)= AS xS(k)+eST p(xs, u, k )+Bs Xi¢(k)+Ds(xs, u, k ~ XS(o)= xg (5.208)

where

AS 0 0 0 AISI

Afl AS 0 0 02

AS = 0 Aiz AS 0 0 E R36Ox36o (5.209)3

0 0 A:3
AS 04

0 0 0 44 4
The matrix CS is CS = d'agfes CS CS CS CS}E R50x360

1 ~1'2'3'4'5 (5.210)

P23 P24 P25 P26 P27 P28 P29 P210 P31 P32 P33 P34

The vector p is P = P35 P36 P37 P38 P39 P3lO P41 P42 P43 P44 P45 P46 E R50

P47 P48 P49 P410 P51 P52 P53 P54 P55 P56 P57 P58

PS9 PSIO

(5,211 )

The matrix BS is (5.212)

(5.213)

The full model is used for calculation of the sensitivity functions, Chapter 9.
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5.4 Derivation of the sensitivity functions and reduced model for the Athlone process

5.4.1 Reduced process model based on the ASM1 biological model

The process mass balance equations for the Athlone process are given by the

equations (4.34) - (4.36). The reduced model parameters are the same as for the

Benchmark process model.

5.4.1.1 Sensitivity equations derivation

The sensitivity functions are derived as follows:

• For the parameter f

1) For the first tank

S·I - 1 rQ Si Q S Q Si ] SNH,lSI SNO,ISI SS,I Si I
NH,I -v.~P NH,2 + 0 NH¢; - I NH,I +rSNH,1 NH,I +rSNH,1 NO,I +rSNH,1 S,I +rSNH,1

I
(5.214)

S·I - 1 rQ Si Q Si ] SNH,ISI SNO,ISI SS,I Si I
NO,I -v.~P NO,2 - I NO,I +rSNO,1 NH,I +rSNO,1 NO,I +rSNO,1 S,I +rSNO,1

I
(5.215)

S·I - 1 rQ Si Q Si] SNH,ISI SNO,ISI SS,ISI I
S,I - v.~p S,2 - I S,I + rss,1 NH,I + rss,1 NO,I + rss,1 S,I + rss,1

I

(5.216)

2) For the second tank

S·f - 1 [Q Sf Q Sf Q Sf Q Sf ] SNH,2Sf SNO,2Sf SS,2 Sf f (5 217)
NH,2 - V I NH,I + a NH,3 + r NH,3 - 2 NH,2 + rSNH,2 NH,2 + rSNH,2 NO,2 + rSNH,2 S,2 + rSNH,2 .

2

S·f - 1 [Q Sf Q Sf Q Sf Q Sf ] SNH,2Sf SNO,2Sf SS,2 Sf f (5218)
NO,2 - V I NO,I + a NO,3 + r NO,3 - 2 NO,2 + rSNO,2 NH,2 + rSNO,2 NO,2 + rSNO,2 S,2 + rSNO,2 .

2

S·I - 1 rQ Si Si Q I Q Si] SNH,2S1 SNO,2S1 SS,2 I f
S,2-

V2
V I S,I+Qa S,3+ rSS,3- 2 S,2 +rSS,2 NH,2+rSS,2 NO,2+rSS,2SS,2+rSS,2 (5.219)

3) For the third tank

S·f - 1 rQ Sf Q Sf ] SNH,3S1 SNO,3S1 SS,3 Si I
NH,3 -V~ 2 NH,2 - 3 NH,3 +rSNH,3 NH,3 +rSNH,3 NO,3 +rSNH,3 S,3 +rSNH,3

3

(5.220)

S·I - 1 rQ Si Q Si ] SNH,3S1 SNO,3Sf SS,3 Si f
NO,3 - vV 2 NO,2 - 3 NO,3 + rSNO,3 NH,3 + rSNO,3 NO,3 + rSNO,3 S,3 + rSNO,3

3

(5.221 )

S·I - 1 rQ Sf Q Si] SNH,3S1 SNO,3Sf SS,3S1 f
S,3 -VV 2 S,2 - 3 S,3 +rSS,3 NH,3 +rSS,3 NO,3 +rSS,3 S,3 +rSS,3

3
(5.222)

1) For the first tank:,

S·e _ 1 rQ Se Q Se ] sNH,ISe sNo,ISe SS,I Se o
NH,I -v.V p Nh,2 - I NH,! +rSNH,1 NH,! +rSNH,1 NO,I +rSNH,! S,I +rSNH,1

I
(5.223)
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. oIr 0 0] SNH,' 0 SNO"SO SS,, SO 0
SNO" =v.-lQpSNO,2 -Q,SNO" +rSNO,1 SNH" +rSNO" NO,' +rSNO" S,' +rSNO", (5.224)

S·0 1 rQ SO Q So] SNH,'SO SNO"SO SS,'SO 0
S,' = v.- U p S,2 - , S,' + rSS,' NH,' + rSS,' NO,' + rSS,1 S,' + rSS,', (5.225)

2) For the second and third tank

The sensitivity equations for the parameters () are equivalent to the structure to these

for the parameter f, but all derivatives are taken according to the parameters O:

The derivatives of the process rates towards the process variables are the same as for

the Benchmark model because they are based on the ASM1 biological model. The

same is applied for the derivatives of the process rates towards the parameters.

5.4.1.2 State space sensitivity model

The state space sensitivity vector S: is given by the equation (5.189). The state

process variable and sensitivity vector is X; = [Xn; S:] E R48
• The matrix of the process

rate derivatives towards the process variables and the vector of the process rate

derivatives towards the parameters () are the same as these for the Benchmark

structure.

• The state space equation for the first tank in a discrete form is

XIS (k + 1) = A,s (x,s , u" k )x/ (k) + eiSTp(x,S, u" k )+ B,sx, + D,s (xf, u" k )+ A,: 2xff (5.226)

where A,s is determined in the same way as for the benchmark model A,s E R48x48,

1- ~t Q a av: I
I

A- a 1_MQ a E R3x3
I- v: I

I

a a 1_MQv: I
I

(5.227)

1+~{ - QI +rSNH,IJ ~trSNo,1 ~t SS,Iv: SNH,I SNH,I rSNH,1
1

A~ = ~t SNH,I 1+ ~{- QI + rSNO,1J ~t SS,I E R3x3
rSNO,1 v: SNO,I rSNO,1

1

~t SNH,I ~trSNO,1 1+ ~{ - QI + rss,1 Jrss,1 SS,I v: SS,I
1

(5.228)
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The matrices A~ are identical for all parameters. The matrices C,s E R4x48
! B,s E R48x3

and the vector D,s E R48 are the same as for the Benchmark model.

The matrix A,~ describes the connections between end of the second tank and the

beginning of the first one. This matrix can be expressed in the following way.

As _ di {A'2' A,~, () = J, YH, YA' iXB' PA' PH' Ks, KOH' KNO'} R48x48
12 - zag E

KNH,KOA'~g'~h,kh,Kx
(5.229)

MQp
0 0

MQp
0 0

VI VI
where AI2 = 0

MQp
0 R 3x3! AO - 0

MQp
0 E R3x3

VI
E 12 -

VI

0 0
MQp

0 0
MQp

VI VI

Then AS _ d' {MQp} R48x4812 - lag E
VI

(5.230)

• The state space equation for the second tank is

Xf(k + 1)= Af~f, u2' k)+ efT p2(xf, u2' k )+Df(xf, U2, k )+ Af,xt(k)+ Af3Xf(k) (5.231)

The matrices are

1_l'!.tQ2 0 0
V2

A2 = 0 1- MQ2 0 E R3x3

V2

0 0 1- MQ2
V2

(5.232)

1+1'!.{ - Q2 +rSNH,2 J I'!.trSNO,2 I'!.trSS,2V SNH,2 SNH,2 SNH,2
2

o M SNH,2 l+M( - Q2 +rSNO,2 J M SS,2 E R3x3A2 = rSNO,2 V SNO,2 rSNO,2
2

I'!.trSNH,2 M SNO,2 1+1'!.{ - Q2 +rSS,2 JSS,2 rSS,2 V SS,2
2

(5.233)

(5.234)

MQI 0 0
V2

A21 = Afl = 0 MQI 0 E R3x3

V2

0 0 MQI
V2

(5.235)
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M(Qa +Qr) 0 0
V2

A23 = Af3 = 0 M(Qa +Qr) 0 E R3x3
V2

M(Qa +Qr)0 0
V2

(5.236)

A~ = diag{A21, A~l' () = f ...K X }E R48x48

A2~ = diag{A23, Af3' () = f ...K X }E R48x48

(5.237)

(5.238)

The matrix C; and the vector D; have the same structure as the corresponding ones

for the second tank of the Benchmark process.

• The state space equation for the third tank is

xf (k + 1)= Af(x[, u3' k)xf (k)+ efT P3(X[, u3' k )+ Df(x[, u3' k )+ Af2Xf (k) (5.239)

where

t1.tQ3
0 01---

V3

A3= 0
MQ3

0 E R3x31---
V3

0 0
MQ31---

V3

(5.240)

1+ t1.{_ Q3 + rSNH,3) t1.trSNO,3 t1.trSS,3~ SNH,3 SNH,3 SNH,3
3

A: = t1.trSNH,3 1+ M( _ Q3 + ySNO,3) t1.tr;;g3 E R3x3SNO,3 ~ SNO,3
3

Mr;:~,3 t1.t SNO,3 1+ t1.{ - Q3 + rSS,3)rSS,3 ~ SS,3
3

(5.241 )

Ai = diag{A3, Af , o = f, ...,K x} E R48x48 (5.242)

!J.t Q2
V3

A[2 = diag{A32, A:2, o = f, ...,K x } E R48x48

o o
(5.243)

!J.t Q2
V3

A32 = A:2 = 0

o o

(5.244)

The matrix C; and the vector D; have the same structure as the corresponding ones

for the third tank of the Benchmark process.
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• sensitivity model for the whole plant

The state space equation for the whole Athlone plant is

XS(k+ 1)= AS(xs, u, k )xS(k)+ CST p~S, u, k )+BS Xi¢ +DS(xS, u, k ) (5.245)

where the matrices are

(5.246)

CS = di fCs CS CS} R12x144zag~ i . 2' 3 E (5.247)

(5.248)

(5.249)

and the corresponding vectors are XS E R144
, U E R3 ,p E R12

, Xi¢> E R3 . This model is used

for simulation of the sensitivity functions behaviour in Matlab.

5.4.2 Sensitivity model based on the UCT biological model

The process mass balance equations are given by the Equations (4.34) - (4.36). The

reduced model parameters are the same as for the Benchmark process model with the

UCT biological model. The vectors of the process state space variables, the vector of

the sensitivity functions, the matrix of the process rate derivatives towards the process

variables, the vector of the process rate derivatives towards the model parameters

have the same structure as the one for the Benchmark process with the UCT biological

5.4.2.1 Sensitivity equations derivation

The sensitivity equations are derived in a similar manner to the Benchmark

structure way.

• for the parameter f

1) For the first tank
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S·f - 1 [Q Sf Q Sf Q Sf ] SNH,ISf SNO,ISf SS,I Sf Sads,ISf f (5 250)
NH,I - V, P NH,2 + 0 NH,; - I NH,I + rSNH,1 NH,I + rSNH,1 NO,I + rSNH,1 S,I + rSNH,1 ads,1 + rSNH,1 .

I

S·I - 1 rQ Si Q Si ] SNH,ISI SNO,ISI SS,I I Sad,,1 . I I
NO,I -v,~p NO,2 - I NO,I +rSNO,1 NH,I +rSNO,1 NO,I +rSNO,ISS,1 +rSNO,ISads,1 +rSNO,1

I

S'I_1rQsI QS/] SNH,ISI SNO,ISI sS,ISI s ad ,.IS·1 I
S,I -v.~p S,2 - I S,I +rss,1 NH,I +rss,1 NO,I +rss,1 S,I +rSS,l ads,1 +rss,1

I

2) For the second tank

(5.251 )

(5.252)

(5.253)

S·f - 1 [Q Sf Q Sf Q Sf Q Sf 1 SNH,2Sf SNO,2Sf SS,2 Sf Sads,2Sf f
NH,2 - V I NH,I + a NH,3 + r NH,3 - 2 NH,2 + rSNH,2 NH,2 + rSNH,2 NO,2 + rSNH,2 S,2 + rSNH,2 ads,2 + rSNH,2

2

(5.254)

S·f - 1 [Q Sf Q Sf Q Sf Q Sf 1 SNH,2Sf SNO,2Sf SS,2 Sf Sads,2S' f f
NO,2 - V I NO,I + a NO,3 + r NO,3 - 2 NO,2 + rSNO,2 NH,2 + rSNO,2 NO,2 + rSNO,2 S,2 + rSNO,2 ads,2 + rSNO,2

2

(5.255)

S·f - 1 rQ Sf Q Sf Q Sf Sf 1 SNH,2Sf SNO,2 f SS,2 f Sads,2 . f f (5 256)
S,2-vt I S,I+ a S,3+ r S,3-QZ S,2 +rSS,2 NH,2+rSS,Z SNO,Z+rSS,ZSS,2+rSS,Z Sads,Z+rSS,2 .

2

S·f - 1 rQ Sf Q Sf Q Sf Q Sf ] SNH,2Sf SNO,2Sf SS,2Sf Sads,2S' I f
ads Z - - ~ 1 ads 1 + a ads 3 + r ads 3 - Z ads 2 + rads Z NH Z + rads 2 NO 2 + rads 2 S 2 + rads 2 ads 2 + rads 2, V

2
' , , , , , , , " , , ,

3) For the third tank

S·f - 1 r
Q

Sf Q Sf ] SNH,3Sf SNO,3S1 SS,3 Si Sads,3sf f
NH,3 -v-~ 2 NH,2 - 3 NH,3 +rSNH,3 NH,3 +rSNH,3 NO,3 +rSNH,3 S,3 +rSNH,3 ads,3 +rSNH,3

3

S·I _ 1 r Si I] SNH,3 I SNO,3 I SS,3 I Sads,3 . I I
NO,3 -v-LQ2 NO,2 -Q3SNO,3 +rSNO,3 SNH,3 +rSNO,3 SNO,3 +rSNO,3SS,3 +rSNO,3 Sads,3 +rSNO,3

3

S·f - 1 [Q Sf Q Sf] SNH,3Sf SNO,3Sf SS,3Sf Sads,3S' f f
S,3 -v- 2 S,2 - 3 S,3 +rSS,3 NH,3 +rSS,3 NO,3 +rSS,3 S,3 +rSS,3 ads,3 +rSS,3

3

S·I - 1 rQ Si Q Si ] SNH,3S1 SNO,3S1 SS,3S1 Sads,3s' I I
ads,3 -v-~ 2 ads,2 - 3 ads,3 +rads,3 NH,3 +rads,3 NO,I +rads,3 S,3 +rads,3 ads,3 +rads,3

3

(5.257)

(5.258)

(5.259)

(5.260)

(5.261 )

1) For the first tank

S·B 1 fQ SB Q SB ] SNH,ISB SNO,ISB SS,I SB Sads,ISB B
NH,I = V,~ p NH,2 - I NH,I + rSNH,1 NH,I + rSNH,1 NO,I + rSNH,1 S,I + rSNH,1 ads,1 + rSNH,1

I

S·B 1 fQ SB Q SB ] SNH,ISB SNO,ISB SS,I SB Sads,ISB B
NO,I =V,~P NO,2 - I NO,I +rSNO,1 NH,I +rSNO,1 NO,I +rSNO,1 S,I +rSNO,1 ads,1 +rSNO,1

I
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S·B_1 [Q SB Q SB] SNH,ISB SNO,ISB SS,ISB Sads,ISB B
S,I - V. p S,2 - I S,I + rSs,1 NH,I + rSs,1 NO,I + rSs,1 S,I + rSs,1 ads,1 + rSs,1

I

(5.264)

S·B_1 fQ SB QSB] SNH,ISB SNO,ISB SS,ISB Sads,ISB B
ads,1 - V.~p ads,2 - ads,1 + rads,1 NH,I + rads,1 NO,I + rads,1 S,I + rads,1 ads,1+ rads,1

I

(5.265)

2) For the second and third tank

The sensitivity equations have the same structure like these for the tanks two and

three according to the parameter f, but here the derivatives are taken according to the

parameters e .

5.4.2.2 State space sensitivity model

The state space sensitivity vector S~ E R68 is given by Equation (5.190). The state

process variables and sensitivity vector is X; = [X n; S~] ER 72 , n = 1,2,3. The matrix of

ar
the process rates derivatives according to the process variables _"_ E R4x4 is given by

ax"
the Equation (5.193). The vector of the process rates derivatives towards the model

parameters. ar" E R68 is given by the Equation (5.194). The process and sensitivity
ae

state space model is described for every tank separately because of the big dimension

of the vector of the state space.

• The state space model for the first tank in discrete form is

XIS (k + 1)= At (xt, UI' k )xIS (k)+ CIS TPI (xt, up k )+ BIs Xi¢ + DIs (XIS, UI' k )+ AI~2XJ (5.266)

where A/ is determined in the same way as for the Benchmark structure with the UCT

biological model, AIs = diag{Ap At ,e = ... }, AIs E R72x72

1_t.tQ 0 0 0V, I
I

0 1- t.t Q 0 0 (5.267)v, I
E R4x4Al = I

0 0 1_t.tQ 0v, I
I

0 0 0 1_t.tQv, I
I

128



1+ ~{ _ Q + rSNH,I) Mr;::::11 ~trsS;~,1 Mr;;:::iV. SNH,I
I

~tr;:::/ 1+ ~{ _ Q + rSNO,I) MrsS;g,1 ~trsS;~il (5.268)
V. SNO.I

A~ =
I E R4x4

~tr;s":-I ~trSNO.I 1+ ~{- Q + rSS'I) ~tr;;Xs.I
SS,I V. SS.I

I

~tr;'7:.il Mr;'~?il Mr;'~:.1 1+ ~{_ Q + r&idS.I)V. &ids,I
I

()=!'YZB'YZA""

The matrices A~ are identical for all parameters e.
The matrix CIS = [Cl :()IOx68] E RIOx72 is the same as for the Benchmark structure with the

UCT model lt is the same for the matrix BS = [BI] E R72x4 B E R4x4 Be E R68x4 and for. I Be ' I 'I
I

the vector DIs E R72
. The vector PI E RIo.

The matrix Atz =diag{Alz,A~,e=f'YzH,YZA, ... ,Kx }ER72x72 describes the connections

between the end of the second tank and the beginning of the first tank, where

!1tQp
0 0 0

V;
0

!1tQp
0 0 AS _ di {MQp} R72x72

AI2 = V; = AI~ ER
4x4 12 - lag -- E

!1tQp VI
0 0 0

V;

0 0 0
!1tQp

V;

(5.269)

• The state space equation for the second tank is

Xi(k+l)= Ai(xJ, U2, k)+CiT pz(xJ, U2, k )+Di(xJ, Uz, k )+AfIXI
S(k)+Af3X;(k)

where the matrices are

(5.270)

A-d' {I !1tQ2} R4x4
2 - zag --- E

V2

1+ ~t(- Q2 + rSNH.2)V SNH,2
2

!1tr5ads.2SNH,2

(5.271 )
1+ !1t(- Q2 + rSNO,2) ~tr;;(}2V

2
5NO.2

~tr5NO,2 I+ !1t(- Q2 + r55.2)55,2 V
2

55,2

1 + M(- Q2 + r5adS,2)V Sads,2
2

129



A di {A QI} AO R4x4 AS R72
21 = zag il! V

2
= 21 E '21 E

(5.272)

(5.273)

The matrix c: and the vector D; have the same structure as the corresponding ones

for the Benchmark structure with the UCT model.

• The state space equation for the third tank is

XJ(k +1)= AJ(xff, u3, k )xJ(k)+ eJT p3(xff, u3, k )+DJ(xff, u3, k )+ A~xff(k)

where

(5.274)

A - di {I MQ3 } R 4x43 - zag --- E
V3

I'J.trSNH,3
Sods,3

I'J.trSNO,J
Sads32 1+ M(- Q3 + rsadS,3)V Sods,3

3

(5.275)

1+ I'J.t(- Q3 + rSNH'3)V SNH,3
3

I'J.frSNH,3
SS,3

1+ I'J.t(- QJ + rSNO'3) Mrf;6,3V
3

SNO,3

I'J.frSNO,3 1+ M(- Q3 + rSS'3)SS,3 r; SS,3

(5.276)

The matrix ei and the vector D3
S have the same structure as the corresponding ones

for the third tank of the Benchmark plant with the UCT biological model.

• State space process and sensitivity model of the Athlone plant

The state space equation for the whole Athlone plant is

XS(k+ 1)= AS(xs, u, k)xS(k)+ eST p(xs, u, k )+BS Xi¢>+ DS(xs, u, k )

where the matrices are

(5.277)

(5.278)

(5.279)
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(5.280)

(5.281 )

and the corresponding vectors are XS E R216
, U E R3

, PE R30
, Xi¢! E R4

• This model is

used for simulation of the sensitivity functions behaviour in Matlab, Chapter 9.

5.5. Matlab simulation of the sensitivity models

Matlab software for simulation of the state space models of sensitivity is developed for

the considered plants, Appendix C. The results are described in Chapter 9.

5.6 Conclusion

Sensitivity functions, equations and state space models are derived in the chapter for

the cases of Benchmark and Athlone plants. Two biological models - ASM1 and UCT

are considered for every plant. Matlab software for the sensitivity functions calculation

and sensitivity models simulation is developed. The results are described and

discussed.

The sensitivity study of the model inputs and parameters give answer to the question

which parameters to estimate. The biological nutrient removal models may be not

identifiable since there are many more parameters than there are feasible

measurements. That is why if some insensitive parameters could be found the problem

for parameter estimation could be simplified (Holmberg & Ranta, 1982). The sensitivity

of the model dynamic set of equations is to examine the changes of the model

variables towards the changes in the system parameters. Parameters with large values

over the sensitivity functions have to be estimated (Sato & Ohmori, 2002)
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CHAPTER SIX

PARAMETER ESTIMATION

6.1 Introduction

Parameter estimation is a common feature in many areas of process modeling, both in

on-line applications such as real time optimization and in off-line applications such as

the modeling of reaction kinetics and biotechnological processes (Lennox et ai, 2001),

(Montague, 1997), (Nornikos and MacGregor, 1994), (Luyben, 1993), (Gudi et ai,

1995), (Dacosta et al, 1997), (Wang et al, 1999), (Fisher et al, 1988), (Stecha et al,

2005), (Dochain, 2003) and (Wang and Gawthrop, 2001). The aim is to determine

values of model parameters that provide the best fit to measured data, generally based

on some type of least squares or maxim um likelihood criterion (Bjorck, 1996), (Huffel

and van de Walle, 1991), (Soderstrom, 1974), (Clarke, 1967), (Geladi and Kowalski,

1986), (Hulhoven and Bogaerts). In the most general case, this requires the solution of

a nonlinear and frequently nonconvex optimization problem (James et ai, 2002),

(Francisco et al, 2003), (Sakizlis et al, 2004), (Lakshminarayanan et al, 1996), (Valdes

et ai, 2003), (Wang et ai, 2005), (Gawthrop and Wang, 2004), (Adby and Dempster,

1974) and (Boyd and Vandenberghe, 2002).

6.2 Assessment of the structurally identifiable parameters

A study of the structural identifiability of model parameters prior to practical parameter

estimation or model calibration is very important in order to obtain reliable parameter

estimates (Petersen et aI., 2003). The problem for identifiability of the parameters is

based on the possibility for measurement of some of the state variables and for unique

calculation of the model parameters using model structure (structural identifiability) or

type and quality of the available data (practical identifiability). The two types of

identifiability are very different - in the study of the first one perfect noise-free data are

assumed whereas in the practical one the data may be noise corrupted. As a result the

parameters could be structural identifiable and practically unidentifiable.

The structural identifiability for linear system is well understood. An overview of the

existing methods is given in (Godfrey & Di Stefano, 1985). Assessment of the structural

identifiability for nonlinear models is more complex and only a few methods are

available (Margaria et aI., 2001). The approach for nonlinear models is to derive

necessary and/or sufficient conditions that may allow taking conclusion for the
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structural identifiability. The methods available for models with Monod kinetics are

(Dochain & Vanrolleghem, 2001)

• Transformation of the nonlinear model into linear one (Godfrey & Di Stefano, 1985),
(Walter, 1982), (Dochain et al., 1995), (Ljung & Glad, 1994)

• Series expansion - Taylor series and generating series (Dochain et al., 1995),
(Holmberg, 1982), (Walter, 1982), (Pohjanpalo, 1978)

• Similarity transformation or local state isomorphism (Ljung & Glad, 1994), (Chappell et
al., 1990), (Julien et al., 1998)

• Study of the observability properties of the nonlinear systems (Casti, 1985)

On the basis of the overview of the existing literature the following conclusion can be

made (Dochain & Vanrolleghem, 2001), (Peterson et al., 2003):

• In general for both linear and nonlinear models, it could be very difficult to predict which
approach is easiest to be implemented. The series expansion methods are relatively
simple to be applied. In the Taylor series approach the series is generated with respect
to time domain. In the generating series approach the series is generated with respect
to the input domain.

• Most of the structural identifiability tests give only local structural identifiability results
for nonlinear models. The results are applicable strictly only for the values for which are
obtained. In order to become global, the results have to be calculated for the whole
physical state space via the computation of the different terms required for the test in
this space for all admissible state space values.

• The methods may give sufficient or necessary identifiability results. The Taylor series
expansion gives a sufficient structural identifiability because no upper bound on the
number of parameters to be considered in the test.

• The computation burden of the test for more parameters is enormous, that is why the
use of symbolic software can be very helpful.
The Taylor expansion method is used in the thesis to investigate the identifiability of the

reduced model.

6.2.1 Study of the identifiability of the reduced model on the basis of the Taylor series

expansion

6.2.1.1 Theory and practical application

The Taylor series expansion method was developed by Pohjanpalo (1978). The basis

of this method is that the output of the model (measured variable) and its derivatives

with respect to time, developed around initial time, t = 0, can be assumed to be known

The algorithm for practical applications is:

• The model is written in a state space form
z(t) = f(z,u, e,t), z(O) = zo(e) (6.1)

y(t,e)=h(z,e,t) (6.2)

• The method is based on a Taylor series expansion of the observations y(t) around time
t = 0
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d t2 d2

y(t) = y(O)+ t2(O)+----f-(O)+ ...
dt 2! dt

(6.3)

•

and is based on looking at the successive derivatives to check if they contain
information about the parameters to be identified.
The output y(O) and the successive derivatives can be expressed from the model
equations (6.1), (6.2) as functions of the unknown parameters B .

y(O)=HO(B)
y(O)=Hl(B)

(6.4)

• The system of equations (6.4) is solved according toB. The parameters
expressed as functions of the output, the derivatives and the input u
Bj = ,Bj(y(O),y(O), , yq(O),u(O))
B2 = ,B2(y(O),y(O), , yq(O),u(O))

Bare

(6.5)

Bp = ,B)y(O),y(O), ... , yq(O),u(O))

If the solution (6.5) exists, this means the parameters Bi' i = CP are structurally

identifiable. If the solution (6.5) can be written only for combination of the

pararneters s., then only these combinations are identifiable.
I

Generally speaking the number of the successive derivatives (q) is not equal to the

number of the unknown parameters (p). The number of derivatives is at minimum equal

to the number of parameters, but it may be larger in order to obtain new expressions

that are independent of the preceding ones. In this way new information can be

introduced for the analysis.

The parameters or parameters combinations to be identified are determined by the

user. Thus the procedure is an iterative one where different parameters and

combinations are analyzed.

6.2.1.2 Study of the identifiability of the reduced model for the Benchmark process

The common model developed in Chapter 3, equations (3.10)-(3.12) are considered.

The reduced biological ASM1 model has 14 parameters and the biological UCT model

has 16 parameters. The following approach is applied:

a) selection of the parameter is provided

b) the Taylor series expansion of the model is developed
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c) the equations are solved according to the selected parameters or combination

of parameters

The following measurement are supposed to be available

the dissolved oxygen concentration at tanks 3, 4, 5

the concentrations of the state variables are measured in the inflow, the

outflows of every tank

the values of the tank volumes and flow rates are measureable

the initial values of the state variables are known z( 0) = Zo

In considered case the output equation is

y(t) = z(t) (6.6)

The calculation of the consecutive derivatives of the output is as follows:

y(e~o = z(B~o = Acz(B~o + c~p(z, u, e~o + BCZi¢lo
ji(e~o = i(B~o = Acz(e~o +c~ p(z,u,e~o

= A;z(e~o + AcC~p(z,u,e~o + AcBcZi"lo+ c[p(z,u,e~o
y(e~o = :ï(e~o = A;z(e~o + AcC~p(z,u,e~o + c:p(z,u,e~o

= A;z(e~o + A;C: p(z,u,e~o + A;BcZi"lo + AcC: p(z,u,e~o + C~p(z,u,B~o
y4(e~o = A:z(e~o + A;C: p(z,u,e~o + A;BA¢lo + A;C~ p(z,u,e~o + AcC~p(z,u,e~o + C[p(z,u,e~o

yq(e~o = AI z(e~o + AI-IC~ p(z,u,e~o + Ar1BA"lo + Ar2c: p(z,u,e~o + Ar3c~ p(z,u,e~o +
+ ...+ AC: pq-2(z,u,e~o + c:pq-l(z,u,B~o

(6.7)

It is supposed that the values of the derivatives of the output are known. Then the

system of equations (6.7) could be solved according to the unknown parameters. All

other parameters are accepted constant and known. The concentration of the DO is

accepted constant for the given moment t = 0 as it is considered as a control input.

As the number of the parameters is big as a first step only the growth parameters are

selected in the corresponding ASM1 and UCT reduced models. It can be seen from the

system of equation (6.7) that the big amount of calculations is necessary to be done for

the derivatives of the process rates p(z,u,e) for every of the tanks. The derivation of

these derivatives is given separately for both biological models:

• Calculation of the process rate derivatives for the ASMi reduced model
The first derivative of the output is considered. The equation can be rewritten in the

following way

(6.8)

135



because the parameters appear only in the expressions for the process rates and in

the matrix Cc' At the moment t = 0 the left hand side of the equation (6.8) is a constant

and the right hand side can be written as a linear combination according to the

parameters 8 as follows for the n- th tank

Hl - -8 ( SS,n )( SO,n Jx - 8 [ SS,n J( SNO,n J( KOH Jx -
SNH,n- I KS+SS,n KOH+SO,n BH,n 2 KS+SS,n KNO+SNO,n KOH+SO.n BH,n

(s J(K )( S ) (S)( S )Hl - 8 S,n OH NO,n X + 8 O,n NH,n X
SNO,n- 5 KS+SS,n KOH+SO,n KNO+SNO,n BH,n 4 KOA+SO,n KNH+SNH,n BA,n

[s J( S) (S J( S J( KJHl - -8 S,n O,n X _ 8 S,n NO,n OH X +
SS,n - 6 KS + Ss,n KOH + SO,n BH,n 7 Ks + SS,n KNO + SNO,n KOH + SO,n BH,n

(XIX )( S J (X IX )[ S )[ K J+ ti S,n BH,n O,n X + e S,n BH,n NO,n OH X
8 KX +(Xs,nIXBH,n) KOH +SO,n BH,n 9 KX +(Xs,nIXBH,J KNO +SNO,n KOH +SO,n BH,n

(6.9)

where

()l =ixBf.lH'()2 =ixBf.lH1]g'()3 =ixBf.lA'()4 =f.lAIYA'()5 = l-
Y

H f.lH1]g'()6 =f.lH/YH'
2.86YH

()7 =f.lH1]gIYH,()g =kh'()9 =kh1]h

It is accepted that the parameters 8 are constant and the same for all tanks (Cost

Benchmark model). Then the vector of the parameters is

(6.10)

8 = [81 82 83 84 85 86 87 88 89 Y
For t = 0 the expressions after the parameters 8 are constant and if it is noted

[s J[ SJS,n O,n X _
K S K S BH,nlo -Pnl

S + S,n OH + O,n

[
Ss,n J[ SNO,n J[ KOH JX 1-

KS +Ss,n KNO +SNO,n KOH +SO,n BH,n 0 - Pn2

that
[ S J[ S JO,n NH,n X 1-BA,n 0 - Pn3

KOA +SO,n KNO +SNH,n

[
XIX J[ S JS,n BH,n O,n X I =
«,+(Xs,nIXBH,J KOH +SO,n BH,n 0 Pn4

[
Xs,nIXBH,n J[ SNO,n J[ KOH JX 1-

x, +(Xs,nIXBH,J KNO +SNO,n KOH +SO,n BH,n 0 - P
n

5

(6.11 )

The equations for the expression of the first derivative Hï ; can be written as
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HlSNH,n = - PnA - Pn2B2 - Pn3B3 - Pn3B4

HlsNO n = - Pn2B5 + Pn3B4

HlSS,n = - PnlB6 - Pn2B7 + Pn4B8 + Pn5B9

(6.12)

_ [- Pnl - Pn2 Pn3 Pn3

H1n - 0 0 0 Pn3

o 0 0 0

o o 0 0
o 0 0 ~ l·B

Pn5
(6.13)

- Pn2

o - Pnl - Pn2 Pn4

For the whole process (5 tanks) the above dependence is

Hl = pB PE Rl5x9 8 E R9 Hl E Rl5, , , (6.14)

The vector of parameters 8 can be obtained in a unique way from the obtained

dependence, which is linear according to the parameters. As a result it could be

concluded that the parameters' values can be estimated from the known date for the

process variables (substrates and dissolved oxygen concentrations).

The next step is to determine the growth and yield coefficients of the model on the

basis of the equation (6.10) and the estimated values of B. It is obtained

_ B2 y _ B6B2 - 2.86BIB5 _ B6B2 - 2.86BIB5 i _ BIB2
1Jg - B ' H - (JB ' f-lH - () , xB - BB -286BB '

I 62 2 62 . 15

_ B3(B6B2 -2.86BI(5) y _ B3(B6B2 -2.86BIBs) k _(), _ Bg
f-lA- BB ' A- BBB ' h- 8,1Jh-7i

I 2 I 2 4 8

(6.15)

The value of the estimate of 87 can be used for checking the calculation of the

parameters.

The results (6.14), (6.15) show that the calculation of the growth and yield parameters

is possible and that the reduced model is identifiable according to the parameters

JlH,JlA,kh,1]g,lh'YH'YA,ixB' The model is linear according to a combination of these

parameters. This result is obtained on the basis of using only the first derivative of the

model output according to the time. The values of this derivative can be obtained on

the basis of the measured data for the considered process variables by discrete

calculation of the first derivative.

The identifiability of the above parameters is obtained on the basis of calculation of the

model for the whole process. This means that the number of the needed data is

increased, but at the same time the number of the estimated parameters is increased

and the number of the high order derivatives of the Taylor series necessary to be

derived and calculated is reduced.
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6.2.2 Reduced version of the vector of the parameters. Identifiability of the growth

parameters for the ASM1 model

If not all parameters is necessary to be determined a reduced version of the vector of

the parameters can be considered. If the yield parameters are known, then the

parameters of the growth JlH,JlA and khcould be estimated. In this case the

expression for the rate of change of the corresponding concentrations in the n-th tank is

presented as

rn = C;Pn (z,u,e), where e = LuH,Jl A,kJT .

Again the first derivative HI is considered, according to equation (6.8) but

representation for the separate variables is different. The parameters O are part only of

the vector P = [PI P2 P3 P 4Y . Then these process rates are expressed as

[s )[ S )_ () S,n O,n X _ ()
Pnl - I K S K S BH,n - Pnl I

S + S,n OH + O,n

(6.16)

Then the vector P n is

e;
Pn2

Pn3
Pn4

o
o

o
o
o (6.17)

Pn3

o Pn4 + n.r ;
and the derivatives are

nv, ==C[np/J, Pn ER
4x3

Hl == c[pe, p == [PI P2 P3 P4 PsY E R20x3, Hl E RIS

Again the unique solution can be found for the vector of parameters and the model is

(6,18)

identified according to them.

6.2.3 Application to the case of the UCT reduced model. Identifiability according to the

yield and growth parameters

The same considerations are done. This model has more processes that ASM1 model.
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The vector of the introduced parameters is

(J = [(Jl (J2 (J3(J4(Js (J6(J7 (Js (J9(JIO eli (J12f (6.19)

(6.20)

Then the corresponding derivatives are

HISNH,1l =-()IPnl -~Pn3 -(JzPnS -(J3PIl7 -(J4Pnll -()SPIlII

HlSNOn =-(JIPnz -()6PIl3 +(J6Pn4 -()IPn4 -()2PIl6 -()7PIl7 +()IPnS -()SPnS +(J4Pnll

HIss Il = -()SPnl - ()SPnZ - ()SPIl3 - (JSPIl4

HISads =-(J9PIl5 -(J9Pn6 -()lOPIl7 -(JlOPlIg +(JllPIl9 -()12PIlIO

(6.21 )

The expression for the derivatives for the n-th tank is

-(Pill +PIl3) -Pró -P1l7 =p,« I =P« I 0 0 0 0 0 0 0

-(P1l2 +PIl7) -Pn6 -P1l8 Pill I 0 -Pn3 +P1l4 - PIl7 +P1l8 0 0 0 0 0
4

Ifl= 0 0 0 0 0 0 0 -», 0 0 0 0
Il

i=l
6 8

0 0 0 0 0 0 0 0 -», -», -Pn9 -PIlIO
i=5 i=7

=PIlB,IflIl EK"'PIl EK"xI2,BER
I2

(6.22)

The above representation for the whole system is

Hl = (J Hl E R20 PE R20xl2 (6.23)P , ,

The obtained expression for the first derivative shows that the vector of the parameter

can be calculated according to equation (6.23). When the values of the parameters ()

are calculated the values of the yield and growth parameters can be obtained using the

equations (6.20) and the estimated values of the parameters () are as follows:

KA = (Jl2' fMA = eli /(JIZ ,"lg = (J3/(J2 , f.1H = (Js - 2.86(J6' fZB,H = (Jl
(Jg - 2.86(J6

(Jz((Jg -2.86(J6) _ (Js((Jg -2.86(J6) y _ (Js((Jg -2.86(J6)
K MP (J , f.1A - (J , ZA - (J (J

I I I 4

(6.24)

The value of the parameter ()7 again can be used to check the calculations. The

conclusion for the UCT model is that it is identifiable according to the selected vector of

parameters () .
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6.2.4 Reduced version of the vector of the parameters. Identifiability of the growth

parameters

For this case the parameters are selected as e = CuH' K MP' KA' J.1A] ER. It is

supposed that the yield coefficients and the parameters 1]g' fMA are known. Then the

process rates are represented as in the equations (6.16) where

J.1H = Op KMP = O2, KA = 03, J.1A = 04,

Then the vector Pn is

Pnl 0 0 0

Pn2 0 0 0

Pn3 0 0 0

Pn4 0 0 0

r0 Pn5 0 0
P« =

0 0 0Pn6

0 17gPn7 0 0
0 17gPn8 0 0
0 0 Pn9fMA - PnlO 0
0 0 0 Pnll

P E RIO P E RIOx4 e E R4
n » r:n ,

Then the expressions for the derivatives are

tn; = C~Pne, r; E RIOx4

Hl = CT pe Hl E R20 PE R5Ox4
c' ,

and the e is found by equation (6.26)

(6.25)

(6.26)

On the basis of the above derivations for the study of the identifiability of the reduced

models can be concluded;

• The identifiability of the model can be calculated for the selected parameters only on
the basis of the first derivative of the output of the models

• The identifiability of the mass-balance model is determined only by the identifiability of
the reduced biological models

• The Taylor series method is applied to the model of the whole process which allows
reducing the number of the output derivatives necessary to be derived and calculated.

Matlab software is developed for calculation of the parameters e on the basis of the

, data for the output variables of the process, Appendix D. The analytical results for

identifiability of the Benchmark plant with ASM1 and UCT biological models are applied

further to develop procedures for calculation of parameters e on the basis of the

method of least squares, Appendix D, Chapter 9.
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6.3 The problem for parameter estimation

Modelling and parameter estimation have become prerequisites for the development of

the optimization and control methods (Holmberg & Ranta, 1982). Further more

estimation of the non-measurable state variables is necessary for practical

implementation of control and supervising systems.

6.3.1 Definitions

The problem for parameter estimation is one of the problems for system identification.

The task of system identification consists of making optimal use of available

information in order to find the most adequate process model. The problem for system

identification consists of model structure evaluation, parameter estimation, model

validation.

Parameter estimation is defined as (Dochain & vanRolleghem, 2001) "the

determination of the optimum values of the parameters that arise in a mathematical

description with the aid of experimental data, assuming that the structure of the

process model, in other words the relationship between the variables and the

parameters are explicitly known"

The structure of a typical estimation problem has the following form (Crassidis and

Jenkins, 2004):.

• A dynamic system is given. Its mathematical model is hypothesized according to the
experience of the scientist and according to the physical laws governing the system,
number and nature of the available measurements and the needed accuracy. Usually
the parameters of the constructed model are poorly known.

• The poorly known parameters have to be estimated in such a way that the
mathematical model gives an optimal estimate of the real system behaviour.

• The problem for estimation is solved as an optimization problem.

Any method which solves a problem of the above structure could be considered as an

estimation process. Depending on the type of the mathematical model of the physical

process and on the statistical properties of the measurements errors the solution of the

estimation process varies from near-trivial to impossible.

6.3.2 Preliminary steps in Parameter estimation process
r

6.3.2.1 Selecting data subsets for estimation and validation

The quality of the model is assessed by a validation step. For the validation model

predictions are compared to a data set that is not being used for identification. The

141



independence of the data used for estimation and the data used for validation is

fundamental for reliable validation. The separation of the data must be done in such a

way that the first data set is sufficiently informative and covers a sufficiently large

spectrum of experimental conditions (Using for instance optimal experiment design

methodology). The remaining data must still contain sufficient data to allow for a

validation that is as credible as possible.

6.3.2.2 Selection of parameters to be estimated

The selection of the parameters to be estimated is important because these

parameters have to be identifiable and also they have to be capable to influence the

process behaviour in a maximum way. Different methods for selection of the

parameters can be used as: structural and practical identifiability analysis, sensitivity

analysis and numerical properties of the estimation algorithm. The method of sensitivity

functions is used in the project. The sensitivity function represents a change in the

variables of the process for a change of a parameter. The large the values of the

sensitivity functions, the more accurately a single parameter can be identified. In the

case of several parameters, the sensitivity functions of the parameters as functions of

the independent variable of the measurement (time) have to be linearly independent.

Otherwise the parameters are not individually identifiable because a change in one

parameter can be compensated for by changes in the other parameters.

6.3.2.3 Differentiating Linear and Nonlinear parameters

The technique used to evaluate whether a function is nonlinear in a parameter is to

take the partial derivative of the function with respect to the parameter and check

whether the result is still a function of that parameter. If the answer is affirmative the

model is nonlinear in that parameter.

6.4 Techniques for parameter estimation

There are 4 conventional techniques for the calculation of parameter estimates:

• Bayesian estimation
• Maximum likelihood estimation
• Weighted least squares estimation
• Least squares estimation

These methods are listed in decreásing order of the amount of information that has to

be provided by the user of the method. Weighted and least squares estimation are

special cases of the maximum likelihood method in which the measurements are

assumed to be uncorrelated and normally distributed. Bayesian estimation treats both
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measurements and model parameters as random variables. Maximum likelihood

estimation treats the parameters not as random variables but as constant parameters

of the distributions of the measurements.

6.4.1 On-line and off-line estimation methods

When performing off-line estimation a complete set of data is available in time series

form. The procedure consists of performing a simulation with constant parameter

values over the whole time interval containing measurements, and locating the

minimum. The estimation becomes an optimization problem. Different algorithms are

available to solve this problem as Newton's method, conjugate gradient method,

Levenberg-Marquardt method and many others.

The on-line methods (Kalman filter, recursive instrumental variable method) gives

estimates recursively as the measurements are obtained. It is the only alternative if the

identification is used for adaptive controller or if the process is time varying.

6.4.2 Objectives in parameter estimation

In order to objectify the estimation of parameters, functions are defined that represent

the wish to fit a model to the date. The model parameters are then adjusted to achieve

a minimum in these functions, yielding best-fit parameters. The functions are termed

loss, merit, cost or objective functions. The choice of such is indeed one of the first

problems to be solved when model parameters are to be estimated. The best known

objective function for parameter estimation is the sum of squared errors function

N 2

J(e)= L[Yi - Yi(e)]
i=!

(6.27)

where Yi are the observations (in total N observations are available) and Yi(e) are the

model predictions (output) for the given parameter set e. The above function is called

ordinary least square function. Weights can be assigned to every variable and then

cost function has the form

N 2

J(e)= LWi[Yi - Yi(e)]
i=!

(6.28)

where Wi are the weights.
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6.4.3 Minimization approach

Finding the best parameter estimates involves minimizing the deviation of the model

predictions from the data points using one of the objectives functions. Depending on

whether the parameters are linear in the model or nonlinear, the solutions methods of

this minimization problem are quite different. For linear parameters a one step

calculation gives the best estimates whereas for nonlinear parameters the numerical

methods that search the parameter space in a systematic way are used.

6.5 Basic components of the parameter estimation

6.5.1 Deterministic Models

The theory of mathematical relationships among certain quantities is often described by

scientists whilst the properties of structures or the operation of processes involves the

derivation of equations by the engineer (Soderstrom and Stoica, 1989), (Betancour et

ai, 2004), (Khalil, 2002), (Fosssard and Normand-Cyrot, 1995), (Mehra, 1979),

(Chavent, 1979), (Carson et al, 1979), (Kumar and Moore, 1979) and (van den Bos,

1979). The relations which supposedly describe a certain physical situation are called a

mathematical model; the model consists of one or more equations. The equations have

quantities which are classified into variables and parameters. It is not clearly cut to

distinction between these two and it depends on the context in which the variables

appear. Normally a model is developed to describe the relationships that exist among

quantities which can be measured independently in an experiment. They are called the

variables of the model. For the formulation of these relationships, however, one

frequently introduces inherent properties of nature or of materials and equipment used

in a given experiment. They are called the parameters.

6.5.1.1 Structural Model

The models which are considered take the general function

g(x,8) = 0

where:g = {gl'g2' .... ,g,}T

is an s-dimensional vector of functions.

(6.29)

(6.30)

(6.31)

is a p-dimensional vectors of variables.

8 = {el'e2, ... ,er}T

is an r-dtrnensional vector of parameters whose values are not precisely known.

(6.32)

144



A model whose form corresponds to the above Equation (6.29) is called a deterministic

model, since all the quantities appearing in it are assumed at least in principle to be

well determined. Unless the values of its parameters are known, the model can be of

little practical value. There are two sets of criteria by which the values of the

parameters may be established:

1. Calculate the value of a parameter by applying the established laws of nature to

already known quantities.

2. The values of the model variables are measured in actual physical situations and

then the parameter values which cause the model equations to be satisfied and fit to

the data are calculated

6.5.1.2 Reduced Model

The above structural equations are suitable for checking the validity of the model.

Should values be found for parameters such that the equations are at least

approximately satisfied then the model is not rejected. The prediction is the most

important practical use to which the model (6.29) could be put to. For this purpose, the

variables x are classified into two groups:

1. The I variables y = Yl' Y2 ,... , Yl whose values have to be predicted. These are

called the dependent variables.

2. The m variables u = UI' u2 , ... , urn on the basis of which the prediction has to be

done. They are called the independent variables (control variables).

The problem of prediction then is that of determining in advance the values that the

dependent variables will take for given values of the independent variables.

Rearranging the structural equations with U and y replacing x

g(u,y,e) = 0 (6.33)

Intuitively, the prediction is possible if all of the following conditions are met:

1. The model is reasonably correct.

2. The values of the parameters are known to a good approximation.

3. The structural equations can be solved for the dependent variables, yielding the

reduced equations

y = f(u,e) (6.34)

where J = h,J2 ,... , ft is an I-dimensional vector of functions.
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Since the number of structural equations is /, it is possible usually to solve for values of

up to / dependent variables, leaving m = s - 1 independent variables. The model (6.34)

is used for simulation and control design of different processes.

A linear reduced model is one in which the functions f are linear in the e. A linear

structural model may result in a nonlinear reduced model. For example, the linear

structural model log y + ex = 0 reduces to the nonlinear model y = e -Ox •

6.5.2 Data-Experiments and Data Matrix

Parameter Estimation is modeled on data, and data consist of observed or measured

values of the model variables. The data may be obtained by observing situations

occurring in nature, or one may set up experiments which conditions are controlled so

as to favor the process of observation. It is not important where and how the data were

obtained but rather intrinsic measurements process affects the errors in the

observations.

In most cases the data acquisition process forms a certain pattern. Implementing an

experiment consists of recording the observed values of a set of variables under a

given set of experimental conditions. Sometimes this means that the dependent

variables are observed for given values of the independent variables. Sometimes,

however, the experimental conditions themselves are not among the variables of the

model.

As a matter of course for an investigation, several experiments are performed, each

under a different set of experimental conditions. A variable subscripted by a character

Jl, lJ or rp denotes the value of that variable as measured in the corresponding

experiment

(6.35)

are the values of the model variables observed in the Jl th experiment. A function

subscripted with one of these characters denotes that function computed for the values

observed in the corresponding experiment

The large characters are used to designate the data matrix, the matrix whose Jl th row

consists of the data vector for the Jl th experiment. Thus, X and G are the matrices
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whose Jl th rows are x: and g: respectively, e.g., where the number of experiments is

N

[

Z~I ZI2 ••• ZIp J
x « :

zNI ZN2 ZNp

... gIS]

gNs

(6.36)

6.5.3 Residuals

Two basic equations are important in the estimation process

Yl' = Y + v (measured value = true value + measurement error)

Yl' = jl + e (measured value = estimated value + residual error)

(6.37)

(6.38)

The error epa could be defined as the difference between the measured and the true

values of a variable. In case of a reduced model y = f(u,e), if the true value e of 9 is

known, the error

(6.39)

could be computed where Jl = 1,N is the number of the experiments and a = 1,r is

the number of the variable.

These differences could be computed for any other value of 9. This defines functions

(6.40)

which are referred as the residuals. The errors are equal to the residuals evaluated

with true value e = e.
The residuals in an inexact structural model g(x,9) = r are obtained simply by

evaluation of the model equations

(6.41 )

When the structural model is exact, the residuals are the differences between the

observed and estimated values of the variables

epa (B) = Ypa - Ja (up,6) (6.42)

In order to have an accurate model fit, the residual errors must have an absolute mean

of S; 0.0075 and a standard deviation of S; 0.125 with a big number of samples (N), the

sample mean value (m)and the sample standard deviation (0") for the residual error

can be computed using the formulas:

147



(6.43)

1 N 2

0'2 =-L{y(tp)- y(tp)-m]
N -1p=1

(6.44)

6.6 Analysis of the conventional linear techniques for calculation of the parameter

estimates

6.6.1 Maximum Likelihood (ML) Estimation

If the mathematical model of the process under consideration is adequate, it is very

reasonable to assume that the measured responses from the i/h experiment are

normally distributed (Young, 1979), (Chow, 1964), (Cragg, 1967) and (Carney and

Goldwyn, 1967). In particular the joint probability density function conditional on the

value of the parameters (OandLi ) is of the form,

(6.45)

where Li is the covariance matrix of the response variables y at the i/h experiment

and hence, of the residuals ei too.

If it is assumed that measurements from different experiments are independent, the

joint probability density function for the all measured responses is simply the product,

P(YI'Y2""'YNIO,LI,L2"",L,N )~det(L,1 [1/2det(L,2 [1/2...

(6.46)

Grouping together the similar terms where N is the number of experiments, it can be

written:

(6.47)

The Loglikelihood function is the log of the joint probability density and is regarded as a

function of the parameters conditional on the observed responses. Hence,

(6.48)
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where A is a constant quantity. The maximum likelihood estimates of the unknown

parameters are obtained by maximizing the Loglikelihood function.

If it is assumed that the covariance matrices (L;) of the measured responses (and

hence of the error terms) during each experiment are known precisely. Obviously, in

such a case the ML parameter estimates are obtained by minimizing the following

objective function

(6.49)

Therefore, on statistical grounds, if the error terms (ei) are normally distributed with

zero mean and with a known covariance matrix, then Qi should be the inverse of this

covariance matrix, i.e.,

; i=I,2, ... ,N (6.50)

where Qi is the weighting matrix for the i-th experiment.

If the mathematical model of Maximum Likelihood Estimation process under

consideration is adequate then the measured responses are normally distributed. The

Loglikelihood function is the joint probability density and is regarded as a function of the

parameters conditional on the observed responses. The covariance matrices of the

measured responses and the error terms are known exactly. The ML estimates are

obtained by minimizing the objective function. The MLE may be divided into three

cases which all reduce to special case of Least Squares (LS).

Case I: Let the stringent assumption that the error terms in each response variable and

for each experiment (eii, i = 1,...,N; j = 1,..., l) are all identical and independently

distributed (i.i.d.) normally with zero mean and variance, cr;. Namely,

; i = 1,2, ..., N (6.51 )

where I is the lx l identity matrix. Substitution of L; into Equation (6.23) yields

()
1 N T

SML ij =-2 'Le; ei
cr i~le

(6.52)
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Obviously minimization of SML(O)in the above equation does not require the prior

knowledge of the common factor oj . Therefore, under these conditions the ML

estimation is equivalent to simple Least Squares (LS) estimation (Qi =1).

Case II: If the more realistic assumption that the variance of a particular response

variable is constant from experiment to experiment is considered and however,

different response variables have different variances, i.e.,
2 0 0CTe1

0 2 0
Li=

CTe2 ; i = 1,2, ..., N (6.53)

0 0 2«:
and although the elements of the diagonal matrix Li given by Equation (6.53), may

be not known, it is assumed that their relative value are known. Namely, it is assumed

that the following ratios (vi'i = 1,2, ...,/) are known,

2/ 2V1 = CTe1 CT (6.54)

(6.55)

(6.56)

where CT
2 is an unknown scaling factor. Therefore Li can be written as

i =1,2, ..., N (6.57)

Upon substitution of Li into Equation (6.48) it becomes apparent that the ML

parameter estimates are the same as the weighted LS estimates when the following

weighting matrices are used,

Q Q di (-I -I -I)i = = lag V1 ,V2 , ... , VI (6.58)

If the variances in Equation (6.53) are totally unknown, the ML parameter estimates

can only be obtained by the determinant criterion.

Casélll: Generalized LS estimation will yield ML estimates whenever the errors are

distributed with variances that change from experiment to experiment. Therefore, in this

case the choice for Qi should be [COV(e; )rl for i= 1, ..., N. An interesting situation
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that arises often in engineering practice is when the errors are represented with a

constant, yet unknown, scaling constant factor for each variable, i.e.,

(6.59)

where (j2 is an unknown scaling factor. Again, upon substitution of Li into Equation

(6.63) it is readily seen that the ML parameter estimates are the same as the

generalized LS estimates when the following weighting matrices are used,

Q d· (-2 -2 -2)' 1 2 N
i = zag Yil 'Yi2 '''''Yu ; 1 = , , ..., (6.60)

The above choice has the computational disadvantage that the weights are function of

the unknown parameters as shown by Englezos and Kalogerakis (2001). If the

magnitude of the errors is not excessive, the measurements in the weighting matrix

could be used with equally good results, namely

Q di (- -2 - -2 - -2)' 1 2 N
i = zag Yil 'Yi2 ""'Yil ; 1 = , , ..., (6.61)

6.6.2 Bayesian Estimation

The Bayesian Estimation uses the prior information which means the estimates are

physically meaningful and the model equations may be degenerated relative to some of

the parameters. The MLE may reduce to the Bayesian Estimation under the

circumstance of looking for the mode of posterior distribution

In the estimation methods explained thus far no use were made of the prior

information. It could be seen, the posterior pdf p * (e) is given by Bayes's theorem as

p*(e) =cL(e)po(e) (6.62)

where L(e) is the likelihood function, and Po(e) the prior pdf, which summarizes the

prior information. The estimates which make use of the prior information are usually

based on the posterior distribution, and are therefore known as Bayesian estimates

(Young, 1979).

If P * (e) is to be a pdf, then Jp * (e)de = 1, and hence c must be 1/1, where

1== J L(e)po (e)de (6.63)
,.--

The function p * (e) is referred to as a proper or improper posterior distribution if the

integral I does or does not exist, respectively. In the latter case, it is let c=l. The

following are sufficient but by no means necessary conditions for the existence of I :
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1. L(e) is bounded and Po(e) is normal.

2. L(e)and po(e) are bounded, and Po(e) vanishes everywhere except in a bounded

region of espace.

To select an estimate for the pararneters é' , some typical values of the posterior

distribution, such as the mean, median or mode are picked. These values are referred

to as location parameters of the distribution since they locate the region in espace

where most realizations of the random variable occur. Some of these location

parameters exist even if the posterior distribution is improper, while others may not

exist even for proper distributions. At this point it is well to summarize some of the

benefits that accrue from the Bayesian estimation:

• One is sure to obtain estimates which are physically meaningful. It is guaranteed that
estimates for parameters known to be positive are indeed positive.

• The model equations may be degenerated relative to some of the parameters.

6.6.2.1 Mode of the Posterior Distribution

The natural extension of the maximum likelihood method to Bayesian estimation

problems consists of looking for the mode of the posterior distribution. That is, it is

accepted for estimate the value of e for which P * (e) is maximum. This method, to

which referred as MPD (maximum of posterior distribution), offers the following

advantages:

• The estimate coincides with the maximum likelihood estimate in case of a uniform prior
distribution, since then p * (e) is proportional to L(e). The estimates coincide even if
Po(e) is uniform only within a bounded region and zero elsewhere, provided only the
maximum of L(e) occurs within this region. The practitioner who accepts the MLE
when no prior information is given would naturally wish his estimates to be affected
only when a slight amount of prior information becomes available. MPD satisfies this
requirement.

• It is known from a theorem by von Mises (1919), that if Po(e) is continuous and does
not vanish at the maximum of L(e), then the MPD converges to the MLE as the
number of experiments is increased indefinitely. The MPD shares the consistency and
asymptotic efficiency of the MLE.

• The MPD can be obtained whether or not p * (e) is a proper distribution.
• It is usually much easier to compute the MPD than other Bayesian estimates.

In computing MPD estimates, two cases are distinguished:

• The prior distribution does not vanish anywhere. In this case, the maximization is of:
<1>(e)=logL(e)+ log p, (e) (6.64)
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The same techniques as above are used for MLE can be applied here. Care must be
taken, however, to retain any constants multiplying the concentrated likelihood.
<1>(0)=(Nj2 )logdetM(O )-logpo (0) (6.65)

which is to be minimized. Note that in the presence of logpo(O), the factor N/2 may not
be dropped. In case of single equation least square with unknown a , the term
(Nj2)logdetMtakes the form (Nj2)logL:=le~(0).

• The prior distribution vanishes outside the region defined by a set of constraints
h(e)?: 0 (6.66)

6.6.3 Least Squares-Unweighted Least Squares

The technique of least squares is the oldest and most widely used estimation method

(Bard, 1974),(Chavent, 1979), (Kumar and Moore, 1979) and (van den Bas, 1979). It

can be applied in an ad hoc manner directly to the deterministic model, without any

cognizance being taken of the probability distribution of the observations. Estimates

obtained in such a way may be very satisfactory indeed, although one can think of

situations in which nothing better can be done. This is certainly not true and where the

observations have certain probability distributions, these estimates even possess

optimal statistical properties.

In cases of pure curve fitting, where the coefficients have no physical significance, the

least squares method is usually adequate.

The following notation is used: A small character denotes the vector formed by

adjoining to each other the rows of the matrix dented by the same character. Thus

(6.67)

The least squares procedure in its simplest form consists of finding the values of

o which minimize the function

~(O) == ET (0)E(O) = Tr[ET (0)E(O)] (6.68)

which is , in the component form
I N

~(O)= LLe~a(O)
a=lJI=l

(6.69)

Le., the sum of the squares of the residuals is minimized. When I = 1, single equation

least squares are obtained.

The necessary condition for optimality of the function (6.69) is:
I N

8:J% = 2"" "" e 8e /80 = 080 LJ LJ u a u aa=lJI=l
(6.70)
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In the most common case of a single reduced equation, e)1 = Y)1 - f(ull,O), then:

N 2

3(0)= :L[y)1 - f(ull'O)])1;]
(6.71)

N

a3/aBa = -2:Le)1 af(ull,o )/aBa)1;] (a = 1,2, ..., r) (6.72)

Weighted least squares can improve the estimates if some knowledge of the relative

accuracy of the measurements is known and can also be used to impose constraints in

the estimation process.

6.6.4 Derivation of the Principle of Least-Squares

The least-squares technique is a mathematical procedure by which the unknown

parameters of a mathematical model are chosen such that the sum of the squares of

some chosen error (lkonem and Najim, 2002), (Zhu, 2001) is minimized. Suppose a

mathematical model is given in the form

(6.73)

where y(t) is the observed variable, {B], B2 , ••• , Br} is a set of constant parameters,

u] (t), U2 (t), ... , U I' (t) are known functions that may depend on other known variables.

Assume that N samples of measurements of y(t) and u] (t), u2 (t), ... , ur (t) are made at

time 1, 2, ..., N. Filling the data samples into equation (6.73) results in a set of linear

equations.

t = 1,2, ..., N (6.74)

This can be arranged in a simple matrix form

y=<l>B (6.75)

where

y=

y(l)

y(2)

ur (1) B]

ur(2) B = B2, v=

v(l)
v(2)

(6.76)

YeN) v(N)

A necessary condition that this set of equations has a solution is N ~ r. For N = r, an

unique solution exists:

(6.77)
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provided <l> -I , the inverse of the square matrix <l>, exists. ê denotes the estimate of 0 .
A

This is well known. However, when N> r, it is generally not possible to find a 0 vector

which can fit the data samples exactly, because the data may be contaminated by

disturbances and measurement noise. A too low model order or wrong model structure

are other possible causes of misfit. A way to determine the parameters is to estimate

them on the basis of least-squares-error.

To achieve this introduce a residual (error), eet), and let

e(t) = y(t)- y(t) = y(t)- <l>(t)e (6.78)

Now 0 is choosen such that the criterion (loss function)

1 NIN 1
VLS =-:Le(t)2 =-:Lly(t)-<l>(t)0Ie2 =-eTe

N t~1 Nt~1 N

is minimized. Here

(6.79)

e = [e(l) e(2) ... e(N)J (6.80)

To carry out the minimization, the equation (6.78) is expressed as

VLS(0) = __!_ (y - <l>O)T (y - <l> 0) = __!_[yT Y - OT <l>TY - yT <l>0 + OT <l>T<l>0]
N N

(6.81)

Taking the first derivative of VLS(0) with respect to 0 and equating the result to zero, it

is obtained

avLS(O) I _=_1 [-2<l>Ty+2<l>T<l>ê]=oao e~e N

Hence the solution is given by the equation

<l>T<l>O=<l>Ty

(6.82)

(6.83)

or

(6.84)

6.6.5 Weighted Least Squares

An objective function consisting of a simple sum of squares is often unsatisfactory for

the following reasons:

• The various quantities y,ua (or g,ua) may represent entities having different physical
dimensions, or measured on different scales.

• Some observations may be known to be less reliable than others, and it would make
sure that the obtained parameter estimates will be less influenced by those than by the
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more accurate ones. It should be remembered that one cannot always escape the
statistical structure of the data.

The solution to both of these problems is one and the same; assign a non-negative

weight factor in the criterion function.

(6.85)

where WE Rexl is the symmetric weighting matrix.

Then the optimal value of the parameter vector is

ê = (<liT w<llt <liT 11Y (6.86)

6.6.6 Constrained Least Squares

Minimization of the weighted least square criterion (6.79),(6.85) is used when some of

the measurements agreed more closely with the model than others. For perfect

measurements the corresponding diagonal element of the weight matrix should be

infinity (00), which could be presented by sufficiently large number. The case of perfect

measurement could be represented by introducing an equity constraint in the

estimation process (Junkins, 1969). The considered measurements are

(6.87)

h ~ RI, RI,xr RI, ~ RI, RI,xr dl> < Th bwere y, E ,lp, E ,el E ,Yz E -,lpz E - an I _r,mz _r. e a sence

of the residual error ez reflects the fact that lpzO is required to equals yz exactly. Then

the problem for parameter estimation can be formulated as a constrained optimization

problem.

':J=1/2el wie, =1/2(5;, -lplê)wI(5;, -H,ê)
Subject to the equity constraint

yz -lpzê = 0

The problem could be solved using the Lagrange multiplier method

L = .3+AT(yz -(Pzê) A = [,,1,1,,1,2 ... AJT E RI
2

A is a vector of the Lagrange multipliers. The necessary conditions for optimality are

(6.88)

(6.89)

(6.90)
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aL ~ ~
a ~ = Y~2- m2e = 0 _\. Y~ - m eA -r =rr 2 -Y2 (6.91)

Solution of the problem (6.90), (6.91) is

ê = 1i + K(Yz - tpz1i) (6.92)

(6.93)

(6.94)

O in equation (6.94) is the least square estimate of e in absence of the constraint

equation. The second term in equation (6.92) is an additive correction in which an

optimal gain matrix K multiplies the constraint residual (yz - tp2X) before the

correction.

6.6.7 Nonlinear Process Identification

Nonlinear system identification is more challenging and it has received less attention

compared to linear system identification. From a control point of view, being able to

identify nonlinear models will extend the working range of model based controllers.

There are several approaches to nonlinear system identification:

• methods of the differential correction

• methods of theoretically sound nonlinear functions

6.6.7.1 Methods of the least square correction

The method is a generalization of Newton's root solving method for finding evalues

satisfying y - f(e) = 0 . The convergence of the method is guaranteed only under strict

requirements on the functions (f) and their first two partial derivatives as well as on the

closeness of the starting estimates.

The problem is formulated in the following way: find the estimate e that minimizes

(6.95)

And satisfies the model

Y = f(ê)+e (6.96)

In most practical problems 3 cannot be directly minimized by applying the ordinary

calculus because O cannot be expressed analytically. Because of this a successive

approximation procedure is used based on approximate starting value
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(6.97)

Then the parameter estimates are

(6.98)

where l1e is a correction vector. If the components of l1e are sufficiently small the

function f(ê) could be linearized about ee using a first order Taylor series expansion

f(ê)= f(eJ+H aflae e,
(6.99)

where H is the Jacobian matrix. The measurement residual after the correction can be

linearly approximated as

l1y= y- f(ê)~ jJ - f(eJ-Hl1e = I1Ye -Hl1e (6.100)

where the residual before the correction is

(6.101 )

The determination of the optimal l1e is based on the minimization of the criterion

(6.102)

Minimization of (6.102) is equivalent to the minimization of (6.95) and the solution is

(6.103)

The calculation process is iterative. It will stop if a condition for accuracy is satisfied, as

1.3 -.3 Ia.3 = i i-I < _!_
.3i IIOJII

where e is a prescribed small value. Convergence difficulties can be caused by:

• the initial estimate is too far from the minimizing e
• numerical difficulties in solving for the corrections l1e

6.6.7.2 Methods of theoretically sound nonlinear functions

One way is to use theoretically sound nonlinear functions (Zhu, 2001) and to develop

identification schemes for these models. Identification using Volterra series, neural

networks and nonlinear ARMAX models belong to this methodology. The advantage of

this approach is the ability to obtain a global model of the underlying system. The main

difficulty of the approach is the high cost in identification tests and computation.

Another approach is to combine linear dynamic models with static or memoryless

nonlinear functions. This type of models is called block-oriented nonlinear models.

There are several advantages when using block-oriented models:
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• low cost in identification tests;
• low cost in identification and control computations and
• it is easy to comprehend and to incorporate a priori process knowledge.

The shortcoming of block-oriented models is the lack of global description of the

system. The third approach is to construct global models by combining several local

models which is called operating regime based identification or multiple model

approach. The local models can be linear models or simple nonlinear models. The

motivation of the operating regime based identification is to obtain the advantages of

both first and second approaches.

Three types of block-oriented nonlinear models are mostly used: Hammerstein model,

Wiener model and combined Hammerstein-Wiener model.

6.6.7.2.1 Model Parametrization and Problem Statement of Hammerstein Model

vet)

,,(tl 1
u < t) )Ir--f-(-U-) ---'1 jL-__ G_< q_)_ ___J~f-----'l-) y ( t )

Figure 6.1: Hammerstein model

A nonlinear Hammerstein model in discrete-time is given in Figure 6.1. The input utt) is

first scaled by the static nonlinear function f(u) and then passes the linear time-

invariant transfer function G(q). It is assumed that

1) the nonlinear tunctionf(u) is continuous;

2) the linear block G(q) is stable and

3) the process output is disturbed by a stationary stochastic process{v(t}}.

f[u(t)] = /31U(t) + /32u2 (t) + ...+ /3mum (t) (6.104)

(6.105)

(6.106)

Denote the parameter vector as
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(6.107)

Assuming that PI ::j:. 0, then without loss of generality it can be set PI = 1.

With these notations the process model can be written in more compact form as

yet) = B(q) f PkUk (t) + C(q) eet)
A(q) k=1 D(q)

(6.108)

It is known that polynomials have several drawbacks. They do not extrapolate well;

high degree polynomials have oscillatory behaviour and parameter estimation is often

numerically ill-conditioned. The problems with polynomials do not occur with linear

splines, but linear splines are not smooth meaning that their derivatives are not

continuous at their break points or knots. To overcome this last problem, the cubic

splines could be used to model the nonlinear block.

Let K denotes a set of knots {up u2' ... , urn} which are real numbers and satisfies

(6.109)

A cubic spline function defined for all real numbers u is given as

rn-I
weu) = LPk I U -Uk 1

3 + Pm + Pm+IU + Pm+2U2 + Pm+3U3
k=2

(6.110)

where [P2' P3' ... , P m+3] are fixed real numbers, namely, the parameters to be

estimated. Here m is called the number of knots which can be seen as the "degree" or

"order" of the cubic splines. Now, identification problem for the model (6.108) can be

stated as follows:

1) Test design. Design an identification test using excitation signals so that the

parameters of model are identifiable. If possible, the test should be designed so that

the identified model is most suitable for model application. Denote the collected input-

output data as{ utl), y(l), u(2), y(2), , u(N), y(N)), where N is the number of samples.

2) Parameter estimation. Determine the parameters of model (6.108) using the test

data by minimizing the loss function

N 2
VPE = Le (t)

1=1

(6.111)

where

eet) = H-I (q){y(t) - G(q)f[u(t)]} = D(q) [yet) - B(q) f PkUk (t)]
C(q) A(q) k=1

(6.112)
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3) Order Selection. Determine the orders I and m so that the obtained model is the

most accurate for control.

4) Model validation. Verify if the identified model is suitable for its application, namely,

control. If not, provide a remedy that should include redesigning the identification test.

The identification of the Wiener Model and the NLN Hammerstein-Wiener Model

follows a similar mathematical modelling and analysis with variations as proposed by

the Hammerstein model.

6.7. Estimation of the growth parameters of the wastewater treatment process

The estimation of the growth parameters is mainly done by fitting of the model of the

process to the measured values of biomass and substrate.

6.7.1. Estimation of the kinetic parameters through biological tests

Another way of determination of the kinetic parameters Y,Kd,f1max' Ks, a nitrification

and denitrification rate is by biological test methods (Pala &Bolukbas, 2005). The

experiment data is used to best fit the substrate and biomass concentration whose

behaviour later is used to calculate the kinetic parameters.

Laboratory procedures for parameter estimation of the ASM No. 1 are presented in

(Ekama et aI., 1984, 1986). However this approach requires several time and resource

consuming laboratory experiments which are rarely performed by design engineers and

process operators. Furthermore, the calculated parameters continuously will be

changed because of changing process load and environmental conditions which makes

the extensive laboratory experiments unpractical.

6.7.2. Parameter estimation with the aid of sensitivity functions

Manual fitting with the aid of the sensitivity functions is described in (Holmberg &

Ranta, 1982). This method according to the authors is the most suitable because of the

small amount of available data, big deviations between measurements and the aim to

retain the physical meaning of the parameters. The values of the parameters are

adjusted by studying the sensitivity function in the intervals where the model fit should

be improved and by altering the parameter to which the system is most sensitive. It
/'

was established that the parameters 11m and Ks are strongly interdependent and they

cannot be separated. The sensitivity according to Y parameters is the greatest at

steady-state.
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The application of the sensitivity analysis in order to determine the key parameters of

the Activated Sludge Model No. 1 is done in (Salo & Ohmori, 2002). An identification

algorithm is developed further based on the results obtained from the sensitivity

analysis for the linear representation of the oxygen transfer coefficient. The considered

model has two inputs, 6 state space and output variables with 18 growth and oxygen

transfer parameters that need to be identified. Sensitivity model of the process is

developed and the sensitivity functions of the state variables towards the parameters

are calculated. It is established that the parameter J..lH,J..lA'YH'YA,bH,Ka,ixB and Sa,Sa!

have high sensitivity for at least one water component. These are parameters that are

identified. It is supposed that the components of the state vector are measurable. A

procedure for identification of the parameters J.1H' bH is developed. The ASM 1 mass

balance equation for the heterotroph biomass is rewritten as a function of the unknown

parameters as a regression model. The parameters are estimated using recursive least

square algorithm.

6.7.3. Modelling using automatic estimation methods

Pohjanpalo (1978) developed a test for a global system identifiability based on power

series expansion. A test provided by Holmberg and Ranta (1982) showed that if the

transient behaviour of the biomass and substrate are completely known all the

parameters (including J..lm and Ks can be uniquely determined. This implies that the

model is theoretically globally identifiable. The practical identifiability which is more

important because of the incomplete measurements, cannot be studied with this test.

Estimation of the growth parameters by minimizing the sum of squares error index

using gradient method was done in (Holmberg & Ranta, 1982). The algorithm

converges to the real value of Y while the estimates of Ks and J..lm are very sensitive

to the initial values. Unique solution for these parameters could not be obtained by this

method. If noise data from measurement is introduced, the results show that the

estimations is very sensitive to measurement noise.

The practical nonidentifiability does not mean that models using Michaelis-Menten

kinetics could not be used. They are used very often nevertheless that the parameter

set is not unique. This means that different sets of value fit the data with the same

error. Because of these properties the Michaelis-Menten model should be regarded as
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a black-box than as a physical model. Another property of this model is that for

measurements of the substrate S« Ks the model reduces to a linear form

jj = jjm / Ks • S . In this case the estimation of Ks and jjm is not unique. This situation

is typical for the activated sludge process. As a result the obtained parameters should

not be considered as biological characteristics of the processes nor should they be

used for comparing the influences of changes in environmental conditions.

6.8. Approach for linear batch parameter estimation of growth kinetics of the

microorganisms in wastewater treatment

A major problem in identification is how to parameterize the characteristics and

properties of a process using a model with suitable structure. Linear models provide a

good starting point in the selection of the structure for parameter estimation. The

wastewater process model is a nonlinear one, but according to some of its parameters

it can be considered as a linear one.

Linear regression models are considered

y(k) = cp(k'yl + v(k) (6.113)

where the model is linear according to the parameters O, The model functions cp(k)
can be linear or nonlinear functions of input and output signals. If the statistical

characteristics of the disturbance term v(k) are not known, it could be accepted that

(6.114)

is a natural prediction of what y(k) will be. The expression (6.114) becomes a

prediction in an exact statistical (means square) sense if {v(k )}is a sequence of

independent random variables, independent also of the observation functions tp , with

zero mean and finite variance.

The method of the linear batch parameter estimation is considered for the reduced

benchmark and Athlone processes incorporating ASM1 and UCT biological models.

The common mass balance equation describing these processes is

z(k + 1)= Az(k)+ CT p(z,u,k)+ Bzi¢ (k) (6.115)

where the dimension of the vectors and matrices is different, determined according to

the process and to the used biological model. The kinetic parameters are components

of the mathematical expressions for the process ratesr(z,u,k)=CT p(z,u,k). The

model (6.115) has parameters describing the mass balance expressions and the
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biological model kinetics. The parameters describing the mass balance of the tanks are

accepted to be constant. Such are the tank volumes, flow rates. The parameters used

in the biological models are three types

• parameters in the matrix C describing the yield of the heterotrophs and autotrophs are
accepted to be constant and known. These are:

for the ASM1 model: ixB'YH'YA

for the UCT model : fZB, H , YZH , Y ZA

• the parameters of the switching functions are accepted to be constant and known:
for ASM1 these are Ks,KNH,KoA,KoH,KNO,Kx,1]g,1]h
for UCT model these are Ks,KoA,KHA,KoH,KNO,Ksp

• parameter of the growth rates are considered as time variable and unknown. These are
for the ASM1 model these are f.1A,f.1H,kh
for the UCT model these are f.1A' f.1H' K MP' KA

The growth rate parameters are determined in this chapter through least square

estimation techniques.

6.8.1 Estimation of the growth parameters of the Benchmark process

6.8.1.1 Application of the ASM1 biological model

6.8.1.1.1 Transformation of the state space model (6.115) to the form of (6.113)

The model (6.115) has to be transformed in a form of model (6.113) - linear according

to the parameters f.1A' f.1H' kh· Following the process rate expressions from the Table

4.1 every of the growth rates is represented as a product between the unknown

parameter and the rest of the process rates in the following way:

(6.116)

(6.117)

(6.118)

(6.119)

Pn,3 = Pn,3(zn,un,k)e2

Pn,4 = Pn,4(zn,un,k)e3

Where n is the number of the tank, n = 1.5, Bl (k) = f.1H (k), B2 (k) = f.1A(k), B3(k) = kh (k)

and the expressions for the Pn,i(Zn ,un ,k ),i = 1.4 are as follows

(s J( SJk S,n O,n X
Pn,I(Zn'Un, )= K S K S BH,n

S + S,n OH + O,n

(6.120)

(6.121 )
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Pn,3 (Zn .u , ,k) = (K S:~ J(K S:nS JXBA,n
NH NH,n OA O,n

(6.122)

[XIX ; [[ 8 1 [K ][ 8 II( k) = S,n BH,n X O,n + OH NO,n (6.123)Pn,4 Zn'Un' BH,n 17h«,+XS,n/XBH,n KOH +80,n KOH +80,n KNO +8NO,n

Then the expression for the biological rates is

rn{zn,un,k)= C~Pn(k)8(k), n = 1,5,k = O,N

r{z,u,k)=CT p{k)8(k)

(6.124)

(6.125)

where the vector of the parameters is B = [B, B2 B3 Y and the matrix p{k) is

p,(k)
pz(k)

p(k)= P3(k) E RZOx3

P4(k)
Ps(k)

(6.126a)

Pn,,{k) 0 0

Pn{k)=
Pn,z (k) 0 0

E R4x3, n = 1,5and
0 Pn,3(k) 0
0 0 Pn,4 (k)

(6.126b)

Then the model equation (6.115) can be written in the following way

z(k +1)- Az(k)- Bzi¢ (k) = y(k) = CT p(k )eCk) = rp(k )8(k)

y(k) = z(k + 1)- Az{k )-Bzi¢(k), Y E R'S

rp(k) = CT p(k), tp E R,sx3

The model (6.127) is used to estimate the values of the parameters B.

This model could be written in a matrix form paying attention to the measurements of

the input and output variables for a given period of time. If the number of

(6.127)

measurements are N, then it can be written for every moment

y(l) = rp(I)8(1)
y(2) = rp(2)8(2)

(6.128)

y(N) = rp(N)e(N)

The system of equations (6.128) can be written by one vector/matrix equation, if a new

output vector is introduced
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(6.129)

In model (6.129) the vector y is formed by measurements of the state and input

disturbances and the matrix <I> is formed as a nonlinear matrix function of the state and

control variables.

6.8.1.1.2Formulation and solution of the problem for linear batch least squares

estimation

The goal of the parameter estimation is to obtain an estimate of the model parameters

such that the sum of the squared residuals is minimized

N 2

~(g,k)= l]y(k)- y(g~1 ---+ min
k=l w{k)

(6.130)

(6.131)

where ep(k) E RlSxlS is the symmetrical positive definite matrix.

The quadratic cost function expresses the weighted squared errors between the N

observed outputs y(k) and their predictions rp(k)ê provided by the model. The scalar

coefficients in the matrices w give the weighting of different observation functions. The

quadratic function of the criterion allows single optimum solution as it has the shape of

a parabola. The linear model (6.127) and the quadratic criterion allow an analytical

solution to be obtained.

The solution of the problem (6.130), (6.131) is standard one. Equation (6.131) is

substituted in Equation (6.130).

N 2

~(g,k) = LIIY(k )-ep(k )ê(k)11 ---+ min
k=l w(k)

(6.132)

The necessary condition for optimality of (6.132) according to the parameter vector is

a~ =f w(k )~(k )-ep(k )ê(k) l-ep(k )]+ [y(k )-ep(k )ê(k) Hk )j[-ep(k )]=
ag k=l

= fepT (k )~(k)- ep(k)ê(k) rw(k)+ epT(k )~(k)- ep(k)ê(k) ]w(k) = (6.133)
k=l

= -2fepT (k )w(k )~(k )-ep(k )ê(k)]= 0
k=l
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Equation (6.133) can be written in the following way:

- cpT (k )w(k )y(k) + cpT (k )w(k )CP(k)ê(k) = 0, k = 1,N (6.134)

The sufficient condition for minimization of (6.132) is the positive definiteness of the

second derivative of the criterion function towards the vector of the parameters

a2 ~~e)=±cpT (k )m(k }P(k)
ae k=1

The requirement is the matrix a
2

~~e) to be positive definite for all values of cp(k) notae

(6.135)

equal to zero. As the matrices w(k) are selected to be positive definite, the second

derivative will be positive definite if the cp(k) = CT p(k) are not zero.

The optimal estimate of the vector of the parameters e is obtained from the equation

(6.134), under the assumption that the second derivative is positive definite, then its

inverse exists and

tJek) = [cpT(k)w(k)CP(k)JlcpT(k)w(k)y(k), k = 1,N (6.136)

Often it is more convenient to calculate the least squares estimate from the compact

matrix form (6.129). In this case the cost function is

(6.137)

The optimal estimate then is given by the solution

ê = [<l>T w<l>Jl<l>T Y

where 0
2

; = <l>T w<l> must be positive definiteoe
The optimal estimates (6.136) and (6.138) can be obtained using the model vectors

(6.138)

and matrices as follows

(6.139)
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T -1
CT p(l) T z(2)- Az(l)- Bz;¢ (1)CT p(l) CT p(l)

e= CT p(2)
W

CT p(2) CT p(2)
W

z(3)- Az(2)- Bz;¢ (2)
(6.140)...........................

CT p(N) CT p(N) CT p(N) z(N + 1)- Az(N)- Bz;¢(N)

6.8.1.1.3 Algorithm and a MATLAB program

The steps of the algorithm are:

• Input all known coefficients of the model and state and control measurements
z(k), k = 1,N + 1, u(k), k = 1, N

• Calculate the vector y(k) = z(k + 1) - Az(k) - Bz;¢(k), k = 1,N
• Form the vector y
• Calculate the matrices pand <l>

• Calculate e from equation (6.140)
A program is written in MATLAB for batch calculation of the parameter estimates
following the applied algorithm, Appendix D.

6.8.1.2 Application for the UCT biological model

6.8.1.2.1 Transformation of the state space model (6.115) to the form of the model (6.113)

The parameters that have to be estimated are f.1H,f.1A,KMP,KA

The process rate expressions from the Table 4.3 are represented as a product of the

parameters and the part of the process rate in the following way (for the n-th tank)

Pn,l (k) = Pn,I (zn ,Un,k)eI (k), Pn,Z (k) = Pn,Z (zn'un, k)el (k), Pn,3 (k) = Pn,3 (zn ,Un ,k )eJk),

Pn 4 (k) = P; 4 (zn,Un,k)eI (k), Pn s(k) = Pn S(Zn ,Un' k)e2 (k), p; 6 (k) = Pn 6 (Zn ,Un' k)e2 (k)
" " " (6.141)

Pn,7(k)= Pn,7(zn,un,k)ez(k), Pn,8(k)= Pn,8(zn,un,k)e2(k), Pn,9(k)= Pn,9(zn,un,k)e3(k),

Pn,1O(k) = Pn,1O(zn' Un' k)e4 (k)

where n is the number of the tank, n = 1,5,el = f.1 H' ez = K MP' e3 = f.1 A and e4 = f.1 A

and the expressions for the Pn,; (zn,i' Un';' k), i = 1,10 are as follows

-[ SS,n J[ SO,n J[ SNH.n Jx
P n,1 - Ks + Ss ,n K OH + SO,n K HA + S NH ,n BH ,n

-[ SS,n J[ SO,n J[ KHA J[ SNo,n J
P

n
,2- KS+SS,n KOH +SO,n KHA +SNH,n KNO +SNO,n XBH,n

- [ Ss ,n J[ K OH J[ S NH ,n J[ S NO ,n Jx
Pn,3- KS+SS,n KOH +SO,n KHA +SNH,n KNO +SNO,n BH,n

-[ SS,n J[ KOH J[ KHA J[ SNO,n Jx
P

n
,4- Ks+Ss,n KOH +SO,n KHA +SNH,n KNO +SNO,n BH,n

(6.142a)

- [ Sads ,n IX BH ,n J[ So,n J[ SNH ,n Jx
Pn,S- Ksp,+Sads,nIXBH,n KOH +SO,n KHA +SNH,n BH,II
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- [ Sads ,n / X BH ,n J[ So ,n J[ K HA J[ SNO ,n JX
P

n
,6 - KSp +Sads,n/XBH,n KOH +SO,n KHA +SNH,n KNO +SNO,n BH,n

- [ Sads ,n / X BH ,n J[ K OH J[ SNH ,n J[ SNO ,n J X
Pn,7 - KSp +Sads,n/XBH,n KOH +SO,n KHA +SNH,n KNO +SNO,n 77g BH,n

(6.142b)
- [ Sads ,n / X BH ,n J[ K OH J[ K HA J[ SNO ,n J X

P
n

,8 - KSp +Sads,n/XBH,n KOH +SO,n KHA +SNH,n KNO +SNO,n 77g
BH,n

Pn,9 = X S,nX BH ,n (fMA - Sads ,n IX BH ,n)

[ S J[ S JO,n NH ,n X
P n ,10: K + S K + S BA ,n

OA O,n HA NH ,n

The expression for the biological rates is

rn(zn,un,k)= CT pJk )eCk), n = 1,5, k = O,N

r(z,u,k)=CT pe

where the vector of the parameters is O = [el e2 e3 e4 Y

(6,143)

Pn,l 0 0 0

Pn,2 0 0 0

Pl(k)
Pn,3 0 0 0

P2(k)
Pn,4 0 0 0

0 Pn,S 0 0
p(k)= P3(k) ERSOx4 Pn(k)= E RlOx4 (6.144)

P4(k)
0 Pn,6 0 0

Ps(k)
0 Pn,7 0 0
0 Pn,8 0 0
0 0 Pn,9 0
0 0 0 Pn,1O

The model for estimation of the parameters is presented in the same way as equation

(6.127) where Y E RIS and cp E R20x4, C; E R10x4 and CE RSOx20, cp = CT PE R2Ox4

The derivation of the optimal estimate vector O is the same as in the case of the ASM1

model and has the form of equations (6.136) and (6.138), or equations (6.139) and

(6.140). The algorithm and the MATLAB program are with the same structure, but with

different dimensions and matrix p, Appendix D.

6.8.2 Es!imation of the growth parameters of the Athlone process

6.8.2.1 Application of the ASM1 biological model

The equation of the model is the same but the number of tanks is different n = 1,3.
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Then the dimension of the vector and matrices is as follows:

6.8.2.2 Application of the UCT biological model

The dimensions and vector and matrices are ZE RIO, C; E RIOx4, C E R30X12, P E R30

() E R
4

, Pn E R
IOX4

, P E R
30x4

•

The algorithm and the MATLAB programs have the same structure as for the

Benchmark process, but the dimensions and the structure of the model vectors and

matrices are different, Appendix D.

6.8.3 Properties of the least square estimator for the parameters ()

6.8.3.1 Mean value of the least squares estimator
~

The vector of the estimated parameter () is a random one as the measurements are

disturbed. If the mathematical expectation of the parameter estimation is equal to the

true parameteré' , the estimator is unbiased. This is the case when the noise

v = [VT (1), vT (2), ... , vT (N)Y E Rnl*N , where nl is the dimension of the state space has zero

mean, and the noise and data matrix cp are statistically independent.

The estimation error is iJ = () - ê (6.145)

The mathematical expectation of the estimation error () is

where [<l>T w<l> ti<l>T w<l> = I, v , <l> are statistically independent. From here if

E{v} = 0 (zero mean), the least squares estimator is unbiased and

E~}= 0, and E~}= o (6.147)

6.8.3.2 Covariance matrix of the least squares estimator

The covariance matrix of the estimation error represents the dispersion of () about its

mean value, as follows

(6.148)

as the estimation error has zero mean value E~}= O.

Then the covariance matrix of the estimation error is
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al =E{e(jT }=E{e-êJe-êY}=
= E{[ e - [<DTw<D tI<DTwJ[<D e + v{e[<DT w<D tI<DTwJ[<D e + vI}
= Et<DT w<l> tI<DTwvvT w<D[<DTw<D tI}= Et<DT w<D tI<DTw<D[<DTw<D tI ~{VVT }=
= E{<DT w<D tI~2

where v has zero mean and variance a? with equally distributed components. vand

(6.149)

<1> are statistically independent. As the estimation is based on a given data, the matrix

<1> is known and then

(6.150)

Then the correlation matrix is

[
T }l 2

al = <D w<D J a (6.151)

Matrix al is a measure how well the unknown vector of the parameter can be

estimated. The square root of the diagonal elements of al' A represents the

standard errors of each element êi of the estimate ê. The variance can be estimated,

according to the formula

a2 = ~-<1>êr~-<1>ê]
N-n2

Where n2 is the number of parameters to be estimated and N - n2 is called a degree

(6.152)

of freedom of the estimation.

6.9 Recursive Least square estimation

The method of the recursive estimation is used for the situation where the

measurements of input and output from the process are obtained one- by-one. The aim

is to update the parameters estimate whenever new information is available. Normally

this is done by adding the new measurement to the previous set of measurements and

recomputing the estimates. The approach is not to recompute estimates with the all

available data, but to update the previous parameter estimates with the new data.

The form of the recursive method then is:

New estimate = old estimate + correction (6.153)

Let it is supposed that the estimate of'the parameters is obtained for the first k-l

instants. Then according to Equation (6.136)

(6.154)
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Then at the moment i = k new information is obtained for the input and output of the

process and the new function rp(k) is calculated. The least square estimate is

(6.155)

The aim is to use the information for the new and previous estimate from equations

(6.155) and (6.154) and to obtain the new estimate using the information for the

previous one according to the equation (6.127). The derivation follows:

A new matrix is defined
k

R(k)= :Lql(i)w(i)CP(i) (6.156)
;=1

which using (6.155) allows a recursive formula for R(k) to be written

R(k) = R(k -1)+ cpT(k )w(k )CP(k)

Using (6.156) the new estimate ê(k) is

(6.157)

(6.158)

and the previous estimate is

(6.159)
;=1

In order to include ê(k -1) into the expression for ê(k) the sum for i = 1,k -1 from

(6.159) can be expressed and substituted in (6.158)
k-ILcpT(i)w(i )y(i) = R(k -1)ê(k -1) (6.160)
i=1

ê(k) = R-1 (k )lR(k -l)ê(k -1)+ cpT(k )W(k )y(k)J
R(k-I) can be expressed by R(k) according (6.157) and substituted in (6.161)

R(k -1) = R(k)- cpT(k )w(k )CP(k)

ê(k) = R-1(k )~R(k)- cpT(k )w(k )CP(k)p(k -1)+ cpT(k )w(k )y(k)}

(6.161)

(6.162)

(6.163)

After some mathematical transformation it is obtained:

ê(k) = ê(k -1)- R-1(k)CPT(k )w(k )CP(k)ê(k-I)+ R-1(k)CPT(k )w(k )y(k)

ê(k) = ê(k -1)+ R-1 (k)CPT(k )w(k )~(k)- cp(k)ê(k -I)J

(6.164)

(6.165)

The equation (6.165) together with equation (6.157) is a recursive formula for the least

square estimate. The matrix R(k) in equation (6.165) is necessary to be inverted at
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every step. There is possibility to calculate the estimate without matrix inversion. It is

supposed that

pl(k)=R-1(k) (6.166)

Then the formula (6.157) is

p-1l(k)= p-1l(k-l)+ql(k)w(k)rp(k)

The matrix p(k) is also symmetrical and positive definite.

(6.167)

pl(k) = [p-1l(k -1)+ q/ (k)w(k )rp(k)jl (6.168)

The equation (6.168) can be simplified using the Matrix inversion lemma stating that if

A,8,C,D are matrices with appropriate dimension such that A+8CD exists, then (Najim

& Ikonen, 1999).

(6.169)

lt can be substituted in (6.168) that

A ~ p-I1(k -1), B ~ epT(k), C ~ w(k), D ~ ep(k)
Then

(6.170)

p1(k) = [p-I1(k -l)r - [p-I1(k -l)JIcpT(k )[cp(k)[p-l1(k _l)~T (k)+ w-I(k)r cp(k)[p-l1(k -l)r (6.171)

= p1(k -1)- p1(k _l)cpT (k )[cp(k)p1(k _l)cpT (k)+ w-I(k W cp(k)p1(k -1)

The expression L(k) = R-I (k)eDT(k )w(k) = pl(k)eDT (k )w(k) can be written using equation

(6.171) in the following way

L(k) = [Pl(k -1)- pl(k _1)cpT(k )[ep(k)pl(k _1)cpT(k) + w-l(k)r .ep(k)pl(k _l)JepT (k )w(k)

= pl(k _l)cpT (k{I - [ep(k)pl(k _l)cpT (k) + w-1(k )jl.ep(k )pl(k _l)cpT (k )Jw{k)
(6.172)

Taking [ep(k)pl(k-l)cpT(k)+w-l(k)r outside of the first brackets gives

L(k) = pl(k _l)cpT (k )[ep(k)pl(k _1)cpT(k)+ w-I(k )jl
[ep(k)pl(k _1)epT(k)+ w-I(k)- ep(k)p1(k -1)(// (k )}w(k)

= p1(k _1)CPT(k )[ep(k)p1(k _1)rpT (k)+ w-1 jl
(6.173)

Then the expression (6.165) becomes

ê(k) = ê(k -1)+ L(k )~(k)- ep(k'yJ(k-1)J (6.174)

where L(k) is calculated from equation (6.173) and pl(k) is calculated from (6.171) and

(6.173)
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p1(k) = [1- L(k 'yp(k))P1(k -1) (6.175)

The equation (6.174) is the covariance requisition form. This form is more

computational effective.

Algorithm for calculation:

1. Select initial values for pI(ko) and ê(ko) by using batch least square algorithm

on the first ko ) dime samples of data

pl(k,) = [~'I" (i)w(i )<P(ilJ' (6.176)

ko

ê(ko) = pl(ko)L cpT (i )w(i )y(i)
i=1

(6.177)

2. Calculate the value of L(k) from equation (6.173)
3. Calculate the estimate of the parameters from Eq. (6.174)
4. Update the value of the matrix p from equation (6.175)

Another choice is to set the initial vector of parameters to zero, ê(ko) = 0 and let the

initial error covariance matrix to be a multiple of identity matrix pI(ko) = Cl , where C is

some large positive constant. A large value of pI implies that the confidence in ê(ko)
is poor and ensures a high degree of correction.

If the model of the process is linear according to the parameters and if there is no

correlation between the measurement error of different stages of measurement so that

the assumed diagonal structure of w(k) is strictly valid, then the sequential solution for

ê(k) will be the same as the batch solution.

6.9.1. Application of the method to the Benchmark process

6.9.1.1 Using of the ASM1 model

The process described by equation (6.127) is considered. The dimension of the vector

of the parameter e is 3. The above Algorithm is followed:

1. The initial conditions for p1(ko) and ê(ko) are determined according to Equations
(6.112) and (6.114) where N = 5) dime
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TCTp(l)
p1(5)= CTp(2)

-I

== p1(k -1), WE R15x15, (6.178)

(6.179)

2. Calculation of L(k) from equation (6.147)
• Calculation of the inverse matrix for the moment k ) 5

cp(k)= CTp(k) E R3x3
, w(k) E R3x3

L(k) = [CTp(k )p1(k _l)pT (k)c + w-I(k )t1
E R3x3

(6.180)

• Calculation of L(k)
L(k) = p1(k -1)pT (k )cL1(k) E R3x3

Calculation of ê(k)
ê(k) = ê(k -1)+ L(k )lz(k +1)- Az(k)- Bzi¢ (k)- CT p(k )ê(k -1)J

(6.181)

(6.182)

3. Calculation of the updated form of p1(k)
p1(k)= [1-L(k)CT p(k)]Pl(k-l)
4. Recursive calculation following points 2, 3, 4.

(6.183)

6.9.1.2 Using of the UCT model

In this case the number of estimated parameters is 4. The above steps are followed,

but the dimension of the matrices for the n-th tank is different

6.9.2. Application of the method to the Athlone process

The equations of the process have the same form as above. The difference is in the

dimension of the vectors and matrices because of the different numbers of tanks and

different biological models.

6.10. Recursive least square estimation with exponential forgetting

The least square criterion (6.130) gives an average estimate of the parameters, based

on the values of the data samples used in the identification. If the process is time

varying, it is necessary to have an estimate that is representative of the current

properties of the system. This can be achieved by weighting the newer samples more

than the old ones, Le. by forgetting old information

175



The criterion with forgetting factor can be written in the following way

(6.184)

where A > 0 is a forgetting factor. The derivation of the recursive estimate formula is

following the same steps as in the previous case, where on the places of the weighting

matrix w, the new one AOJ(k) is substituted. Then equation (6.156) becomes

R(k) = ±q,T (i )A_k-iw(i)CP(i) = ~ [(/JT (i)A_k-iWi(k )CP(i)]+ ql (k )A_k-kw(k )CP(k) =
i=l i=l

= A_R(k -1)+ (/JT (k )w(k )CP(k)
(6.185)

Then the estimate at the moment k is

(6.186)

The previous estimate is

(6.187)

From here

(6.188)
i=l

ê(k) = R-1 (k )lA_R(k -l)ê(k -1)+ (/JT (k )w(k )y(k)J
R(k-l) can be expressed by R(k) from equation (6.185)

(6.189)

(6.190)

Then

(6.191)

And after some mathematical transformations it is obtained

(6.192)

This is the same expression as equation (6.165)

The same transformations are done to overcome the inversion of the matrix R(k)
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p1(k)=R-1(k)

p1(k)=[2p-I1(k-1)+q/(k)w(k}P(k)jI = (6.193)

~ ~ [PI(k -1)- pl(k -1}pT(4 <p(k)PI(~-I) <pT(k)+ ",-'(k lf<p(k)PI(~-1)1

L(k) = pl(k}PT (k )co(k)=

~ ~ [PI(k -1)- pl(k _1}PT(k t<P(k)PI(~-I) <pT(k)+ "'-'(k lf<p(k)PI(~-I) ]<pT(k)w(k)~

= ~ pl(k _I}PT (+ +(k) PI(~ -I) <pT(k)+ W-'(k)r <p(k)PI(~ -I)<pT(k )]w(k) ~

= ~ Pl(k-l}PT(k{CP(k)Pl(~-l)q/(k)+W-I(k)r

(6.194)

From here

pl(k) = _!_[I- L(k)rp(k ))Pl(k -1)
2

ê(k) = ê(k -1) + L(k )~(k)- cp(k)ê(k -1)J

(6.195)

(6.196)

The algorithm for calculation is following the steps of the algorithm for recursive

estimation, but the calculation of the matrix L(k) is according equation (6.195) and of

pl(k) according to equation (6.194). The effect of the forgetting factor is that pl(k)
and L(k) are kept larger. With 0 < A < 1, p(k) will not tend to zero and the algorithm

always will react quickly to the changes in e. A common choice of 2 is 0.95-7-0.99.

6.11 Conclusion

Parameter estimation is a common feature in many areas of process modeling, both in

on-line applications such as real time optimization and in off-line applications such as

the modeling of reaction kinetics and biotechnological processes (Lennox et ai, 2001),

(Montague, 1997), (Nomikos and MacGregor, 1994), (Luyben, 1993), (Gudi et ai,

1995), (Dacosta et al, 1997), (Wang et al, 1999), (Fisher et al, 1988), (Stecha et al,

2005), (Dochain, 2003) and (Wang and Gawthrop, 2001).

This chapter starts with the problem for identifiability of the models of nonlinear

processes and the existing methods for checking it. Then the identifiability of the

considered two plants for wastewater treatment models is proved on the basis of the

Taylor series method. Equations for calculation of the selected parameters are derived.
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Overview of the existing methods for parameter estimation is given and on it basis a

method for parameter estimation of the growth parameters for ASM1 and UCT

biological models as a part of the corresponding Benchmark and Athlone plant mass

balance models is developed. Algorithms and Matlab programmes for calculation are

developed, Appendix D. The results are given in Chapter 9.
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CHAPTER SEVEN

STATE AND PARAMETER ESTIMATION

7.1 Introduction

The lack of on-line measurement technology for product quality variables is a common

problem in the process industry. As temperatures, pressures, flow rates, levels and

composition are routinely measured on-line, key quality variables are only available at

intervals, often hours apart shown (Biagiola and Figueroa, 2004), (Ferreira et ai, 2005),

(Nejjari et al, 1996), (Pons et al, 2005), (Ahmad and Reynolds, 1999), (Hart,1998),

(Marsili-Libelli, 1992), (Marsili-Libelli and Tabani, 2002) (Papastratos, 1999), (Bastin

and Gevers, 1988), (Bastin and Dochain, 1990), (Ossenbruggen et al., 1991), (Larrea

et al., 1992), (Lesouef et al., 1992), (Gehan et al, 1999), (Johnson and Tiedeman,

1985), (Siegrist and Tschui, 1992), (Tenno and Uronen, 1995) and (Marsili-Libelli and

Giovannini, 1996). For on-line model predictive control some kind of process

monitoring schemes are necessary to provide accurate continuous real time and future

predictions for those key quality variables which are no measurable and essential

(Bernard and Gauze, 2002), (Gaslan et al, 2003), (Aschemann et al, 2005), (Rauh et al,

2004) and (Slotine and Li, 1991).

A major difficulty in the application of advanced monitoring and control strategies for

the wastewater treatment is the difficulty in on-line measuring of the chemical and

biological variables, such as biomass concentration, specific bacterial activity or

intermediate product concentrations. The idea for using observers, also called software

sensors that combine a number of readily available on-line measurements (gaseous

flow rates, pH, dissolved gases, etc.,) with a process model for estimating the values of

unmeasured state variables appeared and was developed during the last years.

Different methods were proposed to design such observers based on different

principles. In practice the choice between them depends on the specificities of the

considered problem, reliability of the process model, as well as the amount and

accuracy of data. If a reliable process model is available and if this model has been

thoroughly identified and validated, either a Kalman filter or a high gain observer can

be developed. When the process model is not accurate enough, an asymptotic

observer relying on mass-balance principles, but not on the uncertain kinetics, shall be

used instead. If bounds are known for the uncertain inputs or parameters, an interval
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observer can be used for predicting intervals in which the unmeasured variables are

guaranteed to belong.

Another important point in the design of the observer, additional to the model quality is

the objective to be achieved according to its use - for control, for diagnostics,

observation and so on.

The chapter analyses the existing methods for design of observers and/or estimators

for biotechnological and wastewater treatment processes and describes development

of two methods for design of discrete Kalman filters for estimation of the immeasurable

state variables of the reduced nonlinear mass balance models based on ASM1 and

UCT biological models for the Benchmark and Athlone plants.

7.2 Theoretical concepts in system observability

The state variables can be reconstructed from the measurements by an observer

(when no disturbances are modeled) or a filter (when the disturbances are modeled as

stochastic processes). It is first fundamental to study the observability property of the

system before designing an observer for its states. The observability determines

whether the measured signals contain sufficiently information to estimate the

unmeasured state variables. It also guarantees that an estimator can be found so that

the estimated state converges to the real state arbitrarily fast. Then the system is called

to be observable if it satisfies this property from a theoretical point of view. The next

step is to design the observer (Luenberger, 1979).

The theory of observability of the dynamic system is mainly developed for linear

systems. The methods, proposed for nonlinear system are not general ones; they are

tailored to the specifics of the considered problem.

7.2.1 Notion of observability

A general nonlinear model is considered

i(t) = f(z(t), u(t )),
y(t) = h(z(t))

z(O)=zo (7.1)

(7.2)

where u E R'", z ERn and Y E Rl are the system input, state and output vectors

respectively, Zo is the vector of the initial state. The functionsfand h provide dynamics

of the process and the links between the states and measurements.
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The objective is to estimate z(t) from the measurement y(t). Observability is a

structural property of the system that states whether this is possible or not (Gautier and

Kupka, 2001), (Luenberger, 1979).

Definition: The system is said to be observable, if z(t) can be uniquely determined

from

for same ny:?: 0 and nu :?: O. (7.3)

The unobservability results from some state or subsystem being disconnected

physically from the output and therefore not influencing the measurements. The

observer then can be designed to estimate state z(t) based on a model of the process

and a set of input/output measurements. The observer is an auxiliary dynamic system

coupled to the original system via the measured inputs and outputs, Figure 7.1:

y
u

Process

z

,..
z

Observer

Figure 7.1: Basic structure of the observer and plant

7.2.2 State estimation for continuous systems

Definition: An observer is an auxiliary system coupled to the original system

as:

q(t) = j(q(t), u(t), y(t )),

z(t) = h(q(t), u(t), y(t))

(7.4)

(7.5)
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where q E RP is the observer state vector, j is the function of the observer dynamics

and h relates the state q to the estimate z of the real system. The required property of

the observer is that the observation error asymptotically converges to zero.

lim JJ2(t) - z(t ~J= 0
t--+<XJ

(7.6)

A desirable property of the observer is the possibility to tune the convergence rate in

order for the estimates to converge more rapidly than the dynamics of the estimated

process. Another desirable property is that the estimate z should remain equal to z(t)

under proper initialization, this means when it is initialized with the true value of z( 0).
Based on the above requirements the structure of the observers is accepted to be of

the following type

i(t) = f(z(t), u(t ))+ K[q(t), h(2(t ))- y(t)] (7.7)

q(t) = J(q(t), u(t), y(t)) with K(q(t), 0) = 0 (7.8)

This observer consists of the model of the original system corrected by a term that

depends on the discrepancy between the measured and the predicted outputs. The

correction value is tuned by the function K, called the observer gain.

7.2.3 State estimation for discrete time systems

For the case of discrete nonlinear systems the state space model of the system is

z(k + 1) = f[z(k), u(k)] (7.9)

and the measurement equation is

y(k + 1)= h[z(k + 1)] (7.10)

where k is the discrete time

For this case the mathematical form of the state observer consists of three parts:

• prediction of the next state according to the current estimate z(k) and equation (7.9)

z(k + Ilk) = f[z(klk 1u(k)] (7.11 )

where z(klk )denotes the estimate at the moment k according to the measurements up

to time k, z(k + Ilk) is the estimate at the moment k + 1, given the same data from the

measurement, u(k) are the process inputs at the moment k.

• correction of the estimation done by a filter and according to the latest measurement at

a time k + 1

z(k + Ijk + 1)= z(k + lJk)+ K(k + l)[y(k + 1)- h(2(k + IJk))] (7.12)
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where y(k + 1) are the actual process measurements. The function

y(k + Ilk) = h(z(k + Ilk)) (7.13)

corresponds to the estimated output at the moment k + 1 according to the given

measurements up to time k. The filter parameter K is also function of time. but normally

is accepted to be a constant in order to be capable to implement the filter. According to

equation (7.13) if the actual measurement y(k + I) is the same as the predicted one

y(k + Ilk) the correction will be zero. The structure of the predictor/ corrector estimator

is given in Figure 7.2 (Olson & Newell. 2001).

Input u(k) Measurements

Plant state z

y(k+ 1)

--------------------------------------------------- ----------~ ,,, Estimate
Predictor Corrector

,,
Eq.7.l1 Eq.7.12

,
,

z(k+ Ilk) iz(k + Ilk +1)
,T .,

State Estimator

Figure 7.2: Predictor! corrector observer

7.2.4 State estimation for noisy systems

The stochastic processes are used to mathematically model the process disturbances

and the errors (random) in the sensors measurements. This means that some random

variable with given probability distribution is added to the process variables at each

moment of time and in the same way to a sensor signal. In points 7.1-7.3 it is assumed

that the data information sent to the estimator is perfect one. But this is ideal, not the

real situation. In reality the electrical noise to a sensor signal can be described as an

additional random variable v(t)

y(t) = h[z(t )]+ v(t) (7.14)

where v(t) .is the vector of the noise v E Rl , modelled as a sequence of stochastic

variables. If they are independent, the amplitude of the noise at a moment t does not

depend on the amplitudes at previous times. Then the random noise is normally
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distributed (Gaussian) and its mean value and standard deviations completely

characterize it.

In the same way the nonmodelled disturbances to the process can be modeled as a

random numbers co(t)added to the state

z(t) = f[z(t), u(t )]+ co(t) (7.15)

where co(t) is considered in the same way as the noise v(t). If the noise description is

given, the estimator can take the model uncertainty into consideration. Any correction K

in the presence of both types of noises has to be optimally selected according to the

noise characteristics. The Kalman filter (Kalman, 1986) is develop to achieve optimal

estimation. It has the structure of equations (7.4), (7.5) but the required property of the

estimator is the observation error, calculated as

e(t) = h[z(t )]+ v(t)- h[2(t)] (7.16)

has asymptotically to converge to the sensor noise. In practice statistical test has to be

done of the residual e(t) to find out if the filter is convergent. The corrector factor K

obtained from the Kalman filter is time varying and represents the optimal compromise

between process and sensor disturbances and the estimation error.

7.2.5 Observers for linear systems

The linear time invariant system is described by a linear state space model

z(t) = Az(t)+ Bu(t)
y(t) = Cz(t)

(7.17)

(7.18)

Where A E R"":", B E R"":" ,C E R1xn are the system matrices. The observability

criterion is given by the rank condition

ranklCT AT CT ... (An
-
1 t CT J= n (7.19)

7.2.5.1 Luenberger observer (Luenberger, 1966)

The structure of the observer is

i(t) = A2(t)+ Bu(t)+ K[C2(t)- y(t)] (7.20)

where ZE R" is the state of the observer, K E Rnxl is the gain matrix that is used to tune

the convergence rate of the observer and can be chosen in order for the observation

error to converge to zero arbitrary fast. Pole placement methods are normally used to

make the observation error system stable, where the dynamics of the error is given by

the equation
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ë(t) = (A - KC)e(t) (7.21)

If the system is observable then K always can be found such that the error goes to zero.

The gain K could not be selected to be very big because it can increase the sensitivity

of the observer to external perturbations (noise). If there is only one sensor (y is a

scalar output) the correcting gain K is a vector, otherwise K is a matrix. A good solution

is to design the observer paying attention to both stability and accuracy. The Kalman

filter proposes a way of achieving such a compromise.

A special kind of Luenberger observer can be designed for a nonlinear system where

nonlinearities depend on the output y only:

i(t) = Az(t)+ ¢(y(t), t)+ Bu(t) (7.22)

y(t) = Cz(t) (7.23)

where tP is known nonlinear function. Then the Luenberger-like observer has linear

dynamics with respect to the observation error and can be written as

i(t) = Ai(t)+ ¢(y(t), t)+ Bu(t)+ K[Cz(t)- y(t)] (7.24)

The gain K can be chosen arbitrarily.

7.2.5.2 Kalman filter (1960, 1986)

The Kalman filter can be considered as a Luenberger observer with a time varying gain.

The gain is chosen in such a way that the variance of the observation error is

minimized (or equivalently, the integral between to and t of the squared error is

minimized). Because of this minimization, the Kalman filter is called an optimal

estimator.

The stochastic model of the observable linear system is considered:

z(t) = Az(t)+ Bu(t)+ Gw(t) z(to) = Zo (7.25)

where w(t)~(O,Q(t))is a white noise with zero mean and covariance Q(t). It is supposed

that the initial state Zo is unknown, but there is a priori knowledge z ~ (zo, po) and that

the measurements are given at discrete times tk according to

y(k) = Cz(tk)+ v(k) (7.26)

where v(k) ~ (0, Rk) is uncorrelated with w(t) and zo-' white noise. Besides initialization a

continuousl discrete Kalman filter consists of two steps: a prediction (propagation) step

(between two successive measurements) followed by a correction step (at

measurement times). The sequence is:
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• Initialization & = to )
p(to) = Po' £(to) = Zo' Po = E{e(to }eT (to)} (7.27)

• Prediction step: &:-1 S; t S; t"k, k ~ 1)
P(t) = AP(t)+ p(t )AT + GQ(t )GT

i(t) = AZ(t)+ Bu(t)
(7.28)

(7.29)

• Correction step: &=t;, k~l)
K(k) = p(t; pT [GP(t; pT + u,Jl
P~;)= (1- x, (t))p(t; )
z(t;)= zV;)+ x,&k - Cz(tk))

(7.30)

(7.31)

(7.32)

In these equations the model matrices depend on time. The Kalman filter can be

extended by adding a term -QP(t), Q) 0 in the prediction equation for P. This

exponential forgetting factor allows to consider the case where Q = o. The calculation of

the positive definite matrices P, Q and Po can be very tricky in practice, especially when

the noise properties are not known precisely.

7.2.6 Nonlinear system estimation. Extended Kalman filter

The extended Kalman filter is developed for nonlinear systems of the kind

z(t)= f[z(t), u(t), t]+ G(t)m(t), z(O)= Zo (7.33)

with measurements at discrete time tk given by

y(t) = h[z(t ),t]+ v(t) (7.34)

where fand h are continuously differentiable functions. The problem with the nonlinear

models is that the Gaussian input does not necessarily produce a Gaussian output

because distortions caused by the nonlinear elements. The accepted principle in

connection with estimation of state is that when the system is subjected to small inputs

the outputs will be Gaussian. The extended Kalman filter for nonlinear systems is

based on this principle. The fundamental concept of this filter is the notion that the true

state is very close to the estimated state and as a result the error dynamics can be

represented accurately enough by a linearized first order Taylor series expansion.

The idea is to Iinearise the nonlinear system around its current state estimate £(t).
Then the problem becomes equivalent to building Kalman filter for a nonstationary

linear system with matrices A and C taken as
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(7.35)

The extended Kalman filter is used for many applications. This filter suffers from low

convergence (Bastin and Dochain, 1990). A multi rate extended Kalman filter can be

developed for measurements with different sampling rates.

7.3 Estimation of the biotechnological processes

The structure of the models of the biotechnological processes such as the fermentation

and the ASP consists of two parts (Bernard, Hadj-Sadoc & Gouze, 2000)

• a linear part based on mass-balance considerations
• a number of nonlinear terms that describe the biological reaction rates (kinetics)

The kinetic terms are often poorly known in practice and it is very difficult or impossible

to construct a reliable observer by accounting for such uncertain terms. One of the

directions of design of the observer uses the above structure of the ASP models in

order to construct observers that are independent on the uncertain reaction rates. This

is obtained via a linear change of variables. The main condition to design this so-called

asymptotic observer is that enough number of variables is measured. The asymptotic

observers fall into the broad class of observers with unknown inputs, whose principle

relies on cancellation of the unknown part via a change of variables (Darouach,

Zasadninski & Xu 1994), (Hou & Muller, 1991), (Kudva,Viswanadham & Ramaurishna,

1980).

Construction of such observer requires the following assumptions that:

• there are more measured quantities than the model reactions
• matrix introducing the measured state variables has a full rank

The linear unknown input observer method is a two step strategy which then allows

implementing any state observer to the transformed system (Hou & Muller, 1991).

Additional parameter uncertainties in the linearized process model orient the

observation strategy to the use of the robust state observers. For linear system such

efficient uncertain estimation approaches are given in (Takahashi & Peres, 1999), (Yin

& Park, 2001), (Gomez-Quintero & Queinnec, 2002).

The development of the methods for parameter and state estimation for these

processes often is very difficult and complex because of the specific process
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characteristics. Some of the first methods are developed for the fermentation

processes and later they are extended for the cases of ASP.

7.3.1. General observer

Lets consider the biotechnological process described by the general state space model,

that is (Bastin & Dochain, 1990):

z(t) = Ycp(z)- Dz(t)- Q + F (7.36)

where the notations used are as follows: ZE R" is the state vector, Y is the yield matrix,

D is the dilution rate, Q is the rate of the released by the process gas, F is the inflow

rate. It is suppose that full knowledge of this model i.e. the structure of the reaction

kinetics cp(z) is completely known and also the numerical values of all the coefficients

involved in the model, for example yield coefficients and kinetic coefficients are given.

It is assumed that the dilution rate D, the feed rates F and the gaseous outflow rates Q

are known on-line, and that a subset of the state variables is measured on-line. The

vector of these measurements is denoted z, and is related to the state of the system

as follows: z, =Lz , where the q x n matrix L is an elementary matrix which selects the

measured components of z . On the other hand, the vector of the unmeasured states is

denoted Z2 ' so that (z" Z2) constitutes a partition of z .

A "state observer" is an algorithm designed to reconstruct the non measured state

variables from the measured ones. A general class of state observers for nonlinear

systems of the form (7.36) is as follows:

; =Yrp(i)-Di-Q+F +K(iXz, -i,) (7.37)

where i denotes the on-line estimate of z,K(i) is a qxn "gain" matrix depending on

2 and 2, =Lz . The observer equation (7.37) can be seen as a copy of the model

(7.36) with an additional driving term which is proportional to the observation error of

the measured part of the state (Zj -ij) and which disappears in the case of perfect

estimation (Gauthier et ai, 1992).

In practice, the on-line (observation) of the missing states is obtained simply by

integrating equation (7.37) on the supervising computer (Rocha and Ferreira, 2004),
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(Williamson, 1977). The estimated state vector i includes all the state variables, even

those which are measured (Bogaerts and Hanus, 2001).

The state observer design problem reduces to that of a reasonable choice of the gain

matrix K(i). To solve this problem, the observation error is introduced:

e=z-i (7.38)

whose dynamics are easily shown to be governed by the following differential equation

obtained by subtracting (7.37) from (7.36) :

é = Y[lp(i +e)-lp(i )]- De - K(i )Le (7.39)

A zero observation error e = 0 is clearly an equilibrium point of the error model (7.38).

Hence, it makes sense to consider the linearized tangent approximation of (7.38)

around e = O. It is written as follows

ë=[A(i)-K(i)L]e

where A(i)~Y[ 8~~Z)1=; -DI"

(7.40a)

(7.40b)

Thus, the design problem can be stated as the problem of choosing K(i) in such a

way that the linear time-varying model (7.40) has desirable properties.

7.3.1.1 Exponential observability

The variant form (7.40a) of the observation error dynamics indicates that an arbitrarily

fast (exponential) convergence rate of the observation i(t) to its true value z(t) can be

assigned if the eigenvalues of the matrix [A(i)- K(i)L] by an appropriate choice ofthe

matrix K(i) can be freely fixed. When such a possibility exists, the system (7.36) is

said to be exponentially observable and the observation scheme (7.37) is called an

exponential observer.

A simple test to check whether a given system is exponentially observable or not is

expressed by the following necessary condition: for the process (7.36) to be

exponentially observable the following rank condition holds:

L

LA(z)

rank(O)~rank LA(z)2 =n (7.41)

LA(zY-1
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along the process trajectories. The matrix 0 is called the "observability matrix". It is

important to note that condition (7.41) is only a necessary (but not a sufficient)

exponential observability condition. Its main interest is to provide an easy way to detect

those processes which are generically not exponentially observable.

7.3.1.2 Asymptotic observers

When the system (7.36) is not exponentially observable (i.e. when the eigenvalues of

A(i)-K(i)L cannot be freely assigned) but when the error system (7.40a) has

nevertheless an asymptotically stable equilibrium point at e = 0, the process can still be

observed but with its dynamics partially determined by the experimental conditions

through A(i). Observers of this kind are called asymptotic observers (since one

cannot freely assign their dynamics).

7.3.1.3 Extended Luenberger and Kalman Observers

Assume that the system (7.36) is exponentially observable and the observation

scheme (7.37) is considered. As have been previously mentioned, the observer design

problem is the problem of selecting the gain matrix K(i). Two standard solutions are

respectively the extended Luenberger observer and the extended Kalman observer

which are shown below (Brown and Hwang, 1992), (Kwakernaak and Sivan, 1972):

• The extended Luenberger observer
The design rule for Luenberger observers is to choose the matrix K(i) such that e = 0
is an asymptotically stable equilibrium point of the linear tangent error model (7.40)
(Luenberger, 1984), (Luenberger, 1969). This is achieved by choosing K(i) such that:

a) the matrix A(i)- K(i)L and its time derivative are bounded:

IIA(i)-K(i)LII::;C1 Vi

II :t[A(i)-K(i)L]II::;C2 Vi

(7.42)

(7.43)

b) the eigenvalues of A(z)- K(z)L have strictly negative real parts

Re{Ai[A(z)-K(z)L]}~C3 <0 Vz i=l,n (7.44)
Under these conditions, it can be shown that e = 0 is a stable equilibrium point provided
C2 is sufficiently small.

• The extended Kalman observer
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In a Kalman observer, the design is based on a "quadratic optimization" approach. The
problem is to find the gain matrix K(i) which minimizes the mean square observation
error:

I 2 I 2

E = fo II z - 2 II d t = fo II e( r ) II dt: (7.45)

under the constraint of the linear tangent error model (7.40). The solution is as follows:
K(2)=P(2)LT (7.46)
where the n x n square symmetric matrix P(i) is generated by the Riccati equation:

P =- PLTLP+ PAT (2)+ A(2)P (7.47)
It should be noted that this yields a time-varying gain K even in such case where A
would be independent of z.

7.3.2. Different applications

7.3.2.1 Asymptotic observers for state estimation when the growth reaction rates are

unknown

Previously the design of state observers was considered under two very restrictive

conditions:

• the model (7.36) is exponentially observable
• the structure of the model is fully known.

However there are many simple processes of practical interest which are known to be

not exponentially observable. Moreover, the requirement of a full knowledge of the

process kinetics is too severe in most engineering applications (Bastin, 1988),

(Hulhoven and Bogaerts, 2004). There is therefore a clear incentive to look for a class

of observers which allows one to asymptotically reconstruct the missing states even

when the process is not exponentially observable and the kinetics are unknown. In this

section the problem of estimating the reaction rates from on-line knowledge of the state

variables (either from measurements or by means of asymptotic observers) is

considered.

7.3.2.1.1 Statement of the estimation problem

The biotechnological process described by the general state space model (7.36) is

considered. It is assumed that:

• The yield coefficients (matrix Y) are known.

• The dilution rate D, the feed rates F and gaseous outflow rates Q are measured on-line.

• The vector of state variables z is measured and known.

It is assumed that the vector qJ(z) of reaction rates is partially unknown and written as:
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cp(z)=H(z )p(z) (7.48)

where H(z) is an M x r matrix of known functions of the state and p(z) a vector of

unknown functions of z with dim p(z)= r. With this definition, the process dynamics

(7.36) are rewritten as:

i=YH(z )p(z )-Dz-Q+ F (7.49)

The problem of estimating p(z) from the on-line knowledge of D, F, Q and z has to be

solved.

Two different solutions to this problem are presented (Pomerieau and Perrier, 1988),

(Pomerleau, 1988), (Pomerieau and Perrier, 1989) and (Pomerieau, 1990). The first

one is called an observer-based estimator because it is based on the use of a type of

the state observers described in Section 7.2.6. The second one is based on a

reformulation of the process model in a linear regression form.

7.3.2.1.2 An observer-based estimator

The primary idea is to use a state observer, not to estimate the state (since it is known)

but to provide real-time information (Moisan and Bernard, 2005) for the updating of the

estimate of p(z). The estimation algorithm is as follows:

• The observer-based estimator equation
'i=YH(z )jJ(t )-Dz-Q+ F -K(z-2) (7.50)

p=[YH(z)Yr(z-2) (7.51)
where jJ denotes the real-time estimate of p(z). Equation (7.50) is clearly similar to
the general state observer (7.37) but with three decisive alterations:

a) the square matrix K may be dependent on z but must be stable for all z(t).
b) the actual value of the state z is used in the right hand side of the equation
(terms H(z) and Dz).
c) The actual value of p(z), which is unknown, is replaced by an estimate jJ
which is reformulated by the second equation (7.51).

T is the gain matrix of the reformulating law (7.51), it must be chosen such that the
matrix KTr +rK is negative definite. This reformulating law (7.51) is in turn driven by
the deviation (z - 2) which is supposed to reflect the mismatch between jJ(t) and p(z).

• Tuning the estimator
The matrices K and T are design parameters at the user's disposal to control the
stability and the tracking properties of the algorithm (Oliviera et al, 2002), (Perrier et al,
2000), (Oliviera et ai, 1996). A common choice is to take:
K +diag {-wJ, i=l, ...,n, r=diag{yj}' j=l, ...,r, wi'Yj E9t* (7.52)
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With this choice, the condition on KTr+rKis automatically verified. In such case the
tuning of the estimator reduces to the calibration by trial and error of the n + r scalar
constants mi and r j .

• Analysis of the estimator
Define the observation error e and the tracking error ft as follows:
e=e+z p=p(z)-p (7.53)
Their dynamics are easily shown to be governed by the following linear time-varying
system (obtained by subtracting (7.50) from (7.36» :

[; ] ~A(z{; ] +V (7.54)

with A(Z)~[ -HT(z)yTr y~(z)] V+ ~ r (7.55)

Suppose that K is constant with all eigenvalues having strictly real parts and that p(z)
is differentiable function of z. Then it is the standard result of adaptive system theory
that the error system (7.53), (7.54) is stable if the matrix YH(z) is persistently exciting.

• Numerical Implementation
A numerical implementation of the estimator requires a discrete-time definition. A
forward Euler discretization of the continuous-time algorithm (7.50), (7.51) gives:
Zt+1=Zt +T[YH(zJpt -Dzt -Qt +~ -xt», -zJ] (7.56)

Pt+1=pt+T[YH(ztWr(Zt -Zt) (7.57)
where T denotes the sampling period. As for the numerical implementation of
asymptotic observers, the change from the continuous-time observer-based estimator
to the discrete-time version sets specific stability questions in which the sampling
period T, design parameters K and r and the regressor YH(zt) playa vital role.

The observer-based estimator (7.50), (7.51) and its discrete-time counterpart (7.56),

(7.57) are based on the full dynamical model of the process. It is often sufficient to

select a subset of the state equations, provided they involve all the parameters p(z)
which need to be estimated (Farza et ai, 1997), (Gauthier and Kupka, 1994).

7.3.2.1.3 A linear regression estimator

An alternative of p(z) based on a model reformulation is presented in terms of linear

regression.

• Model reformulation
The solution of the ~differential equation (7.49) which describes the process dynamics
can be shown to be written as follows:

Tz=u/ p+lf/o +6"
ip', If/0 and 6" are outputs of the following linear filters:

(7.58)
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d T
__J!_=D.'1/ +YH(z)

dt

dlf/o =D.lf/o-(D.+DIJz-Q+F
dt
d& =Q&-If/T dp
dt dt

with D. an arbitrary stable symmetric matrix.

(7.59)

(7.60)

(7.61)

• Introduce the notation:
y~z-If/o (7.62)

It is then obvious that the process dynamics (7.49) are described by the following linear
regression model:
v=v' p+& (7.63)
where y is the output, If/ is the regressor, p is the unknown parameter to be estimated
and s is interpreted as an unknown additive disturbance.

It should be noted that the output y and regressor If/ can be calculated in real-time

from the available data (z, D, Q, FJ with the aid of filtering equations (7.59) - (7.61).

The important point is that the linear regression model (7.63) allows to use a standard

least squares algorithm for the estimation of p(z).

7.3.2.1.4 Extended Kalman Filtering for on-line estimation of reaction rates

In Section 7.2.6 it has been shown how extended Kalman observers can be designed

for on-line state estimation when the model structure (and hence the kinetics structure)

is fully known. The same technique can be used to solve the dual problem of

estimating the reaction rates from full state measurement (Bellgardt et ai, 1984),

(Caminal et al, 1987), (Dekkers, 1983), (Katoh et al, 1981), (Kotob et al, 1987), (Leigh

and Ng, 1984), (Moilanen, 1981), (Nihtila et al, 1984), (Shimizu et al, 1989), (Staniskis

and Simutis, 1986), (Takamatsu, 1981) and (Yoo et ai, 1985). The basic idea is to

consider the unknown parameter p as an additional unknown state of the process. The

state space model (7.49) is therefore augmented as follows:

(7.64)

where w(tJ is a completely unknown time-varying function. A state observer, analogous

to (7.37), is written for that system:

!!_[~]=[KH(Z)P-DZ+F -Q]+[K1 (~, ~)](Z-Z)
dt p 0 K2(z,p)

(7.65)

w(tJ is replaced by zero in the observer equation since it is an a priori unknown quantity.
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The extended Kalman filtering (EKF) technique is then used to compute the gain

matrices KJ and K2 on-line. The linearized tangent approximation of (7.65) is written:

:t=~HA(,'!1~(:"~~'i>l Y~(zl][;=~]
A(2,p)=K[aHa~)pl;z -DIn

(7.66)

with (7.67)

The gain matrices KJ and K2 are computed in order to minimize the following

quadratic criterion :

(7.68)

under the constraint of the linearized tangent model (7.66). The criterion is a weighted

sum of two terms ( weighting matrix }2-J) : the first term penalizes fast variations of the

parameter estimate p while the second term penalizes too large deviations between

the actual state value z and its estimate 2.

The solution of this optimization problem is as follows. The time-varying symmetric

matrix P(t) :

P(t)~=[~J(t) ~2(t)]
- ~2 (t) P22 (t)

(7.69)

is updated via the following Riccati equation:

dP =-PEoP+PA~(2,p)+Ao(2,p)P+}20
dt

[
In 0]where E ~

0= ° °

(7.70)

(7.71)

and Ao (2, p) is the coefficient matrix of the system (7.66). The gains KJ and K; are

given by:

KJ (2, P )=~J (t)
K2 (2, P )=~2 (t)

(7.72)

(7.73)

The EKF estimator thus consists of equations (7.65), (7.70) (7.72) and (7.73). It

appears to have a similar structure to that of the observer-based estimator (7.50).

However the computation complexity is increased by the need to solve the Riccati
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equation (7.70) on-line. An additional drawback of the EKF approach is that its stability

and convergence properties are extremely difficult to analyze and are still an open

problem in the case of parameter estimation in nonlinear systems. It is well known,

however, that an EKF estimator may give biased estimates or may even diverge if it is

not carefully initialized (Ljung, 1999). Therefore, although the EKF estimator may often

yields interesting results, there is no a priori guarantee as to its stability.

7.3.2.2 State and parameter estimation with unknown yield coefficients

A biotechnological process described by the general space model (7.49) is considered:

i.e. where the reaction rate vector cp(z) is expressed as the product of a M x r matrix

H(z) of known functions of z and a vector p(z) of unknown function of z

(dim p(z )=r). In addition, it is supposed that (some of) the yield coefficients (matrix Y)

are unknown.

7.3.2.2.1Conditions for estimating p independently of the unknown yield

coefficients

The dynamics of the vector S are stated as:

s=AOza +Zb

defined in the structural property which is equal to :

t =-Ds +Ao(Fa -QJ+(Fb -Qb)

(7.74)

(7.75)

Assume that the (n - pj vector S can be expressed as a linear combination of vectors

ZI and Z2 of measured and non measured variables (Bastin and Dochain, 1986) and

(Bernard and Gauze, 2004) i.e.

(7.76)

The dynamics of the measured variables Zl are equal to:

dZI =1';H(ZI,Z2)P(ZpZ2)-Dz1 +~ -QI
dt

The kinetics term r.nt»; Z2 )p(zp Z2) is in general a function of some of the unknown

(7.78)

components of Z2' Assume that these components can be expressed from (7.76) as

function of Zl and S only (in the particular situation when all the components of Z2

explicitly appear in 1';H(ZI'Z2)P(ZpZ2)' this means that then A2 must be left invertible.
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Then the kinetics term r.ut»; Z2)P can be rewritten in terms of the measured states

ZI and of the auxiliary states r:;:
~H(zl ,Z2 )P=<l>(ZI ,r:;)p
where <l>(ZI' r:;) is q x M matrix which is a function of ZI and r:; .

(7.78)

7.3.2.2.2 Joint Estimation of Yield Coefficients and Specific Reaction Rates

A general method was described in (7.3.2.1) where the yield coefficients (i.e. the matrix

Y) are known. Earlier on, the case where some of the yield coefficients are unknown

but can be eliminated from the estimation procedure by appropriate model

transformations was discussed. In this section, the situation where all the yield

coefficients are unknown is considered. The possibility of simultaneous on-line

estimation of both specific reaction rates a(z) and yield coefficients (matrix Y), from full

state measurement and partial state measurement (Bastin et al, 1988) is considered.

7.3.2.2.2.1 Full State measurement

Let's consider biotechnological processes described by the state space model (7.79):

dz =YG(z)a-Dz+F-Q
dl

(7.79)

It is assumed that:

1) The full state Z is measured on-line
2} The dilution rate D, the feed rates F and the gaseous outflow rates are known

on-line.
3) The yield coefficients (matrix Y) and the specific reaction rates a are unknown.

The problem is to design an estimator of Y and a .

If Nj is the number of components involved in the reaction with index j, it is then easy

to see that the total number m of unknown yield coefficients in K (denoted kp k2, ... , km)

is given by:
M

m= L:(Nj -1)
;=1

(7.80)

Moreover, there are obviously Mparameters aj (j = 1, ... , MJ in the model (7.79).

Hence the total number of unknown parameters is :
M

m+M=L:Nj
i=1

(7.81)
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Now, due to its particular structure, the vector YG(z)a may be rewritten in a linear

regression form as follows:

YG(z)a ~ C!>(z)9 (7.82)

In this expression, C!>(z)is a Nx(m+M) matrix of known multilinear combinations of

state variables. BT =[B"B2, ••• ,Bm+M] is a vector of bilinear combinations of the

unknown parameters di (i=l, ...,m) and aj (j=l, ...,M) . It is formally written as

follows:

B= f(a,d) (7.83)

An important point is that the function f in (7.83) is invertible, that is a and d can be

computed uniquely from B

(7.84)

With the definition (7.82), the process model (7.79) is rewritten as follows:

dz =C!>(z)e-Dz+F-Q
dt

(7.85)

Since the unknown parameter B enters linearly in (7.85), a natural solution is to

estimate it with algorithms similar to the previous point and then recover a and d with

the inverse function (7.84). The algorithms are written as follows:

• Observer-based Estimator

di =C!>(z)t9-Dz+F-Q-K(z-i)
dt

de =C!>T(z)r(z-i)
dt

m=r'(o)

(7.86)

(7.87)

(7.88)

• Linear Regression Estimator
d T
__J!_=Olf/T +C!>(z)

dt

dlf/o =Klf/o+(K -DIJz-Q+F
dt

A

dB =rlf/{~ -If/ _If/T ê)
dt ~ 0

dl T-=-rlf/lf/ r+Ar
dt

[~]=r'(o)

(7.89)

(7.90)

(7.91)

(7.92)

(7.93)
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7.3.2.2.2.2 Partial state measurement

The problem of joint estimation of yield coefficients and specific reaction rates, but

when only a part of the state is measured on-line is considered.

It is assumed that:

1) the subset of measured state variables is denoted z); the set of remaining non
measured states is denoted Z2' so that (zp Z2) is a state partition which in
turn induces the similar partitions (~, Y2)' (~, F2), (Q), Q2)

2) there exist a nice state partition (za' Zb)' with an associated auxiliary state (:

(=AOza + Zb =A)z) +Azzz
which obeys the following dynamics:
r;=-D( +Fb -Qb
3) the matrix A2 is left invertible

Under these assumptions, the state space model (7.36) is equivalent to:

dz) =~G(zpA;(( -A)z)),}x-Dz) +F, -Q)
dt

(=-D( =F; -Qb

(7.94)

(7.95)

(7.96)

(7.97)

Now, as in the previous section, it is easily seen that the term

~G(zpA;(( -A)z)),}x may be rewritten as:

~G~pA;(( -A)zJ,}x~<I>(z)'Z)e (7.98)

The structures of <I>and e are however slightly different from the previous ones.

<I>(zp() is now a matrix of known polynomial combinations of measured states z) and

the auxiliary state (. e is a vector of polynomial combinations of some of the unknown

parameters d i and a j , denoted as before in (7.84). It may arise, however, that this

function f is not completely invertible. Then, in contrast with the previous case, only a

few d i and a j can be recovered from e . With the "reparametrization" (7.98), the

model (7.96), (7.97) is rewritten:

dz, ( )e-=<1> zpZ -Dz) +F) -Q)
dt

(7.99)

d( =-D( +F, _Q
dt b b

The solution to the estimation problem appears readily: it suffices to combine a

(7.100)

parameter estimator for e with an asymptotic observer for ( . For instance, an

observer-based estimator is written as follows:
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• Observer-based Estimator
t =-Dt; «F; -Qb

i=<1>(zp(»-Dzl +1'; -QI -KI(zl -Zl)

so r( ~)r( ~)-=<1> zps ZI -ZI
dt

(7.101)

(7.102)

(7.103)

7.3.2.2.3 Adaptive Observers

The problem of joint estimation of the yield coefficients d i and specific reaction rates

a i from partial state measurement ZI (Hulhoven and Bogaerts, 2005), (van Impe and

Bastin, 1995), (Marcos et al, 2004), (Titica et al, 2003), (Nejjari et al, 1999), (Bastin

and Gevers, 1988), (Gouze et al, 2000), (Mailleret et al, 2004), and (Rapaport and

Gouze, 2003) was considered. The possibility of estimating jointly the yield coefficients,

the specific reaction rates and missing states is considered now. The algorithms

designed for the purpose are called adaptive observers which are made adaptive by

introducing on-line parameter estimation (Kreisselmeier, 1977),(Mclnnis et ai, 1979)

(Mareels et al, 1987) and (Narenda and Annaswany, 1989).

• Extended Luenberger adaptive observer
A first solution is to combine a Luenberger observer with the observer-based parameter
estimator (7.101) - (7.103) (Luenberger, 1984), (Luenberger, 1969). The adaptive
observer is as follows:

di =<1>(iX§-Dz+F-Q+K(z-z) (7.145)
dt

(7.105)

• Extended Kalman filtering
Extended Kalman filtering can be used for state estimation (Krauss et ai, 1994) or for
parameter estimation. Obviously, it can also be used for both together. In that case, the
adaptive observer is written as follows:
di (\LJ ~ Q (~ B~\r A )-=<1> z;v-Dz+F- +KI Z, AZI -ZI
dl

(7.106)

d B (~ BA \r ~ )-=K2 Z, AZI -ZI
dt
where KI and K2 are updated by an appropriate Riccati equation.

(7.107)

• An asymptotic adaptive observer
A third solution is the following one. It is supposed that all the yield coefficients involved
in Al and A2 (equation (7.94» can be calculated from B. Then, an adaptive observer
is readily obtained by augmenting the observer-based parameter estimator as follows:
(=-D(+Fb-Qb (7.108)
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(7.109)

(7.110)

(7.111)

where A; and Al respectively denote the matrices A; and Al whose nonzero entries
are substituted by the corresponding estimates.

7.3.3 Estimation of yield coefficients

7.3.3.1 The estimation problem

The problem of estimating the yield coefficients independently of the reaction rates is

considered for biotechnological processes described by the general dynamical model

(7.36) under the following conditions:

1) the yield coefficients (matrix Y) are unknown;
2) the reaction rates cp(z) are unknown;
3) the full state Z is measured;
4) the substrate feed rates F, the gaseous outflow rates Q and the volume Vare

measured
On this basis, the possibility of estimating the yield coefficients independently of the

reaction rates is considered. For the first step, a linear regression form equivalent to

the model (7.36) but independent of the reaction ratescp(z) is considered.

7.3.3.2 A linear regression form

Let's consider a partition of the model (7.36):

(7.112)

dZb ( )-=YbCP Z -Dzb +F; -Qb
dt

with dim(zJ= p=rank(Y) and dim(zb)=n- p

(7.113)

The auxiliary time-varying quantities:

1Ja(t)êV(t)Za(t)-V(O)Za(O)+ JJFoutza +V(Qa -FJ]dr

1Jb(t)êV(t)Zb (t)-V(O)Zb (0)+ J;[Foutzb +V(Qb -Fb)]dr

(7.114)

(7.115)

where V denotes the volume and Fout the effluent flow rate. Note in the integral of

expressions (7.114) and (7.115) that the first term (Foutza' FoutZb) respectively is equal

to zero in first and second reactors and that the second term

(V(Qa - Fa )and V(Qb - Fb)) respectively represents the cumulated mass of introduced
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feed and produced gas. Then, straightforward calculations and integration lead to the

following relationship between 7]a(t) and Tl» (t):
(7.116)

where Ao is the solution of the matrix equation:

AOYa +F, =0 (7.117)

Most often, Ka is a square M x M nonsingular matrix, such that Ao =- ybya-1 and

(7.116) is rewritten as:

7]b(t)= (ybya-
1 )rya (t) (7.118)

Let us now denote by 8=[81'" ..,8/] (dim(8)=I) the vector of the entries of the matrix

Ao which are not identically zero. Expression (7.118) is rewritten in the following linear

regression form:

(7.119)

where RT (7])t)) is a (n - p)x I matrix, function of 7]a(t). This form is independent of

the kinetics.

7.3.3.3 Estimators of the parameter vector 8

Suppose that measurements of z , F and Q have been collected during a time interval

[O,tJ. Obviously, expression (7.120) naturally suggests using a linear regression

technique to estimate 8 independently of the reaction rates tp(z). The standard least

squares algorithm is written as follows in this case:

(7.120)

The matrix inversion can be avoided by using a recursive form of this algorithm:

~~ =rR(7]J[7h - RT (7]J9]

dl =_ rR(7]JRT (7]Jr
dt

The algorithm (7.120) is a tool for estimating the parameter8 . But the goal is actually to

(7.121)

(7.122)

estimate -the yield coefficients, which is the vector d = dl' d 2' ... , dm' e is a nonlinear

rational function of d which is writtten formally as follows:

8= f(d) (7.123)
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Therefore the question arises whether d can be calculated from the knowledge of B or

not. This is called the structural identifiability issue (Chen et ai, 1990) and (Chen, 1990).

It is evidently of interest to be able to detect beforehand those models which are not

identifiable whatever the experimental conditions. A trivial condition is obviously that

the number of unknown yield coefficients cannot be larger than the number of

parameters Bi'

7.3.4 Other Parameter Estimation Issues in Bioreactors

The general dynamical model (7.36) is a combination of two terms - Kcp(z) describes

the process kinetics while -Dz+F-Q represents the mass transport (or dilution)

dynamics.

In the previous parts of this chapter, the focus was either on real time estimation of the

state Z or on estimation of the parameters related to the kinetics Yq>(z) (Goldbic et ai,

2000), (Barbu et al, 2005), (Barbu et al, 2004), (Brdys and Zhang, 2001a), (Nejjari et al,

1999), (Sotomayer and Garcia, 2002), (Vega and Gutierrez, 1999), (AI-Ghazzawi,

2001), (Ali and Zafiriou, 1993), (Marsili-Libelli and Guinti, 2002), (Marsili-Libelli, 1990),

(Goodwin et ai, 1980), (Holmberg and Ranta, 1982) and (Holmberg, 1983b). But

unknown parameters can also be hidden in the transport dynamics, for which the

methods followed so far are easily extended (Betanair et ai, 2004b), (Moreno, 1999),

(Smits et ai, 2002), (van Impe, 1998). These two issues are discussed below:

7.3.4.1 Estimation of specific liquid gas transfer rates

It is legitimate to consider that the gaseous outflow rates Qi are proportional to the

concentrations Zi in the liquid phase:

(7.124)

as long as Zi is lower than the saturation level. The parameters Pi are termed specific

liquid-gas transfer rates. Define the vector P containing those parameters Pi' Then, it

is clear the model (7.36) can be rewritten as follows:

dz =CD(z'yJ-Dz+F-lf/(z)p"
dt

where If/(z) is a n x dim(p) matrix which depends linearly on z . If it is defined:

(7.125)
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eI> * (z)= [eI>(z), If/(z)] (7.126)

the model (7.125) is also written as:

dz = eI> * (z)e *- Dz +F
dt

(7.127)

It is evident that the augmented parameter e * can be estimated by any of the

algorithms which have been built for e, just replacing eI> by eI> * and e bye *. It is

however needed that the augmented regressor eI> * is persistently exciting.

7.3.4.2 Estimation of oxygen related parameters

Numerous studies has given rise to concerns about parameters related to the dissolved

oxygen concentration which is often the most easily measurable state (Aubrun et ai,

2001), (Bogaerts and Wouwer, 2004), (Assis and Filho, 2000), (Spagni et al, 2001),

(Assis and Filho, 2000), (Brdys and Konarczak, 2001 b), (Ingildsen, 2002a), (Ingildsen

et ai, 2002b), (Francisco et ai, 2005), (Wimberger and Verde, 2005), (Lindberg and

Carlson, 1996), (Tromans, 1999), (Vogelaar et al, 1996), (O'Brien et al, 2005), (Brdys

and Diaz-Marquez, 2002), (Maciejowski, 2002), (Zhang et ai, 2005), (Holmberg and

Olsson, 1986) and (Ko et ai, 1982). Let's consider the aerobic process described by the

following scheme: S + So ~ X with S the substrate, X the biomass and So the

dissolved oxygen. The biomass and dissolved oxygen dynamics are written as follows:

dX =j.1X -DX
dt

(7.128)

(7.129)

where KLa and Sos denote the mass transfer coefficient and the saturation

concentration respectively. These equations may be reformulated as follows:

f..J

:,[:'Ho -: JO -, K~:~"-D[:']
KLa

~eI> * (z)e *- Dz (7.130)

e; r f..J

o ] and e *= e~ = k2f..J
- So e~ KLaSos

e~ KLa

(7.131 )
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The model is thus clearly in the format for parameter estimation. We see, in addition,

that the reparametrization e * is invertible, that is estimates of Jl, k2, KLa and Sos

can be recovered as follows:

(7.132)

In addition, an on-line estimate of the "oxygen uptake rate", OUR is given by:

oïm-ë;« (7.133)

Various relationships for the estimation of oxygen related parameters in aerobic

processes have been proposed (Marsili-Libeili, 1983) and (Marsili-Libeili, 1985). For

instance, one can assume that the mass transfer coefficient KLa is proportional to the

aeration flow rate:

KLa=koFg

and hence, rewrite (7.134a) as follows:

(7.134a)

-SoF,F~~]-DSO
that is directly proceed to the estimation of the oxygen uptake rate OUR, together with

dSo =[-1 F
dt g

(7.134b)

the parameters ko and Sos'

7.4 Overview and comparison of the methods for parameter and state estimation of

the activated sludge process

The most difficult problems in the implementation of the advanced control strategies in

fermentation and wastewater treatment processes are the possibilities of obtaining

reliable on-line values of the state of the process. Measurement of the different

components of the biomass and substrate requires time consuming and expensive

analyses. Real time analyzers such as respirometers, optical density meters, ATP-

analyzers, organic carbon analyzers are developed, but they are expensive, not

enough reliable and not in common use. That is why the need for mathematical state

estimation is great. The limitation on the estimation problem formulation and solution is

that in the real plant very little types of variables could be measured on-line, such as

the dissolved oxygen concentration, oxygen transfer, temperature, pH, flow rates of air,

mixed liquor flow rates. Most important variables to be estimated are the OUR, influent

load Ss' effluent load Se ' organism growth Jl , biomass concentration x(t).
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The approaches relevant to estimation in the field of wastewater treatment are

considered here. In recent years there has been the development of the so called

software sensors. A software sensor is an algorithm for the on-line estimation of state

variables and parameters which are not measurable in real time, based on related

measurements which are more easily acceptable. Very often biomass identification is

estimated through measurement of related variables and an on-line estimation

algorithm observer based on the process model.

The principles underlying the design of the observers can be quite different because

the choice of the observer inherently depends on the problem under consideration. In

practice this choice is strongly related to the reliability of the process model as well as

the amount and accuracy of the data

• if a reliable process model is available and if this model has been thoroughly estimated
and validated, a Kalman filter or high gain observer can be designed

• if the process model is not accurate enough, an asymptotic observer using mass-
balance models with uncertain kinetics can be developed

• if bounds of uncertain inputs or parameters are known an interval observer can be
developed to predict the intervals in which the immeasurable variables are guaranteed
to belong.

7.4.1. Interval observers
There are many cases in the wastewater treatment where the mathematical models are

not good approximation of the process or where the measurement errors are big. In

these situations an exact observer cannot be developed because there is not

guarantee that the observation error will converge to zero asymptotically. Then in order

to solve the problem the observation principle can be weakened. Not the exact states

are estimated, but rigorous bounds enclosing the estimated state are derived by

accounting for the uncertainty of the process model (Rapaport & Gouze, 1999), (Gauze

et al., 2000).

Interval observers require knowledge of the uncertainty time varying

bounds v - (t) s: v(t):::; v+ (t). These bounds are used to calculate the time-varying

bounds of the state variables under estimation. For the case of the general model

x(t) = f[x(t), u(t), m(t)]
y(t) = h[x(t), v(t)]

(7.135)

(7.136)
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where W ERr and v e R' are the uncertain quantities, lower and upper bounds are

known

W - (t) ::;W(t) ::;W + (t), t) to

v- (t)::; V(t) ::;V + (t), t ) to
(7.137)

(7.138)

The development of the interval observer is based on the fixed model structure set of

measured data and on the lower and upper bounds of the uncertainties. This observer

has the form

z" = j(z- ,z+,u,y,w- ,w+, v,v+~ z-(to) = g-(x~ ,x; ) (7.139)

(7.140)

(7.141)

(7.142)+ h+ (- + - + - +)x = z ,z ,u,y,w .co ,v ,v

and provides lower and upper bounds of the state variables. The interval observer

exists if for any initial condition x- (to)::; x(to)::; x" (to) there exist bounds z: (to), z ' (to)
such that the solution of the system of the model and observer always results in

(7.143)

The bounds x- .x ' can be very large and practically not applicable. However for linear

system it is proved that the x- and x ' converge to a limit interval of finite magnitude

(Gauze et al., 2000).

7.4.2 Joint state and parameter estimation

Because of the nonlinear feature of the biological process dynamics and the large

uncertainty of some process parameters, mainly the process kinetics, the

implementation of extended version of classical observers is difficult. In this case joint

state and parameter estimation procedures are very successful as observer based

estimator, least squares observers or joint observer estimator variants.

7.4.2.1 Case of measurement of DO.

An asymptotic estimator for on-line tracking of unavailable states and unknown

parameters of the bioprocess is developed in (Nejjari et ai, 1999). The asymptotic

estimator uses process physics in a direct manner to develop a nonlinear observer

applicable to the activated sludge process. The asymptotic estimator is developed for a

single variable, simplified model of the ASP under the following assumptions:
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• the dilution rate D(t) = Qin IV and the aeration flow rate u(t) are the two control
variables

• the yield coefficient is known
• a noisy measure of the dissolved oxygen So is available
• the biomass, substrate and recycled biomass concentrations are unavailable on-line
• the control variables are bounded

The asymptotic estimator consists of an adaptive observer which combines a priori

knowledge of the physical bioprocess with the experimental data. It computes

estimated values of the unavailable biomass, substrate and recycled biomass variables

and the specific growth rate ,u(t) using the dissolved oxygen concentration So (t) as a

unique measured variable. A bootstrap method for joint state and parameter estimation

for bilinear systems with one input and one output is presented in (Dal et al., 1989). It is

applicable to the dissolved oxygen dynamics, which are also described by a bilinear

model.

7.4.2.2 Case of measurement of nitrate-nitrogen concentration (process product).

A two stage algorithm for on-line estimation of nitrification process is presented in

(Marsili-Libelli & Giovannini, 1997). An asymptotic observer for the autotrophic biomass

is derived first based on output nitrate-nitrogen measurements under the assumptions

that

• the process runs in a completely mixed aerator
• no denitrification exists either in the aeration basin or in the secondary settler

Discrete version of the estimator is derived and its stability is investigated. The second

stage of the algorithm represents estimation of the nitrification kinetics using

conventional recursive least squares. The estimators derived in the two phases are

coupled together. The effectiveness of the combined algorithm is tested by computer

simulations.

7.4.2.3 Case of measurements of the substrate concentration

An asymptotic interval observer for estimation of the concentration of biomass on the

basis of measurement of substrate concentration and the specific growth rate is

developed in (Fuchard et al., 2002). The interval observer is based on the principle of

comparative systems. This approach assumes a bounded uncertainty and provides

tools to determine the bounds in which the state must lie. It is a very robust approach,
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but it can be too conservative. The development is done only for single substrate-

single organism mass balance model of aerobic tank.

Measurement of the substrate concentration and an extended Kalman filter in order to

estimate the biomass concentration are developed in (AIbioi et al., 1993).

7.4.2.4 State and parameter estimation for phosphorus removal

Biological phosphorus removal involved in the activated sludge process requires more

efficient on-line monitoring and process control. However the corresponding models

are more complex and the on-line measurements are not available. State and

parameter estimation technique are developed in (Zhao & Kummel, 1995) for the

phosphorus removal dynamics using specially developed reduced model based on

process insights and ASM NO.2. Application of the extended Kalman filter is

developed for the state estimation. Least squares algorithm is applied for parameter

estimation. Simultaneous state and parameter estimation algorithm is developed on

the basis of the previous two by describing the process using an augmented model in

which the uncertain parameters are considered as additional states. Then the Kalman

filter algorithm is applied to the augmented model. The filter calculates the substrate

concentration in the aeration tank and two important model parameters using only the

available phosphate measurements.

7.4.3 Estimation of the parameters associated with the oxygen consumption and

transfer

7.4.3.1 Oxygen Transfer Function Models

There are different models of KLa described in the literature. The simplest one is when

there is no aeration control, it is assumed that the aerators are on during the whole

time. This type is known as the constant KLa function. The second type is a linear

function (Heersman & Keesman, 1995), (Holmberg & Olsson, 1985), (Holmberg, 1990),

(Lukasse et ai, 1996). Different nonlinear models are proposed: second order model

(Holmberg, 1990), a squared root model is proposed by Lukasse et al., 1996. An

exponential model is proposed by Lindberg, 1997 and a Monod type of model is given

in (Lira et al.,2004)

KLJU)=K,

KLa(u)=K,u

(7.144)

(7.145)

(7.146)
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KLa(u)=K3..Ju
KLa (u) = x, (1- e -K2u )

KLa(u)=Kl u/Cu +K2)

The function KLa (u) varies slowly with time constant of hours or day.

(7.147)

(7.148)

(7.149)

7.4.3.2 Respiration rate model

The oxygen transfer coefficient and oxygen uptake rate (respiration rate) are both

important control variables which cannot be measured directly. Knowledge of the

oxygen uptake rate can be used as an indicator of sludge activity for on-line control of

sludge return. The importance of these variables gives additional incentive for providing

research in their identification (Ko et al., 1982). One of the first papers identifying bath

of them together on the basis of recursive Bayesian approach is (Holmberg & Olsson,

1985) for linear representation of the oxygen transfer rate.

The respiration rate is closely related to the amount of biomass and biodegradation of

substrates. The respiration rate is a disturbance input to the dissolved oxygen model

because of the respiration rate is affected by microbial activity, influent characteristics,

flow rate etc. it is not possible to represent it by a mathematical formulation. It is

established that:

• the respiration in many domestic wastewater treatment processes has sinusoidal
behaviour due to the large diurnal fluctuations in the flow rate and the concentration of
the input waste materials

• the respiration rate in industrial wastewater has a step-like behaviour
• Some models of the respiration rate are proposed in (Lindberg, 1997). These models

are random walk model, filtered random walk model, integrated random walk model
(Olsson & Newell, 1999)

In general, the oxygen transfer rate varies much more slowly (in a matter of days) in

comparison with the respiration rate R(t) which is directly related to the biological

activity and varies in a matter of minutes (Yoo & Lee, 2004).

In closed reactor fermentation processes the oxygen transfer rate KLa [Sos - So (t)] can

be computed from the analyses of 02 and CO2 in the exhaust gases and from the air

flow rate into the reactor. In the activated sludge process the oxygen transfer rate

cannot be determined directly and then the parameters representing the oxygen

transfer coefficient as a function of the air flow rate must be estimated. In (Holmberg &
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Ranta, 1982) the oxygen transfer coefficient is represented as linear function of the air

flow rate

(7.150)

After substitution into the equation for the oxygen mass balance it could be obtained

(7.151)

The first term in the above equation can be omitted as it is negligible in comparison

with the others terms. An recursive least-square algorithm on the basis of

measurements of So and u is developed in (Holmberg & Ranta, 1982). The algorithm

give estimates of the parameters Kl' K2 and OUR R(t)., The algorithm gives goods

results when applied to situations with marked dynamic changes and bad results in the

continuous closed loop conditions. The performance is improved if the data for

estimation are taken during the transition behaviour caused by the step changes of the

air flow rate.

Additionally to the above estimation an estimation of parameters representing the OUR

as a function of the concentration of the microorganisms and the growth rate Jl could

be done. (Holmberg & Ranta, 1982) considered the following representation

R(t) = a,u(t)x{t)+ bx(t) = e ,umS(t)xi'! + bx(t)
Ks +S t

(7.152)

where e and b represent the growth rate and the maintenance consumption of oxygen,

x is the biomass and Jl is the growth rate.

The Kalman filter is used for parameter estimation of the oxygen transfer rate and the

respiration rate in (Yoo et aI., 2004) as a part of a nonlinear control strategy from the

measurement of DO and air flow rate for the case where

(7.153)

where a is the scaling factor and K, and K2 are parameters.

,...Prediction of the oxygen transfer coefficient and oxygen uptake rate for the purpose of

the adaptive control is proposed in (Ko et aI., 1982) using simplification of the equation

describing the dissolved oxygen dynamics. A least-squares estimate of these

parameters is obtained in a recursive form.
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Two step procedure is described in (Lira et al., 2004) for real time application:

• non-recursive step - in the first minutes of the reaction the mean respiration rate Rand
the KLa are estimated as a function of the control input. The measured values of the
dissolved oxygen are used and the system behaviour is represented as a linear
regressor
So (K) = cpT (K'yJ

The estimate isB ~ [tq>(K)<P' (K)ntll'(K)So(K)]

(7.154)

(7.155)

• recursive step - the KLa function estimated from the first step is used as true and the
respiration rate is estimated recursively with initial value R from the first step. The
forgetting factor algorithm is applied and this is the only one algorithm that is able to
track the respiration rate.
The two step procedure is developed for two types of KLa representations - constant)
and linear.

On-line estimation of the oxygen uptake rate for the purpose of control of the dissolved

oxygen concentration is described in (Gerksic et al., 2004) for the ASM1 process with

control input KLa for an equation

So (t) = KLa (So,sat - So (t ))- R(t) (7.156)

From here R(t) is estimated on-line from the So and KLa signals assuming that So,Sat

is a known parameter. The value of the derivative So (t) is estimated using numerical

differentiation which requires additionally to suppress the effect of measurement noise

amplified by the differentiation.

7.4.4 Estimation of the influent characteristics as an unknown input

Estimation of the unmeasured influent concentrations is very important for development

of a proper control strategy. However, abundant material treating inflow constituents

estimation is far from being available. Some of the existing developments are: unknown

input Kalman filter to estimate the variation of the influent organic concentration in an

anaerobic fluidized bed reactor (Aubrun et al., 2001), extended Kalman filter to

estimate the nitroqen concentration and the influent ammonia by using a reduced

nonlinear model. The problem is to estimate the unknown input and state of the system.

This method is based on a two steps strategy presented by Hou and Muller (1982):
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• First, the linear system is transformed by matrix operations into two decoupled
systems: one unknown input-free system, and one directly related to the unknown input

• Second, the unknown input-free system state vector estimation is done by applying a
robust observer technique. Then the unknown input is calculated by using the
remaining system.

This two step procedure is applied in (Gomez-Quintero & Queinnec, 2002) to uncertain

linear system for estimation of the influent ammonia concentration and the process

state variables. Robust unknown input estimation is proposed in (Takahashi & Peres,

1999). A recursive parameter estimation technique is developed in (Lukasse et al.,

1999) for reduced process model to identify the influent NH!n, maximum nitrification

rate and maximum denitrification rate on the basis of measurement from standard

NH4(N03), Qin' DO sensors. The Kalman filter is used because the filter gain varies as

a function of the Jacobian, which is directly related to the parameter observability.

Asymptotic observer of the biotechnological processes with unknown kinetics is

considered in (Bernard et al., 2000). The accepted approach is to consider the kinetic

expression as an unknown input (Hou & Muller, 1991), (Darouach et al., 1994), (Gillijns

& De Moor, 2007). These observers are based on mass-balance considerations, in

order to eliminate the unknown kinetics. But since they are in open-loop they are not

very robust to errors on the estimation of the influent masses. They also require

measurement of some output gaseous flow rates. In (Bernard et al., 2000) these

gaseous flow rates together with some easy to perform measurements are used to

build a closed-loop nonlinear observer that achieves better than described in (Bastin &

Dochain, 1990) asymptotic observers, according to the properties of robustness and

convergence rate.

7.5 Discrete Kalman filter design for state estimation of the reduced models of the

Benchmark and Athlone wastewater treatment plant

Many of biological variables of the activated sludge process can not be measured on-

lone because of lack of cheap sensors. Then if the control id necessary to be

implemented the real-time values of the process variables are necessary to be known.

This requires their estimation using the data which can e obtained from the possible to

be measured variables.

It is supposed that there is stable and reliable reduced model of the Benchmark and

Athlone activated sludge processes on the basis of the reduced ASM1 and UCT
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biological models. Then a Kalman filter can be designed. As the reduced models are

nonlinear two approaches are considered. First one is based on linearization of the

nonlinear models on the basis of Taylor's series and design of a Kalman filter for the

linearised model. The second approach is based on design an extended Kalman filter

where the Taylor series derivatives are calculated at every sampling period for the

estimated state

Different applications of the extended Kalman filter are described in (Steyer, Bouvier,

Conte, Gras &Sousbie, 2002), (Zhao & Kummel, 1995), (Chachnat, Roche & Lafiti,

2003). A multirate extended Kalman filter is developed for a reduced nonlinear model in

(Chachnat, Roche & Lafiti, 2003). This five state model describes dynamics of COD,

NO, NH, organic nitrogen ND and DO and is observable under both aerobic and anoxic

conditions. Numerical simulations have been performed using a set of data produced

from the full ASM1 model corrupted with white noise. The DO, NO and NH

measurements are assumed to be available every 10 sec, 10 min and 10 min

respectively. The results show satisfactory performance for COD estimation. But the

obtained COD estimates are very sensitive to model-parameter mismatch. This

motivates the development of a mass-balance based observer that is independent on

the uncertain kinetic terms.

Since previous results addressing the on-line state estimation can be founded in the

literature, most of them for nonlinear models (Tatiraju, Soroush & Mutharasau, 1999),

(Bogaerts & Hanus, 2001). Some of the papers estimate the inflow characteristics, for

example Aubrun, Theilliol, Harmaud & Steyer, (2001) has presented an unknown input

Kalman filter to estimate the variation of the influent organic concentration in an

anaerobic fluidized bed reactor. In (Gomez-Quintero & Queinnec, 2002) an extended

Kalman filter is used to estimate the nitrogen concentration and the influent ammonia

by using a reduced nonlinear model.

7.5.1 Development of a linearised tangent model of the reduced nonlinear models for

the Benchmark and Athlone processes with ASM1 and UCT reduced biological

models
r

The mass balance model derived in Chapters 3 and 4 can be written in the common

notations as

dz(t) = I" (z u t)
dt Jc"

(7.157)
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z(k+l)= f(z,u,k) (7.158)

The equilibrium point(s) are the values of z for which

0= fc(z,u)

z(k)= f(z,ïi,k)

(7.159)

(7.160)

for constant values of the control U. Then the derivation of the linearised tangent

model around the steady state z is based on the Taylor series expansion of the

function fc or f around the steady state for small deviations of the state and control

from their equilibrium values_ -
z =z-z, u =u-u (7.161)

The Taylor series expansion is

f( )-f(--) of(z,u)_ of(z,u)~ lo2f(z,u)_2 lo2f(z,u)~2 (7162)Z,u - Z,u + z + u + 2 Z + 2 U + ... .oz ou 2! oz 2! ou
The linearised tangent model is derived using only the first order derivatives as

z(k + 1) = Fi(k)+ Gli(k) (7.163)

F = 8f(z,ïi)
8z

G = é?f(z,ïi)
8u

(7.164)

The above procedure is followed to derive the linearised tangent models for the

Benchmark and Athlone processes.

7.5.1.1 Linearised model for the Benchmark and Athlone processes based on the ASM1

reduced biological model

For the Benchamrk process with the ASM1 reduced biological model nonlinear function

f(z,u,k) is

f(z,u,k)= Az(k)+ CTp(z,u,k)+ BZinlP(k) (7.165)

Then

8f(z,u,k) _ A+CT 8p(z,u,k)
8z(k) - 8z(k) .

8f(z,u,k) = CT 8p(z,u,k)
au(k) 8u(k)

(7.166)

where for the n-th tank, according to the Table 4.1
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aPn! aPn! aPn!
aSNH,n aSNO,n «:
aPn2 aPn2 aPn2

ap(z,u,k) _ aSNH,n aSNO,n aSSn
az(k) aPn3 aPn3 aPn3

aSNHn aSNO,n es.,
aPn4 aPn4 aPn4

aSNH,n aSNO,n aSS,n

ap(z,u,k) =[ ap", oPn2 oPn3 ap", r
ou(k) oSO,n oSO,n oSO,n oSO,n

(7.167)

(7.168)

The separate derivatives according to the state vector are as follows:

aPnl =0, aPnl =0, aPnl =[____!!_s JfLH[ sO,n JXBHn=fn13(k)
aSNH,n aSNO,n aSS,n (Ks+Ss,nY KOH+SO,n '

aPn2 =0 aPn2 =fL [ SS,n J[ SO,n J[ KNO J17X =J.22(k)
aSNH,n 'asNO,n H Ks + SS,n KOH + SO,n (KNo + SNo,nY g BH,n n

aPn2=fL [ Ks J[ KOH J[ SNO,n J17X =J.23(k)
aSS,n H (Ks + ss,nf KOH + SO,n KNO + SNO,n g BH,n n

aPn3 =fLA[ KNH J[ SO,n JXBAn =fn31(k), aPn3 =0, aPn3 =0
aSNH,n (KNH + SNH,nY KOA + SO,n' aSNO,n aSS,n

aPn4 =0 aPn4 =k X [ XS,n/XBH,n J17 [ KOH J[ KNO J=J. 42(k)
aSNH,n ' aSNO,n IJ BH,n KX+XS,n/XBH,n h KOH+SO,n (KNo+SNo,n)2 n

aPn4 = 0
aSS,n

(7,169)

Using the derivatives (7,169) the matrix op(z, u, k) as calculated for the equilibrium
oz

point z, ïi for which the derivatives are constant is

0 0 f)3

apJz,u) 0 fn22 fn23 (7.170)=az fn3l 0 0
0 fn42 0

Then for the whole process F = of(z,ïi) = A + CT op(z,ïi) = A + Cl
az OZ

where Cl = diag{CI[oCI2, CI3,Cl4,CIs}for the Benchmark process,
Cl = diag{Cl1,Cl2,Cl3} for the Athlone process, and

(7.171 )
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Cl , = (7.172)1- YH f. 22 _ 1- YH f. 22
2.86YH n 2.86YH n

_ fn 22 + f. 42 fn 13+ fn 23
YH n YH

It can be concluded from equation (7.171) that the off diagonal elements of matrix Fare

o

the same as for the matrix A and the block diagonal elements are

F=n

1- ~:Q-(iXB + ;A f31nJ

f31n
YA

o

- ixAf13n + f23n)

_ 1-YH f23n
2.86YH

l-~Q- f13n+ f23n
YH YH

(7.173)

The structures of the matrix for both Benchmark and Athlone processes linearised

models have the same character.

The derivatives according to the control vector are

(7.174)

Then the matrix

(7.175)

For the whole process G = [G, G2 G3 G4 GsY for the Benchmark plant and

G = [G, G2 G3Y for the Athlone plant.
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7.5.1.2 Linearised model for the Benchmark and Athlone processes based on the

reduced UCT biological model

The derivation of the matrices of the linearised model is done in the same way, but the

dimensions of the state variable vector and of the vector of the process rate is different.

OPnl oPnl oPnl oPnl

op(z,u,k) _ OSNH,n OSNO,n oSS,n OSads,n
The matrix

oz OPnlO OPnlO OPnlO OPnlO
OSNH,n OSNO,n oSS,n OSads,n

(7.176)

The vector

Op(z,u,k) =[ oPnl OPn2 ••• OPnlo]T
Ou oSO,n oSO,n oSO,n

(7.177)

The separate derivatives according to the state vector for the n-th tank are

~=fl ( SS,n J( SO,n J[ KHA )x =/,ll(k)
aSNH,n H Ks +SS,n KOH +SO,n (KHA +SNH,nf BH,n n

~=o
aSNO,n

:;sn,~ = flH((Ks ~SSS)2 J( Ko::nSo,J[ K::H;NH,JXBH,n = fn13(k)

aPn! = 0
aSads,n

(7.178)

::;,: = flH((Ks ~sSs )2 J[Ko::nSo,n J[ KHA:H~NH,n)[ KN::o;No,n JXBH,n = fn23(k)

aPn2 = 0
aSads,n
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8Pn8 =K [ Sads,n/XBH,n Y KOH Y KHA Y KNO J X =I.8i._k)
BSNO,n MP KSP+Sads,n/XBH,nAKoH+SO,nAKHA+SNH,nÁ(KNo+SNO,nf 17g BH,n n

8Pn8 =0
BSS,n

8Pn8 =K [ Sads,n/XBH,n X KOH Y KHA Y SNO,n J X =t.84(k)
BSads,n MP (KSP+SadS,n/XBH,nf KOH+SO,nAKHA+SNH,nAKNO+SNO,n 17g BH,n n

8Pn9 =0 8Pn9 =0 8Pn9 =0
BSNH,n ' BSNO,n ' BSs,n

8Pn9 =-KAXSnXBHn/XBHnf,,94(k)
BSads,n ",

8PnlO =J.1A[ SO,n J[ KHA IvBA, =/,10(k)
BSNH,n KOA +SO,n (KHA +SNH,nf J~ n n

8PnlO =0 8PIO =0 8PnlO =0
BSNO,n ' BSNO,n ' 8Sads,n

The matrix of the derivatives is

Inll 0 In13 0

In21 In22 In23 0

In31 In32 In33 0

In41 In42 In43 0

8pJz,u) In51 In 52 0 In54
=8zn In61 In62 0 In64

In 71 In 72 0 In 74

In81 In82 0 In84
0 0 0 In94

In101 0 0 0

(7.179)

The matrix Cl = CT 3pJ.z,u) and Cl = diag{C1,C2,C3,C4,C5} for the Benchmark and
n n 3z

n

Cl = diag{C1, C2, C3} for the Athlone process.

The derivatives according to the control vector are:

220



(7.180)

aPn9 _ 0 aPnJO _ [ KOA )[ SNH,n Jx _--_ , ---!lA BA n _ gnJO
aSO,n aSO,n (KOA +so,nf KHA +SNH,n '

(7.181)

(7.182)

And the control matrix for the whole process is G = [G] G2 G3 G4 G, Y for the

Benchmark and G = [G] G2 G3Y for the Athlone plan.

The linearised models are used as a part of the algorithm for a Kalman filter for

estimation of the immeasurable state variables.

7.5.1.3 State observability

The notion of observability can be defined as the possibility to connect the state

variables of a dynamical system to the measured variables via the dynamical model of

221



the system. The system is observable if every its state variable affects some of the

measured process variables. The observability of the system allows reconstructing the

time behaviour of the state variables from measured variables in an arbitrary finite time

from any initial condition. If the system is observable it is possible to design an

observer that is theoretically capable of correct reconstruction of the time behaviour of

the unmeasured variables.

The linearised system is observable if the matrix of observability.

C
CA

0= CA2 (7.183)

has a rank n, where the dimension of the state vector is n. In the considered case of

wastewater treatment A=F, where F is determined by Equation (7.171), C=C2, where

C2 is determined on the basis of measurable variables. The observability test is very

difficult for the nonlinear systems and especially for the wastewater processes because

of the large uncertainties in the kinetics of the biochemical reactions and the used

analytical expressions describing them.

Normally linear approximation of the nonlinear model is used to provide the

identifiability test. Then the observability results for the nonlinear system are only

sufficient ones - if the linearised tangent model is observable around the equilibrium

state and control variables, then the nonlinear system is observable around this point.

In (Dochain & Chen, 1992) is proved that a necessary condition for the observability of

the linearised tangent system is p + R ;:::n , where p is the number of the measured

components, R is the rank of the yield matrix C and n is the number of the process state

variables. The observability test is independent of the mathematical structure of the

reaction rates p(z). The fulfillment of the condition p +R ;::>: n does not guarantee the

system observability, but it can be very useful to detect in a very simple way the

observability of the process.

The application of the condition is considered for the above linearised models. It can be

seen from Equation (7.171) that the yield matrices C determine the structure of the
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linearised model state space matrix F. That is why they play very big role in the model

observability.

For the ASM1 biological model the matrix C~ is

1
0-iXB +i --

xB YA
I-YH 1 0 (7.184)

2.86YH YA
1 0 1

YH

The rank C~ is 3, n=3, this means the measurement of one of the state variables will

be necessary to build a state observer. For the UCT biological model the rank

C~ = 4, n = 4 and again one state variable will be necessary to be measured. Which of

the variables to be measured depends on their dynamic rate equations. The equations

must incorporate connections with the unmeasured variables. It can be seen from the

Table 4.1 that the variable SSH,n has the connection through the process rate for the

anoxic growth of heterotrophs to the other two variables SS,n and SNO,n for the reduced

ASM1 model. This means if SNH,n is measurable the other two variables can be

determined using observers - first SNO,n using SNO,n and SNH,n and then SS,n using the

process of anoxic growth of heterotrophs. If SS,n is only measured then SNH,n can be

obtained using the process rate for aerobic growth of heterotrophs and then SNO n

using the process rate of the aerobic growth of heterotrophs. If SNO,n is measured then

SS,n can be obtained through the process rate of hydrolysis and SNH,n through the

process rate of anoxic growth of heterotrophs. Similar considerations can be done for

the UCT reduced model using Table 4.3.
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7.5.2 Design of a discrete Kalman filter for the estimation of the immeasurable state

variables on the basis of the process linearised model

The linearised models of the Benchmark and Athlone processes are considered

z(k + 1)= F(k )z(k)+ O(k)u(k)+ H(k )cv(k)
y(k) = C2(k )z(k)+ v(k)

(7.185)

(7.186)

where z(k) = z(k) - z, u(k) = u(k) - ii, z, ii are the state and control equilibrium points,

w(k),v(k) are zero-mean Gaussian white noise processes with errors not correlated

forward or backward in time so that

{ T} { Ok-=t-j } { Ok*jEv(k)v(j) = R(k)k=j' E{w(k)w(j)}= Q(k)k=j (7.187)

The requirement for the noise characteristics preserves the block diagonal structure of

the covariance matrices. Further the noises w(k), v(k) are not correlated and

E{v(k )cv(kY } = 0 for all k. The m(k) is a forcing process noise and v(k) is the

measurement noise.

If it is supposed that the current estimate :i(k) is known. It is necessary to update it to

obtain :i(k + 1) based on all k + 1 measurement subsets determined by the matrix

C2(k) in the following form

~-(k+l)= F(k)~+(k)+G(k)u(k)

:i+(k) = 2- (k)+ K(k )[y(k)- C2(k )2- (k)]

(7.188)

(7.189)

An optimal choice of the matrix K(k) has to be derived in such a way that the minimum

of the variances of all state estimates from their through values are minimized

according to the criterion

(7.190)

The following error covariance matrices can be defined

P-(k)=E~-(k)&-(kt} P-(k + 1)= E~-(k + 1)&-(k+ It}

P+(k)=E{&+(k)&+(kt} P+(k+l)=E{&+(k+l)&+(k+lY}

(7.191)

(7.192)

where

sz- (k) = ~- (k) - z- (k) SZ-(k + 1)= :i- (k + 1)- z- (k + 1)

&+(k) =:i' (k)- z+(k) &+(k + 1)=:i+ (k + 1)- z+(k + 1)

(7.193)

(7.194)
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are the state errors in the prediction and uptake respectively.

From here it follows that it is necessary to derive optimal expressions for P-(k+1) and

P+(k + 1). Since the first equation (7.191) is not a direct function of K(k) the expression

for P-(k+1) can be derivated by:

• substitution of equations (7.185) and (7.188) into equation (7.193)

&-(k + 1)= i-(k + 1)- z(k + 1)= IF(k )i+(k)+ G(k )u(k )j-
- [F(k )z(k) + G(k )u(k) + H(k )cv(k)] = F(k )[i+ (k) - z(k) - H(k )cv(k) = 7.195)

= F(k)!ii+ (k) - H(k )cv(k)
• substitution of equation (7.195) into equation (7.191)

p-(k + 1) = E{£-(k + l)!ii-(k + IY}= E{F(k )z+(k )z+(k Y F(k y}-
- E{F(k )z+ (k )cv(krH(k Y }- EW(k )cv(k)z+ (kY F(k Y }+
+ EW(k )cv(k)cv(krH(k y }

(7.196)

It can be seen that cv(k)+ &+ (k) are not correlated as z+ (k + 1), not &+ directly

depends on cv(k) and E{&+(k)cv(kY}=O. E{cv(k)&+(k)}=O and the expression for

P-(k+1) becomes

P-(k + 1) = F(k )P+(k)F(k Y + H(k )Q(k)H(k Y (7.197)

where P+(k) and Q(k) are determined from the noise characteristics given by equation

(7.187). Equation (7.197) connects the process dynamics given by the model matrix

F(k) with the noise characteristics given by the covariance matrices P(k), Q(k). It can

be solved using the initial condition

(7.198)

The next step is to develop an optimal expression for P(k) by:

• substitution of equation (7.186) into equation (7.189) it is obtained

i+ (k) = '§:- (k) + K(k)lc2(k )£(k) + v(k) - C2(k)'i- (k)J=

= [1- K(k )c2(k )]i- (k) + K(k )c2(k )z(k) + K(k )v(k)
(7.199)

• substitution of equation (7.199) into equation (7.194) gives

C£+(k)= i+(k)- z(k)= [1- K(k )C2(k )]i-(k)+ K(k )C2(k)z(k)+ K(k )v(k)- z(k) =
= [1- K(k )C2(k )]£-(k)+ K(k )v(k)

(7.200)
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• calculation of p+ (k) according to equation (7.192)

P+(k) = E{&+(k ).£+(k y}= EtI - K(k )c2(k )]bz-(k ).£-(k XI - K(k )c2(k)Y}+
+ EtI - K(k )c2(k )]bz-(k )v(k Y K(k rl-
+ E{K(k )v(k ).£-(k y[I -K(k )c2(k)y}+ E{K(k )v(k )v(k Y K(k y}

(7.201 )

It can be seen that v(k), &-(k) are not correlated as &+(k), not &-(k) directly

depends on v(k). Then E{Sz-(k)v(k)}= E{v(k)6z-(kY}= O. Equation (7.201) becomes

P+(k)= ~I - K(k )C2(k ))5i-(k )bZ-(k YV - K(k )c2(k)Y}+ E{K(k )v(k )v(k Y K(k y} (7.202)

Using the characteristics of the measurement noise, equation (7.202) and the definition

of the correlation matrix given by equation (191), (7.192), it can be written

(7.203)

The next step is to determine the gain K(k) such that the estimation error vector is

minimized according to the criterion

minIK(k)3[K(k)]= Tr(P+(k))= TrIl - K(k)c2(k)]P-(kXI -K(k)c2(k)y +K(k)R(k)K(kY}

(7.204)

The optimal value of K(k) has to be determined on the basis of the necessary

condition for optimality

83(k) = 0
8K(k) (7.205)

The equation (7.205) can be derived following the trace dependencies

8Tr (ABAT)= A(B + BT
)

8A

Then

(7.206)

(7.207)

In equation (7.207) is used that [1 - K(k )C2(k)] and R(k) are symmetrical matrices.

From (7.207)

(7.208)

The optimal value of K(k) can be used to calculate the optimal value of P' (k), by

substitution of equation (7.208) into equation (7.203)
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P+(k) = P-(k)- K(k )C2(k)P-(k )-P-(k )c2(k Y K(k)+ K(k )lC2(k)P-(k )c2(k Y + R(k)jK(k Y =

= P-(k)- K(k )c2(k )P-(k) = [I - K(k )c2(k)]P-(k)
(7.209)

From equation (7.209) follows that the update stage of the Kalman filter decreases the

covariance of the estimation error, while the propagation stage in equation (7.197)

increases the covariance

Algorithm: The Kalman filter algorithm is given by the following steps:

1. Determine the model equations (7.183), (7.184) and determine the noise

characteristics, equation (7.185),

2. Initialization step

• determine the initial state estimate :i(to) = :io

determine the initial covariance matrix Po = E~(to )&'(to Y }•

3. Calculate the Kalman filter gain from equation (7.208) with

(7.210)

4. Update the state estimate according to equation (7.187) and update the

covariance matrix for the estimation error according to the equation (7.209)

5. Propagate the calculated at the step 4 state estimate to the next step using the

equation (7.186) and propagate the calculated at the step 4 covariance matrix to

the next step using the equation (7.197)

If the measurement is not given at the initial point then the state estimates are

propagated first to the next available measurement point :io+ =:io and P; = Po.

This algorithm determines the predictor-corrector form of the Kalman filter.

The propagation and measurement update equations can be combined to form the a

priori recursive form of the Kalman filter. To achieve this equation (7.189) is substituted

in equation (7.188) and equation (7.207) into equation (7.197). The obtained estimation

algorithm is

:i(k + 1) = F(k ):i(k)+ G(k )U(k)+ F(k )K(k )~(k)- C2(k ):i(k)]

K(k) = P(k )C2(k Y [C2(k )P(k )C2(k Y + R(k )t1

P(k +1) = F(k )P(k )F(k Y - F(k )K(k )c2(k )P(k )F(k Y +H(k )Q(k )H(k Y

(7.211 )

(7.212)

(7.213)

Equation (7.213) forms the discrete Riccati equation of the Kalman filter.
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7.5.3 Steady state Kalman filter
For time invariant systems the error covariance matrix P reaches a steady state values

very quickly. In this case a steady state (constant) value of the gain K can be pre-

computed using the steady state covariance matrix and the number of computations is

reduced significantly. The steady- state versions of the equations (7.211) - (7.213) is

~(k + 1) = rz(k)+ Gu(k)+ FK~(k)- C2~(k)J (7.214)

K = PC2T [C2PC2T + Rr
P=FPFT -FPC2T[C2PC2T +Rf1c2PFT +HQHT

(7.215)

(7.216)

7.5.4 Design of a discrete extended Kalman filter for estimation of concentrations

of the immeasurable process variables

The discrete Kalman filter is derived assuming that both the model and the

measurements are available in discrete-time form. Suppose that:

• the initial condition of state Zo is known
• the discrete time model and measurements are corrupted by noise.

The truth model for the process is

z(k + 1) = f(z,u,k) = Az(k)+ CTp(z,u,k)+ Bzi¢> (k)+ H(k )m(k)

y(k) = <p[z(k)]+ v(k)

(7.217)

(7.218)

where v(k), w(k) are assumed to be zero mean Gaussian white-noise processes which

means that the errors are not correlated forward or backward in time so that

f ( T} {O k"* jE lV k) v(j) = () .Rk,k=J
(7.219)

and

L .T} {O k"* jEf'(k)w(J) = () .Q k k=)
(7.220)

This requirement preserves the block diagonal structure of the covariance and weight

matrices. It is assumed also that v(k) and w(k) are uncorrelated so that

E{v(k) w(k Y }= ° for all k. The process w(k) is forcing noise on the system of

difference equations.
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The problem is to update the current estimate of the state i(k) to obtain i(k + 1) based

upon all k+1 measurement subsets. To achieve this, the approach of the extended

Kalman filter is used (Gelb, 1974), (Jazwinski, 1970). The idea for development of this

filter is based on the notion that the true state is sufficiently close to the estimated state.

Then the error dynamics can be represented sufficiently accurately by a linearised first

order Taylor series expansion

f(z(k ),u(k ),k) ~ f(z(k ),u(k ),k)+ : Ii[z(k)- z(k)]

<p[z(k),k] ~ <p[z(k),k]+ ~: I i [z(k) - z(k)]

where z(k) is close to z(k).

(7.221 )

(7.222)

The idea in the extended Kalman filter is to use the current estimate (conditional mean)

for the nominal state estimate, which means z(k) = z(k). Taking the expectations of

the equations (7.221), (7.222) to both sides with z(k) = i(k) it is obtained

E{f[z,u,kD= f[i,u,k]
E{<p[z(k),k D = <p[z,k]

(7.223)

(7.224)

Equations (7.223), (7.224) are used in the extended Kalman filter structure for the state

and output estimate using the measurements of the output jl and the values of the

control u, in the corresponding data points

z-(k+1)= f[z(k),u(k),k]
z+(k) = s: (k)+ K(k )[y(k)- <p[z-(k),k]

(7.225)

(7.226)

After substitution of equations (7.221), (7.222) into equations (7.225), (7.226) and after

applying equations (7.215), (7.216) it is obtained for z(k) = i(k) that

z-(k + 1)= f[z(k ),u(k ),k]- af I i(k)[z(k)- z(k)] = z(k +1)- H(k )w(k)- af li(k)az az
5z-(k + 1)= z-(k + 1)- z+(k + 1)= F[i(k ),k]5z(k)- H(k )w(k)

i+ (k) = i- (k)+ K(k )[y(k) - <p[Z-(k ),k]+ ~: I i(k) [z(k)- i(k)] =

= i- (k) + K(k )v(k) - K(k )C2[i- (k), k }(k) + K(k )C2[i(k), k]

&+ (k) = i+ (k)- z(k) = [1- K(k )C2[i- (k), k ]&(k)+ K(k )v(k)

(7.227)

(7.228)

(7.229)

(7.230)

where
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F[2(k),k]=: li(k) C2[2(k), k] = acp Ii(k)az (7.231)

The equations (7.226), (7.228) have the same structure as the equations (7.195),

(7.199), which describe the behaviour of the prediction and measurement errors. This

means that the same equations for the corresponding covariance matrices can be used,

equations (7.197), (7.209). The same algorithm, described in the previous point for the

linear discrete time model can be used with F(k) replaced by F[2(k), k] and

C2(k) by C2[2(k), k]. These matrices have to be recalculated for every step of the

algorithm. They can not be constant in general and a steady-state gain of the filter

cannot be calculated. The iterations are continued until the estimate is no longer

improved.

7.5.5 Application of the discrete Kalman filters to the wastewater state variables

estimation

The application of the extended Kalman filter to the Benchmark and Athlone processes

is given by equation (7.217), (7.218) where the dimension and coefficients of the

matrices C, p depends on the type of the biological model. The matrices F(k), C2(k)
are given by equation (7.231) were the derivatives according to the state are given for

the ASM1 model by equation (7.171), (7.172) and for the UCT model equations (7.171),

(7.179) and the derivatives according to the control are given by the equations (7.175)

for the ASM1 model and by the equations (7.182) for the UCT model.

The application of the developed Kalman filters to the Benchmark and Athlone

processes with reduced ASM1 and UCT bilogical model can be based on

measurement of the concentration SNH,n .

7.6 Conclusion

A major difficulty in the application of advanced monitoring and control strategies for

the wastewater treatment is the difficulty in on-line measurement of the chemical and

biological variables, such as biomass concentration, specific bacterial activity or

intermediate product concentrations. The idea for using observers, also called software

sensors that combine a number of readily available on-line measurements (gaseous

flow rates, pH, dissolved gases, etc.,) with a process model for estimating the values of

unmeasured state variables appeared and was developed during the last years. This
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chapter groups and analyses the existing literature for estimation of biotechnological

and wastewater treatment processes according to the existing models and the type of

measured and estimated variables. It considers also the existing types of observers.

Different methods were proposed to design such observers based on different

principles. In practice the choice between them depends on the specificities of the

considered problem, reliability of the process model, as well as the amount and

accuracy of data. If a reliable process model is available and if this model has been

thoroughly identified and validated, either a Kalman filter or a high gain observer can

be developed. When the process model is not accurate enough, an asymptotic

observer relying on mass-balances principles, but not on the uncertain kinetics, shall

be used instead. If bounds are known for the uncertain inputs or parameters, an

interval observer can be used for predicting intervals in which the unmeasured

variables are guaranteed to belong.

The last part of the chapter proposes derivation of two types of discrete Kalman filters

for the considered Benchmark and Athlone plant reduced mass balance models based

on ASM1 and UCT biological models. The first derivation is for the linearised nonlinear

models, obtained using Taylor series for the equilibrium points of the process. The

second derivation is for an extended discrete Kalman filter, where the nonlinear models

are used directly in the filtering process. The measured variables in both cases are the

dissolved oxygen concentration (control input) and the concentration ammonia for

every tank of the process.

The next chapters of the thesis represent simulation results for the methods developed

till now.

231



CHAPTER EIGHT

THE SIMULATION OF THE WASTEWATER PROCESSES

8.1 Introduction

The problem for simulation of the activated sludge process (Katebi & Graells, 2005),

(Mazouni, Ignatova & Harmand, 2005), (Kletting, 2005 ), (Lije, Chai & Cong, 2005), (Alex,

Ogurek & Jumar, 2005), (Gernaey, Rosen, Batstone & Alex, 2004), (Hucka, 2003), (Rauch,

Aaiderink, Drebs, Snelling & Vanrolleghem, 1998) is solved in the software environment of

SIMBA package. The chapter starts with a comparative analysis of the existing simulators

and description of SIMBA. The Mitchell's Plain and Athlone plant configurations are

considered and the corresponding mass balance equations are used. The building of

Mitchell's Plain and Athlone processes in Simba is undertaken developing the requisite

software. The results for the dynamic behaviour of the variables of the Mitchell's Plain (UCT),

Athlone (ASM1) and Athlone (UCT) wastewater treatment plant are generated from the

software implementation.

8.2 The importance of simulation

The role of simulation in the processes of design, planning, operating control, optimization of

the activated sludge process is growing. The planning phase of wastewater treatment plants

is done in simulation which helps to economise investment costs. The static assessment of

the plant according binding instructions can be improved by adding studies of the dynamic

behaviour of the plants (Katebi et ai, 1999) and (Larsson and Skogestad, 2000). Numerous

combinations of plants and tanks for design and modelling can also be compared for the

various loads.

The operating costs of a wastewater treatment plant can be reduced by an intelligent

automation. The development of advanced strategies of control is achieved by simulation

which is a very beneficial tool since one gain high process stability as well as low operation

costs.

Adaptable strategies for operating the plant are necessary for full advantage of its treatment

behaviour. The success of design and modelling improves the understanding of the

processes of wastewater treatment and aids the development of the best operation strategy

in contrasting conditions.
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The aim of utilizing mathematical modelling and simulation for the wastewater treatment

process plant is to predict the behaviour of the activated sludge process so that the plant can

be optimized efficiently. At the present moment this analysis is done manually rather than

using computer software. It should be noted that the fundamental level of diagnosis is

performed when monitoring the machinery and the plant equipment is done by the operator

(Olsson and Newell, 2001). For essential pieces of information such as behaviour or basic

physical parameters for example flowrates, pressures or levels the alarm of the equipment is

activated which will warn the operator. But the alarm signals can be very late to take

preventative measures as the activated sludge microorganisms react very slowly. Hence an

early warning signal becomes vital in the biological wastewater treatment process. The real

time simulation can solve this problem.

The problem for simulation of the dynamic behaviour of the activated sludge process is

considered and solved in this chapter, on the basis of different process configurations and

biological models. First, a short comparative analysis of the existing simulators in the field of

wastewater treatment is done.

A Matlab/Simulink Simulator is developed for the COST Benchmark configuration with ASM1

model. It is described in part 5.3.

SIMBA simulator is used in part 5 to simulate the behaviour of the activated sludge process

in the Athlone and Mitchell's Plain plant on the basis of ASM1 and UCT full and reduced

models.

The results from the simulation are displayed at the end of the corresponding parts.

8.3 Simulators I Comparative analysis

Simulators have been used extensively in many disciplines over the years and are powerful

tools for design, planning, process analysis, operator guidance, education and training.

Simulators can also be considered as packages of knowledge of the dynamics of the

process.

A simulation is the mimicking or imitating the behaviour of a particular system whereby a

computer is used as an experimental platform (Olsson and Newell, 2001). The dynamic

models can be packaged in special software platforms known as simulators. So using the
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simulator one can study the effects of different parameter values, model complexities and

initial conditions. It should be advised that simulators must be used with care because they

are never better than the models and the data they are using.

Simulators have increasingly gained acceptance in the last ten years for wastewater

treatment. The general hardware and software development as well as mathematical

modelling applications have together made a contribution towards this. The complexities of

nutrient removal systems utilise simulators which are considered important tools to better

understand these processes. The integration of several sub-processes within a plant makes

it necessary to analyse all the interactions. On a larger scale, the interactions with the

sewerage network and the influent are important to be understood which require the

possibilities of the total wastewater system to be fully utilized since they are dynamic and the

time frame is crucial.

There are two kinds of simulators, block diagram simulators and general-purpose simulation

languages. They allow for the simulation of continuous-time (differential equation) and

discrete-time (difference equation) models and their variants.

• Block Diagram Simulators

The representation for the control system structure is a block diagram which offers a block-
diagram editor as graphical front end to their simulation engines. Such simulators are:
1) Simulink from the MathWorks Inc.
2) SystemBuild from Integrated Systems Inc.
3) Easy-5 from Boeing

• General-Purpose Simulation Languages

The general-purpose simulation language software is usually based on the equation oriented
systems which have been enhanced by graphical front end. Such simulators are:
1) Simnon from SSPA Systems
2) ACSL from Mitchell & Gauthier Assoc.

• Combined Block and Language Simulators

The more sophisticated user can program blocks for the libraries in high-level simulation
language. They resemble general-purpose simulation languages which offer flexibility and
ease of use of the graphical block diagram interface. Such type simulators are:
1) Aspen Dynamics from AspenTech
2) Nimbus from The University of Queensland

• Object-Oriented Modelling Languages
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A limitation of the block-diagram simulators has to do with computational causality. One
always defined what the input is and what the output is but unfortunately, causality is not
sometimes defined since simultaneous events are acausal. Such simulators are:
1) Dynasim AB

• From Simulation to Real-Time Implementation

The automatic code from simulator to a real-time environment is highly sought-after. Such
simulators are:
1) Simnon from SSPA Systems
2) Real-Time Workshop from the MathWorks Inc.
3) RealSim from Integrated Systems Inc.

8.4 Application Specific Simulators

A number of widespread simulators and simulation languages have been used in the

wastewater treatment design and operation studies. The most used ones are:

1) BioWin from Envirosim Associates Ltd. of Oakville, Ontario, in partnership with Reid
Crowther & Partners Ltd., Vancouver, B.C. Canada

2) EFOR from Kruger Systems, Denmark
3) Fortran
4) GPS-X from Hydromantis
5) Matlab Simulink
6) SIMBA (Otterpohl Wasserkonzepte)
7) STOAT from WRc, Software Services, Swindon, Wiltshire, UK
8) WEST from Hemmis n.v., Belgium
9} JASS, Uppsala University
1O} SIMNON from SSPA Systems
11)AQUASIM
12) SSSP from Clemson University, S.C., USA
13) DSP from The University of Queensland, Australia

8.4.1 Short description of the simulators' capabilities

A short description and comparative study of some the above simulators is given below:

BioWin is a dedicated process simulator that makes use of linked process units to simulate

biological wastewater treatment systems. It has been developed as a Microsoft Windows ™

application and runs on an IBM PC-type computer.

EFOR™ is a software tool dedicated to the modeling of wastewater treatment systems,

which makes it easy to construct a wide variety of wastewater treatment plants. Even

treatment plants with a complex and dynamic operation are easily to be described and

simulated with EFOR™.
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FORTRAN has been recognized for years as a powerful programming language for scientific

applications. FORTRAN permits a rigorous translation of the mathematical description into a

set of code lines, which can be used to simulate the plant operation without any further plant

assumptions. On the other hand, user-friendliness is restricted, especially with respect to

data management.

GPS-X is a modular, multipurpose modeling environment for the simulation of wastewater

treatment systems.

MATLAB (MATrix LABoratory) is a general, high-performance language for technical

computing. It integrates computation, visualization and programming in a common

environment. MATLAB is an interactive system and includes a large library of predefined

mathematical functions. It also provides the user with the possibility to extend this library with

new functions. The code for such functions are based on mathematical notation and can

often be formulated in a fraction of the time it would take to write similar programs in a scalar

language, such as C or Fortran. MATLAB features a family of application-specific toolboxes

that extend the MATLAB environment in order to solve particular classes of problems.

Furthermore, it is possible to use MATLAB for on-line applications, to build application

specific graphical user interfaces and to create standalone (and platform independent)

applications by automatic translation of MATLAB programs into C code. The wide field of

applications that the toolboxes support is definitely one of the major advantages of MATLAB.

SIMBA® is a simulation environment based on Matlab™ & Simulink™ for the simulation of

wastewater treatment systems and includes a specific user interface for wastewater

treatment system simulation. SIMBA extends Matlab/Simulink using block libraries for

biological and chemical treatment processes (i.e. activated sludge and biofilm processes,

chemical precipitation and sedimentation using different models, sewer systems ... ).

STOAT is a modular multipurpose modelling environment for the simulation of wastewater

treatment systems. STOAT includes an implementation of ASM1, called IAWQ #1, and the

Takács settler model, called Generic.
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WEST is a multi-platform modelling and experimentation system for the simulation of any

system that can be represented by algebraic and differential equations. In WEST, ease of

modelling a wide range of systems with maximum reuse of model knowledge is combined

with high calculation performance. So far, WEST mainly has been used in the context of

wastewater treatment research.

JASS stands for Java Activated Sludge process Simulator and is a Java program that

simulates activated sludge processes.Version 3.0 was developed as a Master thesis work at

the Department of Systems and Control, Uppsala University. Version 3.1 was developed

shortly afterwards, implementing some minor updates and new features.

Simnon (SSPA Systems, 1991) is designed for solving ordinary differential and difference

equations and for simulating dynamic systems. Numerical integration routines used to

simulate differential equations and difference equations are solved by iterations. No symbolic

analysis of the systems is possible. The systems may be described as an interconnection of

subsystems (promoting a hierarchical system description) which may be either in continuous

or discrete time. The user interacts with the program by typing commands (a graphical

interface is available as an add-on product). Parameters, initial conditions and system

descriptions can be modified interactively and the results are graphically or numerically

displayed on the screen. A built-in macro facility allows the user to create own set of

commands. The allowed complexity of the developed models is limited, although this is

seldom a problem (the maximum number of state variables is 300). The program also has

real-time capabilities, i.e., data can be transferred on-line from and to a real process

connected to the I/O-devices of the computer.

AQUASIM (Reichert and Ruchti, 1994) is an interactive system for simulating and analysing

the dynamics of aquatic systems. It is a graphical, mouse-driven program that includes a

number of predefined compartment models (at present: mixed reactors, biofilm reactors and

river section). The introduction of compartment models limits the generality of the program

but allows the selection of efficient numerical algorithms according to the type of partial

differential-equation used to describe the transport mechanisms. The internal dynamic

processes within a compartment are formulated by the user without any restrictions. Different

compartments can be combined by using different types of links. The program also contains

built-in tools for identifiability analysis (by sensitivity analysis), parameter estimation and
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uncertainty analysis. Results are presented graphically (though not on-line and only as

traditional two-dimensional plots) or saved as ASCII files. The program does not have any

real-time capabilities but is only intended for off-line use.

8.4.2 Comparisonof the simulators characteristics

There is a wide range of simulators available today, both for general purpose simulation of

dynamic systems and with specific application to waste water treatment systems. They come

in all shades and prices, specialized for different application areas, for different computing

platforms and embracing different modelling paradigms. It is an impossible task to analyse all

of them. The usual criteria for selection are models available, model library, modularity of the

models, model validation flexibility to build larger plant models, graphical representations,

numerics available, real time simulation, measurement data, output presentation, optimizers,

and cost. Table 8.1 gives analysis of the simulator according to some of these criteria.

Table 8.1: A Comparative Analysis of the existing Simulators

Model Model Modu- Valid Flexi- Graph. Num. R-T Meas. Output Opti-
Criteria Avail. Library lariry Model bility Repres Avail. Sirnul. Data Presen misers
Sirnulink X X X X X X X X X X X
Svsternbuild X X X X X X X X X X X
Easy-5 X X X X X X X X X X
Simnon X X X X X X X X X
ACSL X X X X X X X X X
Aspen X X X X X X X X X X
Dynamics
Nimbus X X X X X X X X X X
Dynasim AB X X X X X X X X
RelllSim X X X X X X X X X X X
GPS-X X X X X X X X X X X
SIMBA X X X X X X X X X X X
AQUASLM X X X X X X X
BioWin X X X X X X
EPOR X X X X X X X X X X
STOAT X X X X X X X X X X
WEST X X X X X X X X
SSSP X X X X X X
DSP X X X X X X X X X

Matlab/Simulink and SIMBA software are used in this study. Matlab/Simulink is used for

sensitivity analysis and for parameter estimation. The SIMBA simulator was used for both

steady state and dynamic simulation. Description of these two software environments is

done below:
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8.5 MATLAB/Simulink

Simulink (MathWorks, 1995) is an interactive system for simulating dynamic systems. It is a

graphical, mouse-driven program that allows the user to model a system by drawing a block

diagram in a graphical editor and manipulating it dynamically. It handles linear, non-linear,

continuous time, discrete-time, multi-variable and multi-rate systems. A large number of

predefined building blocks are included in the program and it is easy for the user to extend

this library with blocks of their own. Hierarchical models are recommended since blocks may

include other blocks and allows for graphical 'information zooming'. Results are numerically

and graphically available in numerous ways. The major advantage of Simulink is the fact that

it is an integrated part (toolbox) of the complete Matlab ™ (matrix laboratory) computing

environment (MathWorks, 1992). Matlab is an interactive system whose basic data element

is a matrix that does not require dimensioning. It includes a large library of predefined

functions and a simple way for the user to define own functions expressed as they are

written mathematically - without any traditional programming. However, it is possible to

include models written in C (using a special format) into the program, as well as creating

stand-alone applications. Moreover, data can be transferred on-line in and out of the

program from a real process connected to the I/O-devices of the computer, allowing for real-

time analysis and online control. A large number of application-specific toolboxes that extend

the Matlab environment in order to solve particular classes of problems are available. These

toolboxes include signal processing, control system design, system identification,

optimization, neural networks, fuzzy logic, statistics, partial differential equations, symbolic

math, etc. Altogether this means that the Simulink user not only has the possibility to perform

simulations but an enormous capability to manipulate and further validate the results. All this

power is available at the user's fingertips in one integrated environment.

8.6 SIMBA

SIMBA, the German acronym for Simu/ierung von Biologische Abwasser (Simulation of

Wastewater Treatment) is a dedicated software package for modelling and simulating

wastewater treatment processes which was developed by IFAK, Magdeburg, Germany

(SIMBA 4, Userguide 2001).

SIMBA is considered a custom made version of MATLAB/Simulink for wastewater treatment

applications and utilizes Simulink as a general platform which allows the simulator client to
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concentrate all the development work on modelling and has an attractive and intuitive user

interface. As one can see SIMBA uses all of the features of Simulink and also can use

MATLAB for all the latter-processing. It also includes facilities for software sensors and

supervision of sensors, SIMBA 4, Userguide (2001). Many computer simulation users can

readily extend the model library and can document their model developments in Simulink

format. It is found that academic consumers make a valuable contribution to the modelling

efforts and SIMBA enjoys increasing popularity in industrial applications. Now SIMBA can

import historical data and can also be connected for Real-Time simulation to a SCADA

system for data acquisition.

The modelling allows the analysis of wastewater treatment and the complex biochemical

processes without any intervention in the real plant (Katebi, 1999) and (Schutze et al, 2002).

The dynamic simulation which is based on a model of the time behaviour of concentrations

can be implemented in any configuration of plants. With simulations, it is possible to

strategise for the technology, structure and operation mode of the plant for example

municipal sewage plants where the activated sludge processes are used.

The IWA work group Henze et al (1987) established the model ASM 1 which is the model

mostly used in simulated activated sludge plants and generally accepted for control and

process studies of biological wastewater treatment plants. Hence this model was adopted for

SIMBA. The model ASM 3 described by Gujer et al (1999) was also made by the IWA as an

available alternative. Now it can be seen that both proposals describe the COD and N

elimination. ASM 1 has been updated to an alternative Model ASM 2d which has been

developed by Henze et aI., (1998). It contains extra processes of chemical and biological

phosphorus elimination.

The modelling and simulation for the whole wastewater treatment section of a treatment

plant, models for primary and secondary clarification, for storage of wastewater and models

for other parts of a plant were attached to SIMBA. The primary clarifier model derived by

Otterpohl et al (1994) establishes the COD and N elimination depending on the composition

of the wastewater and the hydraulic retention time whilst various models are available for

secondary clarifiers. One of them is the model which was originated by Takacs et al (1987),

another is a two component layer model developed by Otterpohl and Freund (1992). In

addition, tools for simulation of the anaerobic sludge digestion, the processes in sewer
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systems, the wastewater treatment in biofilms and a simple river quality model are

integrated.

The simulation system of SIMBA is completed for biological wastewater treatment plants

which makes the main components these plants available as blocks of a library. SIMBA 4.0

is based on an open library in a new uniform model format since the creation of updated or

the modification of existing model approaches is much simplified. Hence the special libraries

of ASM 1, ASM 2d, ASM 3, SIMBA sewer, sludge and biofilm as well as applications for the

implementation of the special control algorithms are available.

8.7 Development of the ASM1 and UCT biological models in SIMBA environment

8.7.1 Variables, parameters, input flow fractions

The model fractions of the activated sludge are sometimes separated into two components

before the primary clarifier and after the clarifier. The fraction of each compound before the

clarifier differs because of the hierarchical influence within the biomass. The ASM1 biological

model is a part of the SIMBA software. The UCT biological model was developed in the

thesis. The ASM1 model in SIMBA environment was used to be extrapolated for the UCT

model fractions. The fractions of the UCT model are shown in Table 8.2 using the notations

of the ASM1 model. This table is necessary to be determined in SIMBA in order to start the

simulations. In the table Sol.(1) is a notation for soluble components, Part.(2} is for the

particulate components and TS(3) is for the total solids. The particulate and solids are settled

in the primary clarifier. The user defined fraction properties for each of the compounds

describe the fraction of COD and N within them, whereby this would be used in future

calculations for the SIMBA simulation.The fraction properties are shown in Table 8.3. The

Numerical values for stoichiometry balance according to Table 8.3 are given in Table 8.4.

The next step of the the simulation is to determine the instrumental variables and the

parameters, a3+a11, A, B, C from the Peterson matrix in Chapter 3.

In Table 8.5, the mass transfer coefficient for oxygen KLa (akla20) at 20 C is the external

input. The instrumental variables are shorthand names for the expanded equations of each

respective rate coefficient.The values of the parameters of the models are given in Table/á.6.
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Table 8.2: The fractions of the UCT Activated Sludge process biological model

\XSE
XND
SS

SNH 9 N/mJ\3
9 N/mA3" 1,

SNO 9 N/mJ\3 1
SALK Mol/mJ\3
SI
'so

o 0.01~~,--"~--"',,,..~,~rO~01'~.. ---@-
Table 8.3: User defined fraction properties

_III 111111111111111._111
COD 1 1 1 1 1 1 0 1 0 0
N iXB iXB iXP 0 0 0 1 0 1 1

-64/140
1 ~O

o -1 COD content of unit

Table 8.4: User defined fraction properties values

II 11111 _III
COD 1 1 1 1 1 1 0 1 0 0 -4.57140 o -1 COD content

of unit
I '.~

N 0.068 0.068 0.068 0 0 0 ~1 0 o 0 N content of
unit

Table 8.5: External inputs (EI) and instrumental variables (IV)

Formula
a3to11 0-(1-YH)/(40/14*YH) IV
A (1-YH)/(14*40/,14*YH)-iXB/14 jlYru._"~'_'~_'___
B (1-YH)/(40/14*YH)-iXB IV
C (1-YH)/(14*40/14*YH)+iXB/14 ,IV
aïto11 0-(1-Y~f)/(40/14*YH) . ~V
a13to120-(iXB/14)-1/(7*YA) IV
akla20- - EI
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Table 8.6: The values and units of the Parameters of the UCT biological model

\il<B
iXP

bA
KA
fMA
KR
KSA
KOA
ITS

0.62*1.029A(T-20)~~=-
0.04*1.029A(T-20)
0.17*1.029A(T -20)
1.0*1 A(f~20)
0.032*1.029A(T-20)

.1.0*1.123A(T-20)
0.002
1.024ACJ:-20) Jemg,erature terrpf.or kla
13.89-T*0.3825+T*T*0.007311- DO Saturation Concentr for ImA3
T*T*T*0.00006588 20 grd C g

YA
fP

mA3/g COD

SOsat

In Table 8.6, the operating temperature is at 20 C which means that the exponent for T-20 is

equal to zero and then the expressions for the power of zero equal to unity and the value of

the parameters are equal to the default value.

The influent has a steady state input and flow rate values from 0 to 24 hours, for COD, TKN

and alkalinity. The characterization of the carbonaceous material and nitrogenous material in

the influent is in terms of the COD and Total Kjeldahl Nitrogen (TKN) and it is necessary to

specify the magnitudes of the various fractions of the influent COD and TKN. The research

undertaken by the UCT group has indicated a division of the carbonaceous material and

nitrogenous material in fractions. They are used to generated the various biological fractions

in SIMBA where the influent is in the steady state. A Matlab function file is developed -
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uct_influent which calculates the different COD and TKN fractions. The same file is used also

for the ASM1 model. The file uct_influent is presented in the Appendix A.

The next step in simulation in SIMBA is to build the Peterson matrices and to calculate the

stoichiometric balances. This is done for the ASM1 and UCT full and reduced models.

8.7.2 Peterson matrix and stoichiometric balances for the ASM1 full and reduced models
8.7.2.1 ASM1 full model

The Peterson matrix for the full ASM1 model consists of 9 processes and 13 variables. The

SIMBA representation of this matrix is given in Table 8.7.

8.7.2.2 Reduced ASM1 Model

The reduced model developed in Chapter 4 is considered. The Peterson matrix of the

reduced ASM1 model is given in Table 8.8.

8.7.3 Peterson matrix and balances for the UCT full and reduced models

8.7.3.1 UCT full model

The SIMBA UCT full model Peterson matrix is given in Table 8.9. The COD and TKN

balances are given respectively in Table 8.10 and Table 8.11. The rates r3, r4 and r7, r8 are

not equal to zero due to the evolution of nitrogen gas in the anoxic reactor as can be clearly

seen in Table 8.11. The used default values for the UCT model are given in Table 3.4 . The

default values of the parameter of the UCT original model has been assigned to the SIMBA

equivalent which was developed for the UCT model.

8.7.3.2 Reduced UCT model

The SIMBA Peterson matrix for the reduced UCT model is given in Table 8.12. The

stoichiometry and balances for the reduced model are given respectively in Table 8.13,

Table 8.14 and Table 8.15.
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Table 8.7: Peterson matrix for the full ASM1 model

SI SS

-l/YH
2 -l/YH
3 -l/YH
4 -l/YH

',' -PiXB

o
-l'iXB

o
-1'00 - l/YA

o

(YH - l)/YH
(YH - 1) IYH

o

o
-l'iXB

(YB - 1)/(2.86'YB)
(YH - 1) I (Z. 85'YH) - 00

l/YA
o

,0
o

o ,
o 0

1 - tP -1
1 - fP

o
-1
o

o -1'(4.57 - U)/YA
tP 0

-1 fP
o 0

iXB ,- tP'iXP
o iXB - fP'iXP

-1 '0
o
-1

pla
pill
pZa

4 pZb
p3
p4
p5
p6
p7
pB
p9

"UII'LimSS'SOI (KOR + SO) 'LililSALKH'SIIHI (SW + KNHNO)'XBH
IlUII'LilnSS'SO/(KOH + SO) 'LililSALKH'KNHIiOI (SW + KNHNO)'SITO/(SNO + KNHNO)'XBH
mUII'LimSS'KOHI (KOH + SO) 'SNOl (KIlO + SITO)'SIIHI (SW + KNHNO)'nuG'LimSALKH'XBH
"UII'LimSS'KOHI (KOH + SO) 'SNOl (KIlO + SITO)'nuG'LilnSALKH'KNHNOI (SW + KNHNO)'XBH
"uA'SWI (KITH+ SW) '501 (KOA + SO) 'LililSALKA'XBA
bH'XBH
bA'XBA
kA'SND'XBH
kH'XS/XBH/(KX + XS/XBH)'(SO/(KOH + SO) + nUII'KOH/(KOH + SO)'SNO/(KlTO + SNOl + nUIIA'KOan/(KOan + SO + SNO))'XBH
p?'Xl®/XS
tTs'akla20'(SOsat - SO)

Table 8.8: Peterson matrix of the reduced ASM1 model

SIiO

-l/YH 0 (YH - 1)/(2.86'YH) - iXB
-1' (4. 57 - YA)IYA llYA -1'00 - ilYA

o 0 0

pZb mUII'LimSS'KOHI (KOH + SO) 'SNOI (KIlO + SNOl'nuG'LimSALKH'KNHNO/(SW + KNHNO)'XBH
p3 muA'SNH/(KITH + SW)'SO/(KOA + SO)'LimSALKA'XBA
p4 bH'XBH
pS bA'XBA
p6 kA'SND'XBH
p7 kH'XS/XBH/(KX + XS/XBH)'(SO/(KOH + 50) + nUII'ROH/(KOH + SO)'SNO/(KIlO + SNOl + nUIIA'ROon/(ROon + 50 + SNOl)'XBH
pB p7'Xl®/XS
p9 fTs·skl.ZO' (SOsa t - 50)
es 1. 0
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Table 8.9: The Peterson matrix of the full UCT model

1111111 •rl o o 0 0 o 0 ~fYFr O-iXB 0

r3 0 0 0 0 0 0 - O-iXB 0 a3to 11 A 0 0 myll*SS!(KSB+SS)*KOH!(KOB+SO)*
I/Vl,! *SNHI(KNA+SNH)*SNOi(KNO+SNO)*XBH

r5 0 0 0
-

0 0 0 O-iXB 0 0
0-

0
0-(1- KMP*«XSAJXBl'!V(KSJl+(XSAL'CBH»)*

]/yH iXB!14 YH)/YH *SO!(KOH+SO)*SNH/(KNA-tSNH)*XBIl

- KMP*«XSAiXBB)/(KSP+CXSJ\/XBH»)*
r7 0 0 0

!IYH 0 0 o O-iXB 0 a7toIl A 0 0 *KOH/(KOI::I+S0)*SNHi(KNA+SNH)*
*SNO/(K'NO+SNO)*XBH*nyG

r8 'O iO 0 ~/YH 0 0

Sh

r9 -1 0 fl) 0 0 I-lP O+iXB- 0 0 ()
fl'*iXP

rIO :9 10 '0
ril 0 0 () 0 0 0 -1

r12 0 io SJ 0 '0 0 :0
0- 0-(64114- myA*(SNH!(KSA+SNH»)"

r13 0 0 0 0 0 0 0 jIYA- 0 O+l/YA a13to!2 0 YA)fYA "(80/(K.0 A+SO») *XBA
iXB

'O+iXB- W"
rl4 1) -J il' 0 0 I-fr fP*iXP 0 '0 0 .0

itll," . ,"'...LM,

rlS 0 0 0 0 0 0 0 0 0 () () 0 0 ffS*akJa20*(SOsal-SO)

Table 8.10: COD-Balance (COD content of unit) for the full UCT model

r2 0 0

r3 0 0 0 0 0 0 -1.5015 0

r4 0 0 0 0 0 0 -1.SQ15 0

r5 0 0 0 -1.5015 0 0 0 0 0 0 0
,r6 0 0 0 (1.5015 0 0 Q .0 0 9.31086
r7 0 0 0 -1.5015 0 0 0 0

r8 0 0 0 -1.5015 0 0 0 0

r9 -I 0 0.08 0 0 0.92 0 0

rIO 0 0 0 0 1 -1 0 0

r11 0 0 0 0 0 0 0 0

r12 0,..- 0 0 0 .0 0 0 0

r13 0 1 0 0 0 0 0 0 0

r14 o ,-1 9.08 0 0 0.92 0 0 0 :0
r15 0 0 0 0 0 0 0 0 0 0 0 0 0
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Table 8.11: N-Balance (N content of unit) for the full UCT model

I
rl 0.068 0 0 0 0 0 0 ·-0.068 0 0 0 0 0

r3 0 0 0 0 -0.068 0 0 o'

r5 0.068 0 0 0 0 0 0 -0.068 0 0 0
1'6 lO.068' . P.. ':".-~~i(i"'iO ,

,~~~r.il).j~~:

r7 0.068 0 0 0 0 0 -0.068 0 -0.17553 0 0 0"1 ....
T8 ;9'~~::,::::~,~[!ql~~~~E::-~[lJ!~_:~1'4j
r9 0.00544 0 0 0 0.06256 0 0 0 0 0 0

0 0 -1 0 0 0 0 0
d2 ro i9 lJ
rl3 0 0.068 0 0 0 0 0 -6.7347 0 6.6667 0 0
r14 19 -0.068 0.09?.i4
rlS 0 0 0 0 0

Table 8.12: Peterson matrix for the reduced UCT model

rl
rz

3 r3
4 r4
5 r5
6 r6

r7
r6
r9
rlO
r11
r12
r13
r14
rlS

SW SN!)

-l/YH 0-00 O-(l-YHI/YH
-l/YH O-iXB 0- ((l-YHI IYH-iXB'64/141
-l/YH 0-00 03tDll 0
-l/YH B 0

0 0-00 O-(l-YHI/YH
0-00 0- ((l-YHI IYH-iXB'64/14)

O-iXB 07tDll 0
0 B

0
0

O-l/YA-iXB O+l/YA
0 0

myHTSSI (KSH+SS) 'SDI (KOH+SO) 'SWI (KNMSW) 'XBH
myH'SS/(KSH+SSI 'SO/(KOH+SO) 'KNAI (KNA+SW) 'SNO/(KNO+SNO) 'XBH
myH'SSI (KSH+SS) 'KOHl (KOH+SO) 'SW/(KNA+SW) 'SNO/(KNO+SIIO) 'XBH
myH'SSI (KSH+SS) 'KOHl (KOH+SO) 'KNAl (KNA+SW) 'SNOI (KNO+SNO I 'XBH
KIIPT((XSA/XBH) / (KSP+(XSA/XBH)) ) 'SO/ (KOH+SO) 'SW/(KNA+SW) 'XBH
KlIP' ( (XSAlXBH) I (KSP+(XSAlXBH))) 'SDI (KOH+SO) 'KNAl (KNA+SW) 'SNO/(KNO+SNO) 'XBH
KIIP'( (XSA/XBH) / (KSP+(XSA/XBH))) 'KOHl (KOH+SO) 'SW/(KNA+SNII) 'SNOl (KNO+SNO) 'XBH'nyG
KlIP' ((XSA/XBH) I (KSP+(XSAlXBH))) 'KOHl (KOH+SO) 'KNAI (KNHSNII) 'SNOl (KNO+SIlO) 'XBH'nyG
bH*XBH r
KA 'XSPXBH' (fMA-XSA/XBH)
(r5+r6+r7+r8)' (XND/XSA)
KR'SN!)TXBH
myA' (SW/(KSA+SIIH))' (SOl (KOA+SO)) 'XBA
bA'XBA
tTS'aklaZO' (SOsat-SO)
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Table 8.13: Stoichiometry of the UCT reduced model

Table 8.14: COD-Balance (COD content of unit) of UCT reduced model

I. I
r1 0 0 0 0 0 0 0 -1.5015 0 0 0 0 0

T2 0 ra '0 0 '0 ().l9°ti1
r3 0 0 0 0 0 -1.5015 0

r4 0 , ~o 0 '0 0 Q ,0 0 '9 0
r5 0 0 0 0 0 0 0 0 0 0 0

r6 0 0 0 '0 0 _,0 0 03108~L
r7 0 0 0 0 0 0 0 0 0 0,8024 0

r8 0 0 0 0 0 0 0 0 0 0 :Q,49155 -'0 ~~ 0

r9 0 0 0 0 0 0 0 0 0 0 0 0

rIO 0 ,0 ,0 0 0 p 0 0

rJl 0 0 0 0 0 0 0 0 0 0

r12 0 0 0 0 0 0 0 p
rl3 0 0 0 0 0 0 0 0 0 0 -30.4762 0 0 0

0 0 '0 "r14 0 p Q. 0 0 JL 0

1'15 0 0 0 0 0 0 0 0 0 0 0 0 0
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Table 8.15: N-Balance (N content of unit) of the UCT reduced model

II • I
rl 0 0 0 0 0 0 0 0 0

-0.17553 0 ·0

0 0 0 0 0 0 0 -0.068 0 0 0 0 0

r7 0 0 -0.068 0 0 0

lJ
0 0 0 0 0 0 0 0
:0

0 0

r13 0 0 0 0 0 0 0 6.6667 0 0 0 I.i'l
rl5 0 0 0 0 0 0 0 0 0 0 0 0 0 0

8.8

8.8.1.

Simulation of the Mitchell's Plain plant on the basis of the UCT full biological model

SIMBA diagrams

The Mitchell's Plain structure and mass balances described in Chapter 3 are used to build

the SIMBA diagram of the plant. The overall diagram is given in Figure 8.1. The exact

connections between the tanks are shown in Figure 8.2

~,_IH

Figure 8.1: A schematic SIMBA diagram of the overall Mitchell's Plain wastewater treatment

plant
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Figure 8.2: A schematic SIMBA diagram of the internal structure of the Mitchell's Plain

wastewater treatment plant

Point h1-h4 show the places for measurement the values of the variables of the process as

follows - h1 is for the influent, h2 is after the anaerobic tank, h3 is after the anoxic tank and

h4 is after the aerobic tank.

8.8.2 Results from the simulation

The simulation is done for a period of 100 days. The results from the simulations are read

from the communication window of SIMBA, given in Figure 5.3.

Path: C:\matlabr11 \toolbo>:\simba\example\ex_asm1_eng\
Current Project: ex_asm1 Model: [asm1 mj

Curr. Time: ~ Stop Time: 1""1-2-----.

Figure 8.3: Front panel of the SIMBA simulation package

The results are shown for every of the process tanks and variables as follows:
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8.8.2.1 Dynamic behaviour of the influent (point h1) in Mitchell Plain wastewater plant

simulated over a period of 100 days for total sludge age of 16 days at 22 C
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Figure 8.4: The dynamic behaviour of
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fraction at h l
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Figure 8.14: The dynamic
behaviour of nitrate nitrogen at h l
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Figure 8.11: The dynamic behavior of
readily biodegradable (soluble)
substrate fraction at hI
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8.8.2.2 Dynamic behaviour of the process variables after the anaerobic tank (point h2) in

Mitchell Plain activated sludge plant simulated over a period of 100 days for total

sludge age of 16 days at 22 C
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Figure 8.19: The dynamic behaviour of
biological (active) heterorrophic biomass
fraction at h2

Figure 8.20: The dynamic behaviour of
biological (active) autotrophic mass
fraction at h2
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Figure 8.21: The dynamic behaviour of
endogenous mass fraction at h2
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Figure 8.23: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at h2
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Figure 8.25: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h2
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8.8.2.3 Dynamic behaviour of the process variables after the anoxic tank (point h3) in

Mitchell Plain activated sludge plant simulated over a period of 100 days for total

sludge age of 16 days at 22 C
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Figure 8.34: The dynamic behaviour of
biological (active) heterotrophic biomass
fraction at h2
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8.8.2.4 Dynamic behaviour of the process variables after the aerobic tank (point h4) in

Mitchell Plain activated sludge plant simulated over a period of 100 days for total

sludge age of 16 days at 22 C
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fraction at h4
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8.8.3 Discussion of the obtained results

• The growth of heterotrophs within the various reaction zones.

The heterotrophs start to grow from 400 g COD / m3 to below 2200 g COD / m3 and the

growth rate remains uniformly constant after 10 days in the anaerobic reactor (see Figure

8.19) The growth rate of the heterotrophs remain unchanged in the anoxic and aerobic

reactors (see Figures 8.34 and 8.49) for the same period. The heterotrophs growth rate

have increased to 2200 g COD / m3 constant in the aerobic reactor (see Figure 8.49).
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Figure 8.61: The dynamic behavior of
unbiodegradable soluble substrate fraction
ath4
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• The growth of autotrophs within the various reaction zones.

The autotrophs start to decay from 100 g COD / m3 to reach a minimum of 95

g COD / m3 after 4 days and then attain a constant growth rate of 105 g COD / m3 after 50
days in the anaerobic reactor (see Figure 8.20). After the anaerobic tank the autotrophs
decays from below a 100 g COD / m3 to a minimum of 95 g COD / m3 after 4 days then
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Figure 8.63: The dynamic behaviour of
flow rate at h4
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grows to below a maximum of 106 g COD / m' in 50 days which remains fairly constant in
the anoxic reactor (see Figure 8.35). In the aerobic reactor the autotrophs start to decay
below 100 g COD / m3 with a constant growth rate in 50 days, and then remains constant
(see Figure 8.50).

• The dynamic behaviour of the readily biodegradable (soluble) substrate within the various

reaction zones.

The soluble substrate starts to grow from 5 g COD / m3 to a maximum of 9,5 before it

decays to below 4 g COD / ni", a constant baseline minimum value in 10 days in the
anaerobic reactor. (see Figure 8.26). The soluble substrate is insignificant and
approximately zero in the anoxic and aerobic zones (see Figures 8.41 and 8.56).

• The dynamic behaviour of ammonia nitrogen within the various reaction zones.

In the anaerobic reactor the ammonia nitrogen grows from 18 g N / m3 to just over 19

g N / m3 then decays to a constant 19 g N / m3 value (see Figure 8.27). The ammonia

nitrogen initially grows from 11,75 gN / m3to 13,4 gN / m3 in 5 days then remain constant
in the anoxic reactor. (see Figure 8.42). The ammonia nitrogen is minimal in the aerobic
reactor at 0,5 g N / m3 (see Figure 8.57).

• The dynamic behaviour of nitrates nitrogen within the various reaction zones

In the anaerobic tank the nitrates at zero days spike up to 5,2 gN / m3 whilst in the anoxic

tank after zero days it spike up to 8 g N / m". In the aerobic tank at zero days the

concentration is 18 g N / m3 and drops to a minimum of 7 gN / m3 after 2 days then

steeply ascends after 10 days to 10,5 gN / m3
• Then remains constant after 11 days at 11

gN/m3

• The dynamic behaviour of oxygen within the various reaction zones.

After the oxygen leaves the anaerobic reactor, it remains at a constant value of zero (seen
Figure 8.32). In the anoxic reactor the oxygen level is also zero (see Figure 8.47). After the
aerobic reactor the oxygen initially declines from 6 g COD / m3 to 2,9 g COD / m3 in 10
days and remain constant at that value (see Figure 8.62).
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8.9 Simulation of the Athlone plant on the basis of ASM1 full and reduced and UCT

full and reduced models

8.9.1 SIMBA diagrams

The Athlone plant structures and mass balances described in Chapter 4 are used to build

the SIMBA diagram of the plant. The reduced ASM1 models is simulated with the estimated

parameters and the reduced UCT model is simulated with the nominal parameters of the full

model in order to see the differences between the two models.The overall diagram is given

in Figure 8.64. The exact connections between the tanks are given in Figure 8.65.

320~3e58002Li :;
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Figure 8.64: A schematic SIMBA diagram of the overall Athlone wastewater treatment plant

Fil. Edit ..... SónWtion _ rook

FlowlR

Figure 8.65: A schematic SIMBA diagram of the internal structure of the Athlone wastewater

treatment plant
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8.9.2 Results from the simulation of the Athlone plant with the full and reduced ASM1
biological models

The results are given according to the point of measurement and for full and reduced ASM1

model in order to see the differences in the process dynamic behaviour.

8.9.2.1 Dynamic behaviour of the anaerobic tank input (point h1) for Athlone wastewater plant

simulated over a period of 100 days for total sludge age of 20 days at 22 C
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Figure 8.66a: The dynallric behaviour
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Figure 8.67a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at hl for ASMI full model
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Figure 8.68a: The dynallric behaviour of
inert mass fraction at hI for ASMI full
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Figure 8.66b: The dynallric behaviour
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Figure 8.67b: The dynamic behaviour of
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fraction at III for ASMI reduced model

eo
·tfl]

Figure 8.68b: The dynamic behaviour of
inert mass fraction at hl for ASMI
reduced model
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Figure 8.70a: The dynamic behaviour of
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Figure 8.71a: The dynantie behaviour of
biological (active) autotrophic mass
fraction at hI for ASMI full model
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Figure 8.69b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h'l for ASMI reduced model

Figure 8.70b: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at hl for ASMJ reduced model
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Figure 8.71b: The dynamic behaviour of
biological (active) autotrophic mass
fraction at hl for ASMI reduced model
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Figure 8.74a: The dynamic behaviour of
nitrate nitrogen at hl for ASMI full model
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Figure 8.77a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
hl for ASMI full model
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Figure 8.75b: The dynamic behaviour of
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Figure 8.76b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at hl for ASMI reduced model

Figure 8.77b: The dynamic behaviour of
biodegradable soluble organic nitrogen at
hl for ASMI reduced model
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Figure 8.79a: The dynamic behaviour
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Figure 8.80a: The dynamic behaviour
of chemical oxygen demand at h l for
ASMI full model
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of chemical oxygen demand at hI for
ASMI reduced model
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Figure 8.81a: The dynamic behaviour
of nitrogen at 111for ASMI full model
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Figure 8.82a: The dynamic behaviour of
total Kjedahl nitrogen at for ASMI full
model
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Figure 8.81b: The dynamic behaviour
of nitrogen at hl for ASM! reduced
model
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Figure 8.82b: The dynamic behaviour of
total Kjedahl nitrogen at for ASMI
reduced model



8.9.2.2 Dynamic behaviour of the process variables after the anaerobic tank (point h2) in Athlone

wastewater plant simulated over a period of 100 days for total sludge age of 20 days at 22 CO
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Figure 8.83a: The dynamic behaviour of
unbiodegradable soluble substrate at h2
for ASMI full model
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Figure 8.84a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h2 for ASMI full model
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Figure 8.83b: The dynamic behaviour of
unbiodegradable soluble substrate at h2
for ASMI reduced model
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Figure 8.84b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h2 for ASMI reduced model



Figure 8.85a: The dynamic behaviour of
inert mass fraction at h2 for ASMI fuU
model
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Figure 8.86a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h2 for ASMI full model
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Figure 8.87a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at for ASl\l1 full model
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Figure 8.85b: The dynamic behaviour of
inert mass fraction at h2 for ASMJ
reduced model

Figure 8.86b: 111edynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at b2 for ASl\l1 reduced model
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Figure 8.87b: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h2 for ASMI reduced model
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Figure 8.88a: The dynamic behaviour of
biological (active) autotrophic mass
fraction at for ASMI full model

Figure 8.88b: The dynamic behaviour of
biological (active) autotrophic mass
fraction at h2 for ASMI reduced model
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Figure 8.89a: The dynamic behaviour of
endogenous mass fraction at h2 for ASMI
full model

Figure 8.89b: The dynamic behaviour of
cndogenous mass fraction at h2 for ASMJ
reduced model
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Figure 8.90a: The dynamic behaviour of
oxygen at h2 for ASMI full model

Figure 8;90b: The dynamic behaviour of
oxygen at h2 for ASMI reduced model
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Figure 8.91a: The dynamic behaviour of
nitrate nitrogen at h2 for ASMI full
model

Figure 8.92a: The dynamic behaviour of
ammonia nitrogen at h2 for ASMI full
model

05'~"--~~--~~--*m--~~--~~~
I {~I

Figure 8.93a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h2 for ASMI full model
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Figure 8.91b: The dynamic behaviour of
nitrate nitrogen at h2 for ASMI reduced
model

" ro
I I~J

Figure 8.92b: The dynamic behaviour of
ammonia nitrogen at h2 for ASMJ
reduced model
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Figure 8.93b: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h2 for ASMI reduced model
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Figure 8.94a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h2 for :\SM1 full model
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Figure 8,95a: The dynamic behaviour of
alkalinity at h2 for :\SM1 full model
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Figure 8.96a: The dynamic behaviour of
flow rate at h2 for :\SMI full model
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Figure 8.94b: The dylla'"micbehaviour of
biodegradable particulate organic nitrogen
fraction at h2 for ASMI
reduced model

Figure 8.95b: The dynamic behaviour of
alkalinity at b2 for :\8M1 reduced model
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Figure 9.96b: The dynamic behaviour of
flow rate at h2 for ASMI reduced model
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Figure 8.97a: The dynamic behaviour of
chemical oxygen demand at h2 for ASl\11
full model

Figure 8.98a: The dynamic behaviour of
nitrogen at h2 for ASl\11 full model
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Figure 8.99a: The dynamic behaviour of
total Kjedahlnitrogen at h2 for AS1\11full
model
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Figure 8.97b: The dynamic behaviour of
chemical oxygen demand at h2 for ASl\11
reduced model
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Figure 8.98b: The dynamic behaviour of
nitrogen at h2 for AS1\11reduced model

Figure 8.99b: The dynamic behaviour of
total Kjedahl nitrogen at h2 for A81\11
reduced model



8.9.2.3 Dynamic behaviour of the process variables after the anoxic tank (point h3) in

Athlone wastewater plant simulated over a period of 100 days for total sludge age of

20 days at 22 Co
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Figure 8.100a: The dynamic behaviour of
unbiodegradable soluble substrate at h3
for ASMI full model
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Figure 8.101a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at 113for ASMI full model
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Figure 8.100b: The dynamic behaviour of
unbiodegradable soluble substrate at h3
for ASMI reduced model
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Figure 8.101b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at 113for ASMI reduced model
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Figure 8.102a: The dynamic behaviour of
inert mass fraction at h3 for ASMI full
model
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Figure 8.103a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h3 for ASMI full model
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Figure 8.104a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h3 for ASMI full model
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Figure 8.102b: The dynamic behaviour of
inert mass fraction at h3 for ASMI
reduced model
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Figure 8.103b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h3 for ASMI reduced model
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Figure 8.104b: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h3 for ASMI reduced model
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Figure 8.105a: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at h3 for ASMI full model
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Figure 8.106a: The dynamic behaviour of
endogenous mass fraction at h3 for ASMI
full model
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Figure 8.107a: The dynamic behaviour of
oxygen at h3 for ASMI full model
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Figure 8.105b: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at h3 for ASMI reduced model
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Figure 8.106b: The dynamic behaviour of
endogenous mass fraction at h3 for ASMI
reduced model
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Figure 8.107b: The dynamic behaviour of
oxygen at hê.for ASMI reduced model
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Figure 8.108a: The dynamic behaviour of
nitrate nitrogen at h3 for ASMI full model

c

'", I.

Figure 8.109a: Tbe dynamic behaviour of
ammonia nitrogen at h3 for ASMI full
model
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Figure 8.110a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h3 for ASMI full model
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Figure 8.108b: The dynamic behaviour of
nitrate nitrogen at bj for ASMI reduced
model
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Figure 8.109b: The dynamic behaviour of
ammonia nitrogen at h3 for ASMI
reduced model
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Figure 8.110b: The dynamic behaviour
of biodegradable soluble organic
nitrogen at b3 for ASMI reduced model
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Figure 8.111a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h3 for ASMI full model
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Figure 8.112a: The dynamic behaviour of
alkalinity at h3 for ASMI full model
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Figure 8.113a: The dynamic behaviour of
flow rate at h3 for ASMI fuU model
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Figure 8.111b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at b3 for ASMI reduced model
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Figure 8.112b: The dynamic behaviour of
alkalinity at h3 for ASMI reduced model
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Figure 8.113b: The dynamic behaviour of
flow rate at h3 for ASMI reduced model
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Figure 8.114a: The dynamic behaviour
of chemical oxygen demand at h3 for
ASMI full model

~ " "

.,
lld!

Figure 8.115a: The dynamic behaviour of
nitrogen at h3 for ASMI full model

Figure 8.116a: The dynamic behaviour of
total Kjedahl nitrogen at h3 for ASMI full
model
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Figure 8.114b: '[be dynamic behaviour of
chemical oxygen demand at h3 for ASMI
reduced model
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Figure 8.115b: The dynamic behaviour of
nitrogen at h3 for ASMI reduced model
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Figure 8.116b: The dynamic behaviour of
total Kjedahl nitrogen at h3 for ASlVll
reduced model



8.9.2.4 Dynamic behaviour of the process variables after the aerobic tank (point h4) in

Athlone wastewater plant simulated over a period of 100 days for total sludge age of
20 days at 22 C
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Figure 8.117a: The dynamic behaviour of
unbiodegradable soluble substrate at h4
for ASMI fuU model
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Figure 8.118a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h4 for A81\11 full model
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Figure 8.117b: The dynamic behaviour of
unbiodegradable soluble substrate at 114 for
ASMI reduced model
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Figure 8.118b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h4 for ASMI reduced model
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Figure 8.119a: The dynamic behaviour of
inert mass fraction at h4 for ASM1 full
model
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Figure 8.120a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h4 for ASMI full model
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Figure 8.121a The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h4 for ASMI full model
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Figure 8.119b: The dynamic behaviour of
inert mass fraction at h4 for ASMI
reduced model
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Figure 8.120b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h4 for ASMI reduced model
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Figure 8.121b: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h4 for ASMI reduced model



Figure 8.122a: The dynamic behaviour of
biological (active) autotrophic mass
fraction at b4 for ASMI full model

Figure 8.122b: The dynamic behaviour of
biological (active) autotrophic mass
fractiou at h4 for ASMI reduced model
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Figure 8.123a: The dynamic behaviour of
endogenous mass fraction at h4 for ASMI
full model

Figure 8.123b: The dynamic behaviour
of endogenous mass fraction at h4 for
ASM 1 reduced model
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Figure 8.124a: The dynamic behaviour of
oxygen at h4 for ASMI full model

Figure 8.124b: The dynamic behaviour of
oxygen at h4 for ASMI reduced model
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Figure 8.125a: The dynamic behaviour of
nitrate nitrogen at 114for ASMI full model
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Figure 8.126a: The dynamic behaviour of
ammonia nitrogen at h4 for ASMI full
model
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Figure 8.127a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h4 for ASMI full model
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Figure 8.125b: The dynamic behaviour of
nitrate nitrogen at h4 for ASMI reduced
model
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Figure 8.126b: The dynamic behaviour of
ammonia nitrogen at h4 for ASMI
reduced model
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Figure 8.127b: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h4 for ASMI reduced model
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Figure 8.128a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at 114 for ASM1 full model
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Figure 8.129a: The dynamic behaviour of
alkalinity at h4 for ASMI full model

12·1D•

"

Figure 8.130a: The dynamic behaviour of
flow rate at h4 for ASM1 full model
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Figure 8.128b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h4 for ASMI reduced model
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Figure 8.129b: The dynamic behaviour of
alkalinity at b4 for ASMI reduced model
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Figure 8.130b The dynamic behaviour of
flow rate at h4 for AS~H reduced model
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Figure 8.131a: The dynamic behaviour of
chemical oxygen demand at h4 for ASMI
fuU model
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Figure 8.132a: The dynamic behaviour of
nitrogen at h4 for ASMI full model
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Figure 8.133a: The dynamic behaviour of
total Kjedahl nitrogen at h4 for ASMI full
model
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Figure 8.131b: The dynamic behaviour of
chemical oxygen demand at h4 for ASMI
reduced model
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Figure 8.132b: The dynamic behaviour of
nitrogen at h4 for ASMI reduced model
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Figure 8.133b: The dynamic behaviour of
total Kjedahlnitrogen at h4 for ASMI
reduced model



8.9.2.5 Discussion of the results

The graphs of the variables at the points h1, h2, h3 and h4 are all exactly the same for the

ASM1 fullmodel and the ASM1 reduced model.

• The growth of heterotrophs within the various reaction zones.
After the anaerobic tank the hetertrophs are at 750 g COD I m3 at zero day and decay

down to 250 g COD I m3 after 10 days then further decay to 240 g COD I m3 after 15 days
and remain constant (See Figures 8.85a & 8.85b). In the anoxic tank the heterotrophs
follow a similar pattern from 750 g COD I m3 at zero day decay to 250 g COD I m' after 10

days and then a further to 240 g COD I m3 at 15 days with a constant concentration after
that (See Figures 8.102a & 8.102b). In the aerobic tank the heterotrophs are at 750
g COD I m3 at zero day decaying to 260 g COD I m3 after 10 days, then from 15 days have

a stable concentration of 240 g COD I m3 (See Figures 8.119a & 8.119b ).

• The growth of autotrophs within the various reaction zones.
In the anaerobic tank the autotrophs are 37 g COD I m3 at zero days, then decaying to 18

g COD I m' after 10 days, then stabilizing after 20 days at 14 g COD I m3 which remains
constant after that value (See Figures 8.86a & 8.86b). In the anoxic tank the autrotrophs are
at 40 g COD I m3 at zero days, then decaying to 18after 10 days whilst remaining constant

after 40 days at 15 g COD I m3 (See Figures 8.103a & 8.103b). In the aerobic tank the

autotrophs are at 39 g COD I m3 at zero days decaying to 19 g COD I m3 after 10 days

then remaining constant at 15 g COD I m3 after 40 days (See Figures 8.120a & 8.120b).

• The dynamic behaviour of the readily biodegradable (soluble) substrate within the various
reaction zones.
In the anaerobic tank the soluble substrate is at 4 g COD I m3 for zero days increasing to 5

gCODlm3 after 10 days, then remaining constant (stable) at this concentration (See

Figures 8.82a & 8.82b). In the anoxic tank the soluble substrate is at 5 g COD I m' for zero

days dropping down to 2,5 g COD I m3 at zero days, and after 10 days at 3 g COD I m3

which remains constant (See Figures 8.99a & 8.99b). In the aerobic tank the soluble
substrate is at 6 g COD I m3 for zero days dropping down to 2 g COD I m3 for zero days

then slightly increasing to 2,5 g COD I m3 after 10 days and remaining constant at that
concentration (See Figures 8.116a & 8.116b).

• The dynamic behaviour of ammonia nitrogen within the various reaction zones.
In the anaerobic tank the ammonia is at 7 g NI m3 for zero days dropping to 3,2 g NI m3

for zero days. After 5 days the concentration is at a minimum of 3 gNI m3 then slightly

increases to 3,2 gNI m3 after 20 days which remains constant at that value (See Figures

8.90a & 8.90b). In the anoxic tank the ammonia is at 3,2 gN I m3 for zero days and drops to
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1,6 g N / m3 for zero days (minimum) which slightly increases to 1,8 g N / m3 after 20 days
and remains constant at this concentration (See Figures 8.107a & 107b). In the aerobic
tank the ammonia is at 2 g N / m3 for zero days dropping to 0,2 g N / m3 for zero days

(minimum) which then slightly increases to 0,4 g N / m3 for 20 days which remain constant
after that concentration (See Figures 8.124a & 8.124b).

• The dynamic behaviour of nitrates nitrogen within the various reaction zones
In the anaerobic tank the nitrates are 4,5 g N / m3 for zero days which increases to 25

g N / m' after 10 days. Then after 20 days the concentration is 27 g N / m3 after which it
remains constant (See Figures 8.89a & 8.89b). In the anoxic tank the nitrates are at 7,5
g N / m3 for zero days which increases to 28 g N / m3 after 10 days. Then thereafter 40

days at 30 g N / m3 which remains constant (See Figures 8.106a & 8.106b). In the aerobic

tank the nitrates are at 8 g N / m3 for zero days and increases to 27,5 g N / m3 for 10 days.

Then after 30 days the concentration is 31 g N / m3 (See Figures 8.123a & 8.123b).

• The dynamic behaviour of oxygen within the various reaction zones.
In the anaerobic tank the oxygen is at zero concentration for zero days and slightly
increased to 0,08 g COD / m 3 after 10 days. The concentration of oxygen stabilizes at 20
days to 0,1 g COD / m 3 and remains constant (See Figures 8.88a & 8.88b). In the anoxic
tank the oxygen starts at zero concentration to 2 g COD / m 3 for zero days. Then increases
to 4 g COD / m 3 for 10 days and after 20 days has a constant value of 4,4 g COD / m 3 (See
Figures 8.105a & 8.105b). In the aerobic tank the oxygen is at 1,8 g COD / m 3 increasing to
5,8 g COD / m 3 for zero days. Then increases to 6,8 g COD / m 3 for 10 days and after 20
days has a constant value of 6,9 g COD / m 3 (See Figures 8.122a & 8.122b).
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8.9.3 Results from the simulation of the Athlone plant models using the full and reduced

UCT biological models

8.9.3.1 Dynamic behaviour of the anaerobic tank input (point h1) in wastewater for Athlone

plant simulated over a period of 100 days for total sludge age of 20 days at 22 C
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Figure 8.134a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at hI, full VeT model

Figure 8.135a: The dynamic behaviour of
biological (active) autotrophic biomass
fractiou at hl full VeT model
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Figure 8.136a: The dynamic behaviour of
endogenous mass fraction at hf full VeT
model
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Figure 8.134b: The dynamic bebaviour of
biological (active) heterotrophic mass
fraction, VeT reduced model at bl
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Figure 8.135b: The dynamic behaviour of
biological (active) autotrophic biomass
fraction VeT reduced model at bl
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Figure 8.136b: The dynamic behaviour of
endogenous mass fraction vcr reduced
model at hl
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Figure 8.137a: The dynamic behaviour of
inert mass fraction at hI, full veT model
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Figure 8.138a: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at hI full VCT model
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Figure 8.139a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at hI full VCT model
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Figure 8.137b: The dynamic behaviour of
inert mass fraction at hl , VCT reduced
model
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Figure 8.138b: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at bl VCT reduced model

Figure 8.139b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at hl VCT reduced model
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Figure 8.140a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at hf full U'C'I' model

Figure 8.141a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at hl full U'C'Fmodel

Figure 8.l42a: The dynamic behaviour of
ammonia nitrogen at hl full UeT model
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Figure 8.140b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at hl VeT reduced model

Figure 8.141b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at hI UeT reduced model
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Figure 8.142b The dynamic behaviour of
ammonia nitrogen fraction at hf UeT
reduced model
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Figure 8.143a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
hl fuU UeT model
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Figure 8.144a: The dynamic behaviour of
nitrate nitrogen at h l UeT full model
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Figure 8.145a: The dynamic behaviour of
alkalinity at h l UeT full model
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Figure 8.143b: The dynamic behaviour of
biodegradable soluble organic nitrogen
fraction at ht ucr reduced model
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Figure 8.144b: The dynamic behaviour of
nitrate nitrogen fraction at hf UeT
reduced model
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Figure 8.145b: The dynamic behaviour of
alkalinity at hI UeT reduced model
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Figure 8.l46a: The dynamic behaviour of
unbiodegradable soluble substrate at hI
VCT full model
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Figure 8.l47a: The dynamic behaviour of
oxygcn at hI in wastewater VCT full model

'1~1

",~-;';;---=-~--~~ so~-=---o-----=--=-~
".

Figure 8.l48a: The dynamic behaviour of
flow rate at hl VCT full model
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Figure 8.l46b: The dynamic behaviour of
unbiodegradable soluble substrate fraction
at hI vcr reduced model
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Figure 8.l47b: The dynamic behaviour of
oxygen at hl VCT reduced model

",;--;';;---O;;__---,:;--~~m,----~~~_;';;_~O;;__~
lidJ--~-~--~~~----~----~~~

Figure 8.148b: The dynamic behaviour of
flow rate at h l vcr reduced model



8.9.3.2 Dynamic behaviour of the process variables after the anaerobic tank (point h2) in

Athlone wastewater plant simulated over a period of 100 days for total sludge age of

20 days at 22 C
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Figure 8.149a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h2 UeT full model
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Figure 8.150a: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at UeT full model at h2
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Figure 8.149b: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h2 UeT reduced model
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Figure 8.150b: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at h2 lIeT reduced model
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Figure 8.151a: The dynamic behaviour of
endogenous mass fraction at h2 VeT fuU
model
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Figure 8.152a: The dynamic behaviour of
inert mass fraction at b2 VeT full model
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Figure 8.153a: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at b2 VeT full model
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Figure 8.151b: The dynamic behaviour of
endogenous mass fraction at h2 VeT
reduced model
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Figure 8.152b: The dynamic behaviour of
inert mass fraction at h2 vcr reduced
model
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Figure 8.153b: '[he dynamic behaviour of
adsorbed slowly biodegradable substrate
at h2 VeT reduced model
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Figure 8.154a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h2 UeT full model
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Figure 8.155a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h2 UeT full model
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Figure 8.156a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h2 UeT full model
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Figure 8.154b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h2 UeT reduced model

Figure 8.155b: 'file dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h2 UeT reduced model
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Figure 8.156b: The dynamic behaviour of
readily biódegradahle (soluble) substrate
fraction at h2 UeT reduced model
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Figure 8.157a: The dynamic behaviour of
ammonia nitrogen at h2 VCT full model
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Figure 8.158a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h2 VCT full model
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Figure 8.159a: The dynamic behaviour of
nitrate nitrogen at h2 UCf full model
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Figure 8.157b: The dynamic behaviour of
ammonia nitrogen fraction at h2 VCT
reduced model
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Figure 8.158b: The dynamic behaviour of
biodegradable soluble organic nitrogen
fraction at h2 LlC'I' reduced model
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Figure 8.159b: The dynamic behaviour of
nitrate nitrogen fraction at h2 VCf
reduced model
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Figure 8.160a: The dynamic behaviour of
alkalinity at h2 VeT full model
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Figure 8.161a: The dynamic behaviour of
unbiodegradable soluble substrate at h2
VeT full model
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Figure 8.162a: The dynamic behaviour of
oxygen at h2 UeT full model
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Figure 8.160b: The dynamic behaviour of
alkalinity at h2 VeT reduced model
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Figure 8.161b: The dynamic behaviour of
unbiodegradable soluble substrate fraction
at h2 VeT reduced model
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Figure 8.162b: The dynamic behaviour of
oxygen at h2 veT reduced model
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Figure 8.163a: The dynamic behaviour of
flow rate at h2 UeT full model
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Figure 8.163b: The dynamic behaviour of
flow rate at h2 UeT reduced model

8.9.3.3 Dynamic behaviour of the process variables after the anoxic tank (point h3)

for Athlone wastewater plant simulated over a period of 100 days for total sludge age
of 20 days at 22 Co

@~,~~~~~--~ro~~~-7~~
!f~1

Figure 8.164a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h3 UeT full model
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Figure 8.164b: The dynantie behaviour of
biological (active) heterotrophic mass
fraction at h3 UeT reduced model
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Figure 8.165a: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at b3 full VeT model
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Figure 8.166a: Tbc dynamic behaviour of
endogenous mass fraction at h3 vcr full
model

1./:=/
".
",

Figure 8.167a: The dynamic behaviour of
inert mass fraction at b3 VeT full model
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Figure 8.165b: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at h3 VeT reduced model

Figure 8.166b: The dynamic behaviour of
endogenous mass fraction at h3 VeT
reduced model

Figure 8.167b: The dynamic behaviour of
inert mass fraction VeT reduced model at
h3
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Figure 8.168a: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at h3 VCT full model

Figure 8.169a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h3 VCT full model
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Figure 8.170a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at b3 VeT full model
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Figure 8.168b: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at h3 VeT reduced model
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Figure 8.169b: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at b3 VCT reduced model
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Figure 8.170b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at h3 VeT reduced model
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Figure 8.171a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h3 UCT fun model
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Figure 8.172a: The dynamic behaviour of
ammonia nitrogen at h3 in UCT full model
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Figure 8.173a: The dynamic behaviour of
biodegradable soluble organic nitrogen at
h3 UCT full model
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Figure 8.171b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at hj UCT reduced model
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Figure 8.172b: The dynamic behaviour of
ammonia nitrogen fraction at h3 UCT
reduced model

Figure 8.173b: Tbc dynamic behaviour of
biodegradable soluble organic nitrogen
fraction UCT reduced model at h3
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Figure 8.174a: The dynamic behaviour of
nitrate nitrogen at h3 VCT full model
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Figure 8.175a: The dynamic behaviour of
alkalinity at h3 UCT full model

I~

Figure 8.176a: The dynamic behaviour
of unbiodegradable soluble substrate at
h3 UCT full model
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Figure 8.174b: The dynamic behaviour of
nitrate nitrogen fraction at 113UCT
reduced model
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Figure 8.175b: The dynamic behaviour of
alkalinity at h3 VCT reduced model
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Figure 8.176b: The dynamic behaviour of
unbiodegradable soluble substrate fraction
at h3 UCT reduced model
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Figure 8.177a: The dyuamic behaviour of
oxygen at h3 UeT full model
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Figure 8.177b: The dynamic behaviour of
oxygen at h3 UeT reduced model

8.9.3.4 Dynamic behaviour of the process variables after the aerobic tank (point h4) in

Athlone wastewater plant simulated over a period of 100 days for total sludge
age of 20 days at 22 Co
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Figure 8.178a: The dynamic behaviour of
biological (active) heterotrophic mass
fraction at h4 UeT full model
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Figure 8.178b: 111C dynamic behaviour of
biological (active) heterotrophic mass
fraction at h4 UeT reduced model



Figure 8.179a: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at 114DCT full model
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Figure 8.180a: The dynamic behaviour of
endogenous mass fraction at h4 Der full
model
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Figure 8.181a: The dynamic behaviour of
inert mass fraction at h4 DCT full model
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Figure 8.179b: The dynamic behaviour of
biological (active) autotrophic biomass
fraction at h4 DCT reduced model
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Figure 8.180b: The dynamic behaviour of
endogenous mass fraction at h4 DCT
reduced model
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Figure 8.181b: The dynamic behaviour of
inert mass fraction at h4 DCI' reduced

-model
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Figure 8.182a: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at h4 UCT full model
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Figure 8.183a: The dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h4 UCT full model
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Figure 8.184a: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at b4 UCT full model
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Figure 8.182b: The dynamic behaviour of
adsorbed slowly biodegradable substrate
fraction at b4 UCT reduced model
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Figure 8.183b: Tbe dynamic behaviour of
enmeshed slowly biodegradable substrate
fraction at h4 UCT reduced model
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Figure 8.184b: The dynamic behaviour of
biodegradable particulate organic nitrogen
fraction at MUCT reduced model
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Figure 8.185a: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at b4 VCT full model

.,
tldl

Figure 8.186a: The dynamic behaviour of
ammonia nitrogen at h4 VCT full model
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Figure 8.187a: The dynamic behaviour
of biodegradable soluble organic
nitrogen fraction at h4 VCT full model
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Figure 8.185b: The dynamic behaviour of
readily biodegradable (soluble) substrate
fraction at h4 UCT reduced model
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Figure 8.186b: The dynamic behaviour of
ammonia nitrogen fraction at h4 VCT
reduced model

Figure 8.187b: The dynamic behaviour
of biodegradable soluble organic
nitrogen fraction at .h4vcr reduced
model
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Figure 8.188a: The dynamic behaviour of
nitrate nitrogen at h4 VCT full model
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Figure 8.189a: The dynamic behaviour of
alkalinity at h4 VCT full model
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Figure 8.190a: The dynamic behaviour of
unbiodegradable soluble substrate at h4
VCT full model
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Figure 8.188b: The dynamic behaviour of
nitrate nitrogen fraction at h4 DCT
reduced model
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Figure 8.189b: The dynamic behaviour of
alkalinity at h4 VCT reduced model

Figure 8.190b: The dynamic behaviour of
unbiodegradable soluble substrate fraction
at h4 VCT reduced model
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Figure 8.191a: The dynamic behaviour of
oxygen at h4 OCT full model
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Figure 8.192a: The dynamic behaviour of
flow rate at h4 VCT full model
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Figure 8.191b: The dynamic behaviour of
oxygen at h4 VCT reduced model

12.10"

Figure 8.192b: The dynamic behaviour of
flow rate at h4 OCT reduced model

8.9.4 Discussion of the results

The influent zone for the heterotrophic biomass for the Athlone plant full UCT model grows

from 700 g COD / m' to 1200 g COD / m3 after 10 days and remains constant after 10 days

(see Figure 8.132a) whilst for the Athlone plant reduced model the heterotrophic biomass

grows from 500 g COD / m3 to 840 g COD / m3 after 50 days and remain constant at that

value. (see Figure 8.132b). The influent zone for autotrophic biomass for the Athlone plant

full UCT model decays from 100 g COD / m3 to 60 g COD / m3 after 15 days and remains

at this constant baseline (see Figure 8.133a) whilst the Athlone plant reduced UCT model
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remains constant at 80 gCOD/m3 (see Figure 8.135b). In the influent zone the enmeshed

slowly biodegradable substrate in the Athlone plant full UCT model remains at a constant

100 gCOD/m3 for a period of a 100days (see Figure 8.137a) whilst the Athlone plant

reduced UCT model grows from 0 g COD / m3 to 5100 g COD / m3 after 60 days and

remain constant (see Figure 8.137b). In the influent zone the biodegradable particulate

organic nitrogen in the Athlone plant full UCT model grows from 2,2 g COD / m3 to 2,6

g COD / m3 after 10days and remains constant at that value (see Figure 8.138a) whilst the

Athlone reduced UCT model remains constant at 0,6 g N / m3 (see Figure 8.138b). In the

influent zone the biodegradable soluble organic nitrogen in the Athlone plant full UCT model

grows from 1,4 g N / m3 and reaches a maximum at 1,45 g NI m3 then decays to 1,38

after 5 days and remains constant (see Figure 8.141a) whilst the Athlone plant reduced

UCT model remains fairly constant at zero (see Figure 8.141b). In the influent zone the

nitrate nitrogen in the Athlone plant full UCT model decays from 12 g N / m3 to 6,8

g N I m3 after 4 days and remains constant at that value (see Figure 8.142a) whilst the

Athlone plant reduced UCT model grows from 12 g N / m3 to 25 g N / m3 after 4 days and

remains constant at that value (see figure 8.142b). In the influent zone the oxygen in the

Athlone plant full UCT model decays from 8 x 10-4g COD / m' to above 3 x 10-4

g COD / m' and level out to 3,7 x 10-4g COD / m3 after 40 days and remain at a constant

value (see Figure 8.145a) whilst in the Athlone plant reduced UCT model decays from

2 x 10-4g COD / m3 to 1,8x 10-4 g COD / m3 leveling off after 40 days at that value (see

Figure 8.145b).

After the anaerobic reactor the heterotrophic biomass for the Athlone plant full UCT model

grows from 400 g COD / m3 to 780 g COD / m3 in 10 days and remain constant at that

value (see Figure 8.147a) whilst the Athlone plant reduced UCT model undergoes a gradual

increase in growth rate from 400 g COD / m3 to 780 g COD / m3 after 50 days then remains

at constant value (see Figure 8.147b). After the anaerobic reactor the autotrophic biomass

for the Athlone full UCT model decays from 80 g COD / m3 to 45 g COD / m3 after 15 days

and remain constant at that value (see Figure 8.148a) whilst the Athlone plant reduced UCT
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model gradually increases to 78 g COD / m3 after 20 days and remains constant at that

value (see Figure 8.148b). After the anaerobic reactor the endogenous biomass for the

Athlone plant full UCT model grows from 0 g COD / m3 to 700 g COD / m3 after 60 days

and remain constant at that value (see Figure 8.149a) whilst the Athlone plant reduced UCT

model decays from 0,008 gCOD/m3 to zero (see Figure 8.149b). After the anaerobic

reactor the adsorbed slowly biodegradable substrate for the Athlone plant full UCT model

grows from 65 g COD / m3 to 125 g COD / m3 after 10 days and remain constant at that

value (see Figure 8.151a) whilst the Athlone plant reduced UCT model does not deviate

from the value of zero. (see Figure 8.151b).After the anaerobic reactor the enmeshed

slowly biodegradable substrate for the Athlone plant full UCT model decays from 32

g COD / m3 to 22 g COD / m3 after 10 days and remain constant at that value (see Figure

8.152a) whilst the Athlone plant reduced UCT model grows from zero to 5100 g COD / m3

after 60 days and remain constant at that value (see Figure 8.152b). After the anaerobic

reactor biodegradable particulate organic nitrogen for the Athlone plant full UCT model

grows from 1,9 g COD / m3 to 3,6 g COD / m3 after 10 days and remain constant at that

value (see Figure 8.153a) whilst the Athlone plant reduced UCT model remains constant at

0,3 g N / m3 (see Figure 8.153b). After the anaerobic reactor the biodegradable soluble

organic nitrogen for the Athlone plant full UCT model decays from 1,02 g N / m3 to 0,03

g N / m3 after 10 days and remain constant at that value (see Figure 8.156a) whilst the

Athlone plant reduced UCT model decays gradually from 0,8 g N / m3 to 0,4 g N / m3 after

30 days and remain constant at that value (see Figure 8.156b). After the anaerobic reactor

the nitrate nitrogen for the Athlone plant full UCT model decays from 7,8 g N / m3 to 1,8

gN / m3 after 5 days and remain constant at that value (see Figure 8.157a) whilst the

Athlone plant reduced UCT model grows from 14 g N / m3 to 22 g N / m3 after 5 days and

remain constant at that value (see Figure 8.157b).

After the anoxic reactor the heterotrophic biomass for the Athlone plant full UCT model

grows rapidly from 500 g COD / m3 to 1000 g COD / m3 after 10 days and remain constant

at that value (see Figure 8.162a) whilst the Athlone plant reduced UCT model gradually

grows from 540 g COD / m' to 1200 g COD / m3 after 60 days and remain constant at that
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value (see Figure 8.162b). After the anoxic reactor the autotrophic biomass for the Athlone

plant full UCT model decays from 105 g COD I m3 to 55 g COD I m3 after 50 days and

remain constant at that value (see Figure 8.163a) whilst the Athlone plant reduced UCT

model grows from 150 g COD I m3 to 148 g COD I m3 after 70 days and remain constant at

that value (see Figure 8.163b). After the anoxic reactor the endogenous biomass for the

Athlone plant full UCT model grow gradually from zero to 940 g COD I m3 after 70 days and

remain constant at that value (see Figure 8.164a) whilst the Athlone plant reduced UCT

model decays from 0,04 gCODlm3 to zero (see Figure 8.164b). After the anoxic reactor

the adsorbed slowly biodegradable substrate for the Athlone plant full UCT model remains

at a constant value of 53 g COD I m3 (see Figure 8.166a) whilst the Athlone plant reduced

UCT model remains at a value of zero (see Figure 8.166b). After the anoxic reactor the

enmeshed slowly biodegradable substrate for the Athlone plant full UCT model decays from

8 g COD I m3 to 5,2 g COD I m3 after 10 days and remain constant at that value (see

Figure 8.167a) whilst the Athlone plant reduced UCT model grows from zero to 6800

gCODlm3 after 60 days and remain constant at that value (see Figure 8.167b). After the

anoxic reactor the biodegradable particulate organic nitrogen for the Athlone plant full UCT

model grows from 2,2 g COD I m' to 2,9 g COD I m3 after 10days and remain constant at

that value (see Figure 8.170a) whilst the Athlone plant reduced UCT model remains

constant at 0,05 gNI m3 value (see Figure 8.168b). After the anoxic reactor the ammonia

nitrogen for the Athlone plant full UCT model gradually grows from 2,0 gNI m3 to 2,5

gNI m3 after 10 days and remain constant at that value (see Figure 8.170a) whilst the

Athlone plant reduced UCT model remains constant at 1,5 g NI m3 value (see Figure

8.170b). After the anoxic reactor the biodegradable soluble organic nitrogen for the Athlone

plant full UCT model decays from 1,25 g NI m3 to 1,13 g NI m3 after 10 days and remain

constant at that value (see Figure 8.171a) whilst the Athlone plant reduced UCT model

gradually decays from 0,25 gNI m3 to 0,1 g NI m3 after 30 days and remain constant at

that value (see Figure 8.171b). After the anoxic reactor the nitrate nitrogen for the Athlone

plant full UCT model decays from 15,8 g NI m3 to 9,0 g NI m3 after 5 days and remain.--

constant at that value (see Figure 8.172a) whilst the Athlone plant reduced UCT model
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grows from 15 g N/ m3 to 27 g N/ m3 after 5 days and remain constant at that value (see

Figure 8.172b).

After the aerobic reactor the heterotrophic biomass for the Athlone plant full UCT model

rapidly grows from 500 g COD / m3 to 1300 g COD / m3 after 10 days and remain constant

at that value (see Figure 8.176a) whilst the Athlone plant reduced UCT model gradually

grows from 500 g COD / m3 to 1050 g COD / m3 after 70 days and remain constant at that

value (see Figure 8.176b). After the aerobic reactor the autotrophic biomass for the Athlone

plant full UCT model decays from 105 gCOD / m3 to 50 gCOD / m3 after 40 days and

remain constant at that value (see Figure 8.177a) whilst the Athlone plant reduced UCT

model gradually grows from 110 g COD / m3 to 180 g COD / m3 after 80 days and remain

constant at that value (see Figure 8.177b). After the aerobic reactor the endogenous

biomass for the Athlone plant full UCT model gradually grows from zero to 920 g COD / m3

after 80 days and remain constant at that value (see Figure 8.178a) whilst the Athlone plant

reduced UCT model decays from 0,01 g COD / m3 to zero in 90 days (see Figure 8.178b).

After the aerobic reactor the adsorbed slowly biodegradable substrate for the Athlone plant

full UCT model gradually decays from 35 g COD / m3 to 30 g COD / m3 after 2 days and

remain constant at that value (see Figure 8.1820) whilst the Athlone plant reduced UCT

model remins constant at zero value (see Figure 8.180b). After the aerobic reactor the

enmeshed slowly biodegradable substrate for the Athlone plant full UCT model slowly

decays from 4,4 g COD / m3 to 3,8 g COD / m3 after 2 days and remain constant at that

value (see Figure 8.181a) whilst the Athlone plant reduced UCT model gradually grows

from zero to 6700 g COD / m' after 70 days and remain constant at that value (see Figure

8.181b). After the aerobic reactor the biodegradable particulate organic nitrogen for the

Athlone plant full UCT model grows from 1,9 g COD / m3 to 2,19 g COD / m3 after 10 days

and remain constant at that value (see Figure 8.182a) whilst the Athlone plant reduced UCT

model remains constant near zero (see Figure 8.182b). After the aerobic reactor the

biodegradable soluble organic nitrogen for the Athlone plant full UCT model gradually

decays from 1,43 gN / m3 to 1,40 g N/ m3 after 4 days and remain constant at that value

(see Figure 8.185a) whilst the Athlone plant reduced UCT model gradually decays from
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0,18 g N / m3 to 0,08 g N / m' after 10 days and remain constant at that value (see Figure

8.185b). After the aerobic reactor the nitrate nitrogen for the Athlone plant full UCT model

decays from 18 g N / m' to 11 g N / m3 after 6 days and remain constant at that value (see

Figure 8.186a) whilst the Athlone plant reduced UCT model grows from 18 g N / m3 to 33

g N / m3 after 5 days and remain constant at that value (see Figure 8.186b). After the

aerobic reactor the oxygen for the Athlone plant full UCT model decays from 4,0

g COD / m3 to 2,5 g COD / m3 after 8 days and remain constant at that value (see Figure

8.189a) whilst the Athlone plant reduced UCT model remains constant at 6,0 g COD / m3

value (see Figure 8.189b).

The results show that the use of the nominal parameters for the UCT reduced model can

not give the same dynamic behavior of the process variables. Estimation of some of the

parameters is necessary to be done

8.10 Conclusion

The problem for simulation of the activated sludge process (Katebi & Graells, 2005),

(Mazouni, Ignatova & Harmand, 2005), (Kletting, 2005 ), (Lije, Chai & Cong, 2005), (Alex,

Ogurek & Jumar, 2005), (Gernaey, Rosen, Batstone & Alex, 2004), (Hucka, 2003), (Rauch,

Aaiderink, Drebs, Snelling & Vanrolleghem, 1998) is solved using the simulator SIMBA. The

chapter starts with a comparative analysis of existing simulators and description of SIMBA

software.The derived at Chapter 3 and Chapter 4 mass balance equations of the Mitchels

Plain and Athlone plants based on UCT and ASM1 biological models are used to develop

the software for the simulation in SIMBA environment. The results of the Mitchell's Plain

(UCT), Athlone (ASM1) and Athlone (UCT) wastewater treatment plant variables behavior

are generated from the software implementation. The results are discussed. The dynamic

behaviour of the variables for the Athlone process described by ASM1 biological models are

the same for the full and reduced model. The results for the reduced and full UCT models

are not so close. The obtained results show that the use of reduced models requires

parameter estimation technique to find new values for the growth parameters. The software

and results for the sensitivity analysis and parameter estimation are shown in the next

chapter.

315



CHAPTER NINE

RESULTS FROM THE APPLICATION OF THE METHODS FOR SENSITIVITY

ANALYSIS AND PARAMETER ESTIMATION TO THE BENCHMARK AND ATHLONE

PLANTS

9.1. Introduction

The solution of the problems for sensitivity analysis and parameter estimation of the

Activated sludge process is described in Chapters 5 and 6 respectively. The methods

developed are implemented in the frameworks of the software environment of Matlab

and the results are presented in this chapter.

9.2. Sensitivity analysis of the Activated Sludge process

The sensitivity analysis of the wastewater treatment model process variables towards

the kinetic parameters is investigated in order to determine which parameters have to

be recalculated (estimated) during the real-time operation and control of the process.

The calculations are done for the reduced ASM1 and UCT models applied to the

Benchmark and Athlone plants structures.

9.2.1. Software for the sensitivity analysis

Four software programmes are developed in Matlab:

• Calculation of the sensitivity functions of the Benchmark process based on ASM1
reduced biological model: BASM1S.m, rateASM1.m

• Calculation of the sensitivity functions of the Benchmark process based on UCT
biological model: BUCTS1.m, rateBUCTS.m

• Calculation of the sensitivity functions of the Athlone process based on ASM1 reduced
biological model: AASM1.m, rateAASM1.m

• Calculation of the sensitivity functions of the Athlone process based on UCT biological
model:AUCTS.m, rateAUCTS.m
The developed software is given in the Appendix C and every application consists of

two parts:

• main programme for input of the nominal process parameters, initial conditions,
average values of the biomass concentrations, calculation of the process model
matrices and organization of the calculation algorithm

• sub-programme for calculation of the biological rates, sensitivity functions and
formation of the sensitivity model state space and rates matrices and vectors.

The algorithm of the calculation is given on Figure 9.1.a)for the main programme and in

Figure 9.1.b) for the sub-programmes. The number of variables and parameters for
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different plants and biological models is different. The corresponding values are shown

under the separate process and model descriptions.

Input data for model
parameters, initial
conditions, biomass and
inflow values

Simulation of the sensitivity
functions and process
behavior

Global parameters

j._
Calculation of the process
rates for every tank

+
Calculation of derivatives of
the process rates towards the
process variables

j._
Calculation of the derivatives
of the process rates towards
the model parameter for every
tank

+
Calculation of the sensitivity
state space model matrices and
vectors

Yes

Figure 9.1a: Flow chart of the main program

for sensitivity functions calculation

9.2.2.

Figure 9.1b: Flow chart of the subprogram

for sensitivity functions calculation

Sensitivity function simulation for the Benchmark process model based on the

reduced ASM1 and UCT biological models

The reduced ASM1 biological model is described in the Chapter 4, point 4.4 and the

reduced UCT biological model is described in point 4.5. The mass balance models for

Benchmark process based on both ASM1 and UCT reduced models are described in

point 4.6.1. The corresponding sensitivity models are derived in Chapter 5, point 5.3.

The values of the processes tank's volumes are given in the Chapter 3. Table 3.7. The
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nominal kinetic parameters are given in Table 4.2 for the reduced ASM1 and in Table

4.4 for the reduced UCT biological models.

9.2.2.1 Results for the ASM1 reduced biological model

Simulations of the sensitivity functions are done for the initial conditions of the process

variables given by the vector Xo and zero for the sensitivity functions. The sampling

period DT = 0.01042 is selected as it is the sampling period of the data used by the

developers of the Benchmark process. The data of this process is used for simulation.

The value of the sampling period is selected on the basis of the ASP dynamics and is

convenient for all existing plant for wastewater treatment. The inflow concentration is

hundred times less than the average one for dry weather, given by the vector Xi

Xo=[7.918;5.37;2.808;8.344;3.662; 1.459;5.548;6.541; 1.15;2.967;9.299;0.995; 1.733; 10.415;0.889]
Xi=[0.3156 0 0.6950]

The simulation is done for steady state conditions of the biomass and the slowly

biodegradable substrate given by the vectors

XBH = 0.05*[2551.76*ones(1 ,K);2553.38*ones(I ,K);2557.13*ones(1 ,K);2559.1 8*ones(I,K);2559.34*ones(1 ,K)];
XBA = 0.05*[148.389*ones(1 ,K);148.309*ones(1 ,K); 148.941 *ones(I,K); I49.527*ones(l ,K); 149.797*ones(l ,K)];
xs= 0.05*[82.135*ones( I ,K);76.386*ones(1 ,K);64.855*ones(1 ,K);55.694*ones(1 ,K);49.306*ones(1 ,K)];

The vector of the dissolved oxygen concentration is: U=[0.2;0.2;2.0;2.29;1.91]

The process reduced state space mass balance model matrices as taken from the

Matlab program are:
0.0390 0 0 0 0 0 0 0 0 0 0 0 0.7688 0 0

0 0.0390 0 0 0 0 0 0 0 0 0 0 0 0.7688 0

0 0 0.0390 0 0 0 0 0 0 0 0 0 0 0 0.7688

0.9610 0 0 0.0390 0 0 0 0 0 0 0 0 0 0 0

0 0.9610 0 0 0.0390 0 0 0 0 0 0 0 0 0 0

0 0 0.9610 0 0 0.0390 0 0 0 0 0 0 0 0 0

AASMl= 0 0 0 0.7210 0 0 0.2790 0 0 0 0 0 0 0 0

0 0 0 0 0.7210 0 0 0.2790 0 0 0 0 0 0 0

0 0 0 0 0 0.7210 0 0 0.2790 0 0 0 0 0 0

0 0 0 0 0 0 0.7210 0 0 0.2790 0 0 0 0 0

0 0 0 0 0 0 0 0.7210 0 0 0.2790 0 0 0 0

0 0 0 0 0 0 0 0 0.7210 0 0 0.2790 0 0 0

0 0- 0 0 0 0 0 0 0 0.7210 0 0 0.2790 0 0

0 0 0 0 0 0 0 0 0 0 0.7210 0 0 0.2790 0

0 0 0 0 0 0 0 0 0 0 0 0.7210 0 0 0.2790

-0.0008 0 -0.0156
0.2306 0 0

0 0.1922 0 CnASM1= -0.0008 -0.0018 -0.0156 ,n= 1:5

-0.0443 0.0434 0
318 0 0 0.0104



o o 0.1922
zeros(12,3)

The results from the simulations are given from Figures 9.2 till Figure 9.16.
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Figure 9.2: Process variable SNH1 and its sensitivity functions towards the model parameters
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Figure 9.3: Process variable SNH2 and its sensitivity functions towards the model parameters
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Figure 9.4: Process variable SNH3 and its sensitivity functions towards the model parameters
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Figure 9.5: Process variable SNH4 and its sensitivity functions towards the model parameters
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Figure 9.6: Process variable SNH5 and its sensitivity functions towards the model parameters
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Figure 9.7: Process variable SN01 and its sensitivity functions towards the model parameters
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Figure 9.8: Process variable SN02 and its sensitivity functions towards the model parameters
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Figure 9.9: Process variable SN03 and its sensitivity functions towards the model parameters
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Figure 9.10: Process variable SN04 and its sensitivity functions towards the model parameters
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Figure 9.11: Process variable SN05 and its sensitivity functions towards the model parameters
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Figure 9.12: Process variable SS1 and its sensitivity functions towards the model
parameters
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Figure 9.13: Process variable SS2 and its sensitivity functions towards the model
parameters
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Figure 9.14: Process variable SS3 and its sensitivity functions towards the model parameters
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Figure 9.15: Process variable SS4 and its sensitivity functions towards the model parameters
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Figure 9.16: Process variable SS5 and its sensitivity functions towards the model parameters
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9.2.2.2 Results for the UCT reduced biological model

The simulations are done for the inflow average concentration for dry weather given by

the vector Xi. The initial conditions for the process variables are given by the vector Xo

and they are zero for the vector of the sensitivity functions. The values for the biomass

and the slowly biodegradable substarte are given by the vectors XBH, XBA and xs.

0.0390

Xi=[31.56; 0.0;69.5;202.3];
XO=[7.918;5.37;2.808;5.3;8.344;3.662;1.459;5.15;5.548;6.541;1.15;5.1;

2.967;9.299;0.995;4.8;1.733;0.415;0.889;4.2]
XBH = 0.02* [2551.76··ones(1,K) ;2553.38*ones(1,K) ;2557.13*ones(1,K);

2559.18*ones(1,K) ;2559.34*ones(1,K)];
XBA = 0.02*[148.389*ones(1,K) ;148.309*ones(1,K) ;148.941*ones(1,K);

149.527*ones(1,K);149.797*ones(1,K)] ;
XS = 0.02*[82.135*ones(1,K) ;76.386*ones(1,K) ;64.855*ones(1,K);

55.694*ones(1,K) ;49.306*oneS(1,Kl];

The vector of the dissolved oxygen concentration is: U=[0.2;0.2;2.0;2.29;1.91]

The process state space reduced model matrices are:

Au=
o o o

o
o
o

o 0 0.0390 0 0 0

o 0 0 0.0390 0 0

0.9610 0 0 0 0.0390 0

o 0.0390 0

o 0.9610 0

o
o
o
o
o
o
o
o
o
o
o
o
o
o

o o 0.0390 0

o
o

o
o
o
o
o

o
o
o
o
o
o

o
o
o
o
o
o

o 0.9610 0 0 0 0.0390 0 0 0

o 0 0.9610 0 0 0 0.0390 0 0

o 0 0 0.7210 0 0 0 0.2790 0

Cn=

o
o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o

o
-0.0680
-0.1722
0.1042

o
-0.0680
-0.1722
0.1042

o
6.6667

o 0.7210 0

o
o
o
o
o
o
o
o
o
o

o 0.7210 0

o
o
o
o
o
o
o
o
o

o o 0.2790 0

o

o
o
o
o
o
o

o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o
o
o
o
o
o

o
o
o
o
o
o

o
o
o
o

-1.4925
-1.4925
-1.4925
-1.4925
1.0000

o

o
o
o
o
o
o

o
o
o
o
o
o

n=I,5

o 0.2790 0

o 0.7210 0

o
o
o
o
o

o 0.7210 0

o
o
o
o

o 0.7210 0

o
o
o

o

o 0.7210 0 0 0 0.2790 0 0 0

o 0 0.7210 0 0 0 0.2790 0 0

o 0 0 0.7210 0 0 0 0.2790 0

Bu=
0.2306

o
o
o

000
0.1922 0 0

o 0.1922 0
o 0 0.1922

o

o 0.2790 0

o o 0.2790 0

-0.0680
o

-0.0680
o

-0.0680
o

-0.0680
o
o

-6.7347

-1.4925
-1.4925
-1.4925
-1.4925

o
o
o
o
o
o

o
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o 0 0.7210 0

o o 0.7210 0

The results from the simulation are given from Figure 9.17 till Figure 9.36.
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o 0.7688 0
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Figure 9.17: Process variable SNH1 and its sensitivity functions towards the model
parameters
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Figure 9.18: Process variable SNH2 and its sensitivity functions towards the model parameters
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Figure 9_19: Process variable SNH3 and its sensitivity functions towards the model
parameters
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Figure 9.20: Process variable SNH4 and its sensitivity functions towards the model
parameters
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Figure 9.21: Process variable SNH5 and its sensitivity functions towards the model parameters
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Figure 9.22: Process variable SNOl and its sensitivity functions towards the model
parameters
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Figure 9.23: Process variable SN02 and its sensitivity functions towards the model
parameters

341



F'rt=;s '8i~e SNJ3 x 10-6 SErsitility ftrdien SNJ3'

~~I~ I : =r i:t~:
0 a:J 40 00 00 100 1a:J 0 a:J 40 00 00 100 1a:J

áscrEte tire k dsalietire,k

Vai~e SNJ3Y2H Vai~e SI'03YZA

i~[ : ~-- ;
~~t~:

0 a:J 40 00 00 100 1a:J '" 0 a:J 40 00 00 100 1a:J
dsalie m,k dscrete tire,k

Sa'sitility ftrdien Still2BH SErsiti~ty ftrdien SI'mrulI;O'~k---
: 11r---ïi .(J.1

0
a:J

40 00 00 100 1a:J 0 a:J 40 00 80 100 1a:J
dscrete time,k dsalietire,k

Sa'siti~ty ftrdien SW3rruH SErsitility wen Si'OlKS

!.(J·~l~ I~:~t~
'" .(J.4

0 a:J 40 00 80 100 1a:J 0 a:J 40 00 80 100 1a:J
dscrete time,k dscrete time,k

Sa'siti~ty ftrdien SN.J3Ka-i x10" Sa'sitility ftrdien SNJ3KI'.O

!~~: I~h::",-1
0 a:J 40 00 00 100 1a:J 0 a:J 40 00 00 100 1a:J

dscretetirre,k dsalietirre,k

Sa'siti~ty ftrdien SNJ:lKN1 Sa'sitility ftrdien SN.J3KQC\

~-1~t~

-c 2

: ; ~_~E",-a:lQ
0 a:J 40 00 00 100 1a:J '" 0 a:J 40 00 80 100 1a:J

dsalie m,k dscretetirre,k

Sa'siti~ty ftrdien SN:Xletag Sa'sitil,ity ftrdien Sf'.03KIvP

1.(J·~t~ :

~ 5
;; 0
0

'" -1 ïi -5
0 a:J 40 00 80 100 1a:J 0 a:J 40 00 80 100 1a:J

dsalietirre,k <lscretetirre,k

SErsiti~ty ftrdien SN.J3KSP Sa'siti~ty ftrdien SNJ3KSA~O.~~ Ij~'" .(J.5
0 a:J 40 00 80 100 1a:J 0 a:J 40 00 80 100 1a:J

<lscretetirre,k dscretem,k

Sa'siti~ty ftrdien SrmMl\ Sa'sitility Wien SN.J3KA
"" 0

~-1~t$l.(J,2l
~ ~~.(JA

'" "'-a:J
0 a:J 40 00 80 100 1a:J 0 a:J 40 00 80 100 1a:J

dscretetirre,k <lscretetirre,k

Figure 9.24: Process variable SN03 and its sensitivity functions towards the model parameters
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Figure 9.25: Process variable SN04 and its sensitivity functions towards the model parameters
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Figure 9.26: Process variable SN05 and its sensitivity functions towards the model parameters
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Figure 9.27: Process variable SS1 and its sensitivity functions towards the model parameters
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Figure 9.28: Process variable SS2 and its sensitivity functions towards the model parameters
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Figure 9-29: Process variable SS3 and its sensitivity functions towards the model parameters
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Figure 9.30: Process variable SS4 and its sensitivity functions towards the model parameters
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Figure 9.31: Process variable SS5 and its sensitivity functions towards the model parameters
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Figure 9.32: Process variable SSads1 and its sensitivity functions towards the model parameters
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Figure 9.33: Process variable SSads2 and its sensitivity functions towards the model parameters
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Figure 9.34: Process variable SSads3 and its sensitivity functions towards the model parameters
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Figure 9.35: Process variable Ssads4 and its sensitivity functions towards the model parameters
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Figure 9.36: Process variable Ssads5 and its sensitivity functions towards the model parameters
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9.2.2.3. Discussion of the results
9.2.2.3.1 Benchmark process with ASM1 reduced biological model

In order to compare behaviour of different sensitivity functions the minimum and

maximum values of the sensitivity functions according to the model parameters are

given in Table 9.1.

Table 9.1: The maximum or minimum values of sensitivity functions simulation for the
Benchmark process model based on the reduced ASM1 biological model

~
Maximum or minimum values of the sensitivity functions

a f YH YA iXB muA muH KS KOH KNO KNH KOA etag etah Kh Kx
Snh 0.18 -1 490 -300 -200 -45 1 8 1.2 100 80 -5 -5 0.6 2
1-2
SNO 0.2 -15 -490 -400 200 -95 8 -18 8 -98 -50 -15 -15 -1 3
1-2
SS 1- -0.4 100 -1.8 75 -0.75 -200 4 -90 -10.5 ±0.4 0.25 3 25 60 -150
2
Snh 0.18 -1 490 -300 -200 -45 1 8 1.2 100 80 -5 -3 0.6 2
3-5
SNO 0.2 -15 -490 -400 200 -95 8 -18 6 -98 -50 -15 -0.4 -1 3
3-5
SS 3- -0.4 150 -1.8 75 -0.75 -200 4 -90 -10.5 0.4 0.25 2 25 60 -150
5

The sensitivity functions of Snh for the parameters YA, KNH and KOA grow
progressively for tanks 1 and 2 (see Table 9.1). The sensitivity functions of Snh for the
parameters iXB, muA and muH decay progressively for tanks 1 and 2 (see Table 9.1).
The sensitivity functions of SNO for the parameter muA grow progressively for tanks 1
and 2 (see Table 9.1). The sensitivity functions of SNO for the parameters YH,
YA,iXB,muH, KNH, KOA, etag and etah decay progressively for tanks 1 and 2 (see
Table 9.1). The sensitivity functions of SS for the parameters YH, iXB, etah and Kh
grow progressively for tanks 1 and 2 (see Table 9.1). The sensitivity functions of SS for
the parameters muH, KOH and Kx decay progressively for tanks 1 and 2 (see Table
9.1). The sensitivity functions of Snh for the parameters YA, KNH and KOA grow
significantly for tanks 3 to 5 (see Table 9.1). The sensitivity functions of Snh for the
parameters iXB, muA and muH decay significantly for tanks 3 to 5 (see Table 9.1). The
sensitivity functions of SNO for the parameter muA grow significantly for tanks 3 to 5
(see Table 9.1). The sensitivity functions of SNO for the parameters YH, YA, iXB, muH,
KOH, KNH, KOA and etag decay significantly for tanks 3 to 5 (see Table 9.1). The
sensitivity functions of SS for the parameters YH, iXB, etah and Kh grow significantly
for tanks 3 to 5 (see Table 9.1). The sensitivity functions of SS for the parameters muH,
KOH and Kx decay significantly for tanks 3 to 5 (see Table 9.1).

It can be concluded from Table 9.1 that the process variables are more sensitive
towards the parameters YA, iXB, muA, muH, KNH, KOH, KOA and Kh. The sensitivity
of the variables SNH and SNO is higher than this of the variables SS for the
parameters YA, YH, muA, KNH and KOA. The sensitivity of the variable SS is higher
for the parameters KOH, Kh and Kx.

9.2.2.3.2 Benchmark process with UCT reduced biological model
The minimum and maximum values of the sensitivity functions of the variables towards

the UCT model parameters are summarized in Table 9.2.
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I'S: Maximum or minimum values of the sensitivity functions
f YZ YZA fZB mu mu KS KO KN KN KOA etag KM KS KS fMA KA

c H H A H H 0 H p p A
Snh1 35 -0.8 275 - - -39 -OA 190 - 110 500 -0.5 95 10 2 0.5 0.02
-2 190 500 0.1 5 E-3

0 E-3
SNO 4E- -4 30 -0.1 4 -0.3 0.01 -0.8 3E- - 2 -0.5 3 OA -4 -OA 17
1-2 3 5 3 120 9
SS1- - 38 -1 E- 0.5 -1 E- - 35 0.2 0.06 3.5 - 0.6 - - 1.5 3E- 1.5E
2 0.5 9 E-9 9 500 5 E-3 1.5E- E- iE- 5E- E-7 12 -10

E- 7 10 11 11
10

Sads -2E- 400 - 4E- - 1.2 - 10 0.03 0.38 - -3.8 - - 1E- 350 1.2E
1-2 9 0 0.2 8 0.8 E-9 0.8 7 0.25 200 20 7 4

E-7 E-7 E- E-7 0 0
11

Snh3 35 -0.8 275 - - -39 -004 190 - 110 500 -0.5 100 10 2 0.5 0.02
-5 190 500 0.1 5 E-3

0 E-3
SNO 3.5 -4 30 -0.1 4 -0.3 0.01 -0.8 3E- - 2 -0.5 3 004 -4 -004 17
3-5 E-3 5 3 120 9
SS3- -3E- 38 -1 E- 0.5 -1 E- - 35 0.2 0.06 3.5 - 0.6 - - 1.5 3E- 1.5E
5 11 9 E-9 9 500 5 E-3 1.5E- E- rs- 5E- E-7 12 -10

7 10 11 11
Sads -2E- 450 - 4E- - 1.2 - 10 0.03 0.38 - -3.8 - - 1E- 350 1.2E
3-5 9 0 0.2 8 0.8 E-9 0.8 7 0.25 200 20 7 4

E-7 E-7 E- E-7 0 0
11

Table 9.2: The maximum or minimum values of sensitivity function simulation for the
Benchmark process model based on the reduced UCT biological model

The sensitivity functions of Snh for the parameters f, VZA, KOH, KNH, KOA, KMP and
KSP grow significantly for tanks 1 and 2 (see Table 9.2). The sensitivity functions of
Snh for the parameters fZBH, muA and muH decay significantly for tanks 1 and 2 (see
Table 9.2). The sensitivity functions of SNO for the parameter VZA grow significantly
for tanks 1 and 2 (see Table 9.2). The sensitivity functions of SNO for the parameter
KNH decay significantly for tanks 1 and 2 (see Table 9.2). The sensitivity functions of
SS for the parameters YZH and KS grow significantly for tanks 1 and 2 (see table 9.2).
The sensitivity functions of Sads for the parameters YZH and fMA grow significantly for
tanks 1 and 2 (see Table 9.2). The sensitivity functions of Sads for the parameters
KMP and KSP decay significantly for tanks 1 and 2 (see Table 9.2). The sensitivity
functions of Snh for the parameters f, VZA, KOH, KNH, KOA, KMP and KSP grow
significantly for tanks 3 to 5 (see Table 9.2). The sensitivity functions of Snh for the
parameters fZBH, muA and muH decay significantly for tanks 3 to 5 (see Table 9.2).
The sensitivity functions of SNO for the parameters VZA and KA grow significantly for
tanks 3 to 5 (see Table 9.2). The sensitivity functions of SNO for the parameter KNH
decay significantly for tanks 3 to 5 (see Table 9.2). The sensitivity functions of SS for
the parameter YZH and KS grow significantly for tanks 3 to 5 (see Table 9.2). The
sensitivity functions of SS for the parameter muH decay significantly for tanks 3 to 5
(see Table 9.2). The sensitivity functions of Sads for the parameters YZH, fMA and KA
grow significantly for tanks 3 to 5 (see Table 9.2).

The following can be concluded on the basis of analysis of the data from Table 9.2.
The process variable SNH is most sensitive towards parameters f, VZA, fZBH, muA,
muH, KOH, KNH, KOA, KMP and KSP. The variable SNO is more sensitive towards
parameters VZA, KA, and KNH. The variable SS is more sensitive towards the
parameters YZH and KS. The variable Sads is more sensitive towards the parameters
YZH, KA, KMP and KSP.
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9.2.3. Sensitivity function simulation for the Athlone process model based on the

reduced ASM1 and UCT biological models

The reduced ASM1 biological model is described in the Chapter 4, point 4.4 and the

reduced UCT biological model is described in point 4.5. The nominal kinetic

parameters are given in Table 4.2 for the reduced ASM1 and in Table 4.4 for the

reduced UCT biological models. The values of the processes tank's volumes for the

Athlone process are given in the Chapter 3, Table 3.9.The mass balance models for

Athlone process based on both ASM1 and UCT reduced models are described in point

4.6.3. The corresponding sensitivity models are derived in Chapter 5, point 5.4.

9.2.3.1 Results for the ASM1 reduced biological model

Simulations of the sensitivity functions are done for the initial conditions of the process

variables given by the vector Xo and zero for the sensitivity functions. The sampling

period is DT = 0.01042. The inflow concentration is hundred times less than the average

one for dry weather, given by the vector Xi

Xo=[7 .918;5.37;2.808;8.344;3.662; 1.459;5.548;6.541; 1.15]
Xi=[0.3156 0 0.6950]
The simulation is done for steady state conditions of the biomass and the slowly

biodegradable substrate given by the vectors
XBH = 0.01 *[2551.76*ones(1,K);2553.38*ones(1,K);2557.13*ones(1 ,K)];
XBA = 0.01 *[148.389*ones(1 ,K);148.309*ones(1 ,K);148.941 *ones(I,K)];
XS = 0.01 *[82.135*ones(1 ,K);76.386*ones(1 ,K);64.855*ones(1 ,K)];

The dissolved oxygen concentration is U=[0.2;0.2;4].

The process reduced state space mass balance model matrices are:
0.2746 0 0 0.3623 0 0 0 0 0

o 0.2746 0 0 0.3623 0 0 0 0
A= 0 0 0.2746 0 0 0.3623 0 0 0

0.7254 0 0 -0.4508 0 0 0.7254 0 0
o 0.7254 0 0 -0.4508 0 0 0.7254 0
o 0 0.7254 0 0 -0.4508 0 0 0.7254
o 0 0 0.3159 0 0 0.6841 0 0
o 0 0 0 0.3159 0 0 0.6841 0
o 0 0 0 0 0.3159 0 0 0.6841

-0.0008 0 -0.01560.4537 0 0
0 0.3631 0 c= -0.0008 -0.0018 -0.0156 n= 1:3n ,

B= 0 0 0.3631
-0.0443 0.0434 0zeros(6,3)

0 0 0.0104

The results from the simulations are given from Figure 9.37 till Figure 9.45.
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Figure 9.37: Process variable SSNH1 and its sensitivity functions towards the model parameters
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Figure 9.38: Process variable SSNH2 and its sensitivity functions towards the model parameters
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Figure 9.39: Process variable SSNH3 and its sensitivity functions towards the model parameters
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Figure 9.40: Process variable SSNOl and its sensitivity functions towards the model parameters
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Figure 9.41: Process variable SSN02 and its sensitivity functions towards the model parameters
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Figure 9.42: Process variable SSN03 and its sensitivity functions towards the model parameters
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Figure 9.43: Process variable SSS1 and its sensitivity functions towards the model parameters
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Figure 9.44: Process variable SSS2 and its sensitivity functions towards the model parameters
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Figure 9.45: Process variable SSS3 and its sensitivity functions towards the model parameters
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9.2.3.2 Results for the UCT reduced biological model

Simulations of the sensitivity functions are done for the initial conditions of the process
variables given by the vector Xo and zero for the sensitivity functions. The sampling
period is DT = 0.01042. The inflow concentration is hundred times less than the average
one for dry weather, given by the vector XiUCT

Xo=[7 .918;5.37;2.808;5.3;8.344;3.662; 1.459;5.15;5.548;6.541; 1.15;5.1]
Xj=[3.156 0 6.950 20.2]
The simulation is done for steady state conditions of the biomass and the slowly
biodegradable substrate given by the vectors

XBH = 0.05*[2551.76*ones(1 ,K);2553.38*ones(1,K);2557.13*ones(1,K)];
XBA = 0.05*[148.389*ones(1 ,K);148.309*ones(I,K);148.941 *ones(1,K)];
XS = 0.05*[82.135*ones(1 ,K);76.386*ones(1 ,K);64.855*ones(1 ,K)];

The vector of the dissolved oxygen concentration is U=[0.2;0.2;4].

The process reduced state space mass balance model matrices are:

0.2746 0 0 0 0.3623 0 0 0 0 0 0 0
0 0.2746 0 0 0 0.3623 0 0 0 0 0 0
0 0 0.2746 0 0 0 0.3623 0 0 0 0 0

Au= 0 0 0 0.2746 0 0 0 0.3623 0 0 0 0
0.7254 0 0 o -0.4508 0 0 0 0.7254 0 0 0

0 0.7254 0 0 o -0.4508 0 0 0 0.7254 0 0
0 0 0.7254 0 0 o -0.4508 0 0 0 0.7254 0
0 0 0 0.7254 0 0 o -0.4508 0 0 0 0.7254
0 0 0 0 0.3159 0 0 0 0.6841 0 0 0
0 0 0 0 0 0.3159 0 0 0 0.6841 0 0
0 0 0 0 0 0 0.3159 0 0 0 0.6841 0
0 0 0 0 0 0 0 0.3159 0 0 0 0.6841

0.4357 0 0 0
o 0.3631 0 0

Bu= 0 0 0.3631 0
o 0 0 0.3631

zeros(8,4)

en=

-0.0680
o

-0.0680
o

-0.0680
o

-0.0680
o
o

-6.7347

o -1.4925
-0.0680 -1.4925
-0.1 722 -1.4925
0.1042 -1.4925

o 0
-0.0680 0
-0.1 722 0
0.1042 0

o 0
6.6667 0

o
o
o
o

-1.4925
-1.4925
-1.4925
-1.4925
1.0000

o

The results from simulation are shown from Figure 9.46 till Figure 9.57
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Figure 9.46: Process variable SSNH1 and its sensitivity functions towards the model parameters
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Figure 9.47: Process variable SSNH2 and its sensitivity functions towards the model parameters
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Figure 9.48: Process variable SSNH3 and its sensitivity functions towards the model parameters
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Figure 9.49: Process variable SSN01 and its sensitivity functions towards the model parameters
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Figure 9_50: Process variable SSN02 and its sensitivity functions towards the model parameters
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Figure 9.51: Process variable SSN03 and its sensitivity functions towards the model parameters
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Figure 9.52: Process variable SSS1 and its sensitivity functions towards the model parameters
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Figure 9.53: Process variable SSS2 and its sensitivity functions towards the model parameters
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Figure 9.55: Process variable SSads1 and its sensitivity functions towards the model parameters
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Figure 9.56: Process variable SSads2 and its sensitivity functions towards the model parameters
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Figure 9.57: Process variable SSads3 and its sensitivity functions towards the model parameters
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9.2.3.3 Discussion of the results
9.2.3.3. 1Athlone process with ASM1 reduced biological model

In order to compare the results the minimum and maximum values of the sensitivity

functions of the process variables towards the model parameters are summarized in

Table 9.3.

Table 9.3: The maximum or minimum values of sensitivity function simulation for the
Athlone process model based on the reduced ASM1 biological model

~
Maximum or minimum values of the sensitivity functions

a f YH YA iXB muA muH KS KOH KNO KNH KOA etag elah Kh Kx
Snh1 0.35 - 5 -9 -2 -18 0.06 0.7 0.09 1.2 0.8 -0.16 -0.16 -0.05 0.18

0.04
SN01 0.007 - -5 -DA 2 -004 0.12 -DA 0.08 -1 -0.8 -0.15 0.15 -0.01 0.03

0.26
SS1 - 10 0.1 0.01 -0.05 -18 0.5 -40 -5 0.025 0.018 1.8E- 1.8E- 11 -38

1.8E- 3 3
4

Snh2 0.35 - 9.5 -18 -4 -3 0.1 0.8 0.09 2 1.2 -0.2 -0.03 -0.09 0.18
0.08

SN02 0.012 -004 -8 -0.7 4 -0.5 0.2 -004 0.12 -2 -1 -0.2 - - 0.048
0.007 0.015

SS2 -2E-4 18 0.18 0.018 - -30 1 -40 -5 0.035 0.02 2E-3 8 18 -50
0.075

Snh3 0.35 -0.1 9.5 -20 -6 -4 0.1 1 0.15 3 1.2 -0.2 - - 004
0.038 0.013

SN03 0.018 -0.4 -8 -1 5 -0.5 0.2 -0.4 0.12 -2 -1 -0.2 - - 0.048
0.007 0.015

SS3 -2E-4 20 0.16 0.016 - -30 1 -40 -5 0.03 0.018 1.8E- 6 18 50
0.075 3

The sensitivity functions of Snh for the parameter muH decay significantly for tank 1
(see Table 9.3). The sensitivity functions of SS for the parameters muH, KOH and Kx
decay significantly for tanks 1 (see Table 9.3). The sensitivity functions of SNO for the
parameter iXB decay significantly for tank 2 (see Table 9.3). The sensitivity functions of
SS for the parameters YH and Kh grow significantly for tank 2 (see Table 9.3). The
sensitivity functions of SS for the parameters muH, KOH and Kx decay significantly for
tank 2 (see Table 9.3). The sensitivity function of Snh for the parameter iXB decays
significantly for tank 3 (see Table 9.3). The sensitivity functions of SS for the
parameters YH, Kh and Kx grow significantly for tank 3 (see Table 9.3). The sensitivity
functions of SS for the parameters muH and KOH decays significantly for tank 3 (see
Table 9.3).
It can be concluded that the variable SNH1 's is more senitive towards the parameters
muH, SNH2 for SNH2 for iXB and SNH3 for iXB. The variable SN01 is not strongly
sensitive towards the parameters, SN02 towards the parameter YA, and SN03 is
strongly dependent towards YA. The variable SS 1 is more sensitive towards the
parameters muH, KOh and Kx, the variable SS2 is more sensitive towards the
parameters Yh, muH, KOH and Kx, and the variable SS3 is more sensitive towards the
parameters Yh, muH, KOH, Kh and Kx.

9.2.3.3.2 Athlone process with the UCT reduced biological model

The minimum and maximum values of the process variables sensitivity functions

towards the model parameters are summarized in Table 9.4.
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Table 9.4: The maximum or minimum values of sensitivity function simulation for the
Athlone process model based on the reduced UCT biological model

~

Maximum or minimum values of the sensitivity functions
f YZ YZA fZB mu mu KS KO KN KN KOA etag KM KS KS fMA KA

H H A H H 0 H P P A
c

Snh 3.8 1.8 39 - -75 -15 1 38 3E- 38 100 -0.1 15 18 0.5 3.2E- 2E-
1 500 3 5 3
SNO 1.8 1.7 4.8 - 1 0.08 0.1 -0.8 4E- 1 0.5 - 0.19 0.08 -0.5 - -
1 E-9 0.04 8 3 0.12 0.01 0.0

7 8
SS1 - 600 - 1E- -1 E- - 48 DA 0.03 0.0 -1 E- 4E- - - 0.9 0.8E- 5E-

2.2 0.7 7 8 300 0 8 5 7 9 3.8 0.5 E-7 7 7
E-9 E-7 E-9 E-7

Sads - 500 - 0.6 - 2.4 - 4.8 0.01 0.1 - - - 200 5E- 20 120
1 1.5 0.5 E-7 0.8 E-7 2E- 6 0.75 0.75 300 9 0

E-9 E-7 E-7 7 E-7
Snh 3.8 2.6 50 - - -20 1.8 48 3E- 60 170 - 20 30 0.75 0.75 4E-
2 800 110 3 0.15 E-9 3
SNO 1.8 1.9 8 - 1 0.12 0.1 -1 4.9E -60 0.5 - 0.4 0.09 -1 -0.02 -1.2
2 E-9 0.04 8 -3 0.17
SS2 - 100 - 104 -1 E- - 75 DA 0.05 0.0 -1E- 4E- - - 0.9 0.8E- 5E-

2.2 0 0.7 E-7 8 420 0 5 7 7 3.8 0.5 E-7 10 g
E-9 E-7 E-9 E-9

Sads - 980 - 0.8 - 204 - 5 0.02 0.1 - -1 - 250 0.7 39 200
2 1.5 0.5 E-7 0.8 E-9 2E- 0.6E- 420 E-7 0

E-9 E-7 E-" 9 7
Snh 3.8 3.8 80 - - -30 1.8 48 2E- 80 170 - 20 39 0.75 0.75 4E-
3 100 180 3 0.15 E-9 3

0
SNO 0.5 1.9 8 - 1 - 0.1 -1 2E- -80 0.5 - 004 0.09 -1 -0.02 -1.2
3 E-9 0.04 0.12 8 3 0.17
SS3 - 100 - 1.4 -1 E- - 90 0.4 0.05 0.0 - 2.2 - - 0.5 0.8E- 5E-

0.5 0 0.7 E-7 8 500 0 5 0.5E- E-9 3.8 0.5 E-9 10 7
E-9 E-7 7 E-9 E-9

Sads - 980 - 0.8 0.8 2.4 - 2 0.02 0.1 - -1 - 250 0.7 49 300
3 1.5 0.5 E-7 E-7 E-9 2E- 3.8E- 500 E-7 0

E-9 E-7 9 9

The sensitivity functions of Snh for the parameters YZA, KOH, KNH, KOA, KMP and
KSP grow significantly for tank 1 (see Table 9.4). The sensitivity functions of Snh for
the parameters fZBH, muA and muH decay significantly for tank 1 (see Table 9.4). The
sensitivity functions of SS for the parameters YZH and KS grow significantly for tank 1
(see Table 9.4). The sensitivity function of SS for the parameter muH decays
significantly for tank 1 (see Table 9.4). The sensitivity functions of Sads for the
parameter YZH, KSP, fMA and KA grow significantly for tank 1 (see Table 9.4). The
sensitivity function of Sads for the parameter KMP decays significantly for tank 1 (see
Table 9.4). The sensitivity functions of Snh for the parameters YZA, KNH, KOA, KMP
and KSP grow significantly for tank 2 (see Table 9.4). The sensitivity functions of Snh
for the parameters fZBH and muA decay significantly for tank 2 (see Table 9.4). The
sensitivity function of SNO for the parameter KNH decays significantly for tank 2 (see
Table 9.4). The sensitivity functions of SS for the parameters YZH and KS grows
significantly for tank 2 (see Table 9.4). The sensitivity function of SS for the parameter
muH decays significantly for tank 2 (see Table 9.4). The sensitivity functions of Sads
for the parameters YZH, KSP, fMA and KA grow significantly for tank 2 (see Table 9.4).
The sensitivity function of Sads for the parameter KMP decays significantly for tank 2
(see Table 9.4). The sensitivity functions of Snh for the parameters YZA, KOH, KNH,
KOA, KMP and KSP grows significantly for tank 3 (see Table 9.4). The sensitivity
functions of Snh for the parameters fZBH, muA and muH decays significantly for tank 3
(see Table 9.4). The sensitivity function of parameter KNH decays significantly for tank
3 (see Table 9.4). The sensitivity functions of SS for the parameters YZH and KS grow
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significantly for tank 3 (see Table 9.4). The sensitivity function of SS for the parameter
muH decays significantly for tank 3 (see Table 9.4). The sensitivity functions of Sads
for the parameters YZH, KSP, fMA and KA grows significantly for tank 3 (see Table
9.4). The sensitivity function of Sads for the parameter KMP decays significantly for
tank 3 (see Table 9.4).

In conclusion the variable Snh1 is more sensitive for the parameters YZA, fZBH, muA,
muH, KOH, KNH, KOA and KSA, Snh2 towards the parameters KNH and Snh3towards
the parameters YZA, fZBH, muA, muH, KOH, KNH, KOA, KMP and KSP. The variable
SN01 is not sensitive towards the parameters, SN02 towards the parameter KNH, and
SN03 towards KNH. The variable SS1 is more sensitive towards the parameters Yzh,
muH and KS, SS2 towards YZH, muH and KS, SS3 YZH, muH and KS. The variable
Sads1 is more sensitive towards the parameters YZH, KMP, KSP, KA and fMA, Sads2
toward parameters YZH, KMP, KSP, fMA and KA; Sads3 towards YZH, KMP, KSP,
fMA and KA.

9.3. Parameter estimation of the reduced models of the Activated Sludge Process

The parameter estimation methods developed in Chapter 6 are used to develop

software for estimation of the reduced model parameter. The calculations are done for

the reduced ASM1 and UCT models applied to the Benchmark and Athlone plants

structures.

9.3.1. Software for the parameter estimation

Four software programmes are developed in Matlab:

• Calculation of the parameters of the ASM1 reduced biological model applied to the
Benchmark process: BASM1parest.m, rateASM1F.m, prateASM1R.m and rateASM1REm.

• Calculation of the parameters of the ASM1 reduced biological model applied to the
Athlone process: AASM1parest.m, rateAASM1F.m, prateAASM1R.m and rateAASM1REm.

• Calculation of the parameters of the UCT reduced biological model applied to the
Benchmark process: BUCTparest.m, rateBUCTF.m, prateBUCTR.m and rateBUCTREm.

• Calculation of the parameters of the UCT reduced biological model applied to the
Athlone process: AUCTparest.m, rateAUCTF.m, prateAUCTR.m and rateAUCTREm.

The developed software is given in the Appendix 0 and every application consists of

two parts:

• main programme for input of the nominal process parameters, initial conditions,
average values of the biomass concentrations, calculation of the process model
matrices and organization of the calculation algorithm

• sub-programmes for calculation of the biological rates for the full, reduced and
estimated model,

The estimation of the parameters follows the algorithm:

1. The model of the corresponding process with the full ASM1 or UCT biological

models are simulated with control inputs determined by the values of the Benchmark

process Kia oxygen transfer functions values.
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2. The reduced model parameter estimation is done for the same values of the control

variables and for the obtained from point 1 trajectories of the reduced model process

variables.

3. The obtained trajectories of the model parameters are used for reduced model

simulation and for the error between the full and reduced model calculation.

The algorithm of the calculation is given on Figure 9.58.a) for the main programme and

in Figure 9.58.b) for the sub-programmes. The number of variables and parameters for

different plants and biological models is different. The corresponding values are shown

under the separate process and model descriptions.
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9.3.2. Reduced ASM1 model parameter estimation used for the Benchmark process

and Athlone process mass balance models

The reduced ASM1 biological model is described in the Chapter 4, point 4.4. The mass

balance models for Benchmark process based on both ASM1 and UCT reduced

models are described in point 4.6.1. The values of the processes tank's volumes are

given in the Chapter 3, Table 3.7. The nominal kinetic parameters are given in Table

4.2 for the reduced ASM1 biological model.

9.3.2.1 Results for the Benchmark mass balance process model

The calculations of the full model variables trajectories is done for the average values

of the inflow given by the vector
Zi=[SIi*ones(1 ,K);SSi*ones(1 ,K);Xli*ones(1 ,K);XSi *ones(1 ,K);XBHi*ones(1 ,K);XBAi*ones(1 ,K);XPi*ones(1 ,K);
SOi*ones(1 ,K);SNOi*ones(1 ,K);SNHi*ones(1 ,K);SNDi*ones(1 ,K);XNDi*ones(1,K);SALKi*ones(1 ,K)];
where
SSi=69 .5;XBHi=28.17;XSi=202.32;Xli=51.2;SNHi=31.56;SIi=30.0;SNDi=6.95;XNDi=1 0.59;SOi=0.0;XBAi=0.0;
XPi=0.0;SNOi=0.0;SALKi=7.0;

The control vector is given by the matrix Kia, where
SOsat = 8, Kla1=4.8; Kla2=4.8; Kla3 = 240; Kla4=240; Kla5 = 84;
K1=[Klal Kla2 Kla3 Kla4 Kla5];
Kla=diag(Kl);

The initial conditions are given as the steady state values of the Benchmark full model
after two week simulation with the average values of in inflow concentration for the dry
weather by the vectors
ZO=[ZI 0;Z20;Z30;Z40;Z50] *0.1
Z10 = [Si_1 ;Ss_1 ;Xi_1 ;Xs_1 ;Xbh_1 ;Xba_1 ;Xp_1 ;So_1 ;Sno_1 ;Snh_1 ;Snd_1 ;Xnd_1 ;Salk_l ];
Si_1 = 3.0000000e+01; Ss_1 = 2.8082131e+00; Xi_1 = 1.1491252e+03; Xs_l = 8.2134908e+01;
Xbh_l = 2.5517658e+03; Xba_l = 1.4838943e+02; Xp_1 4.4885186e+02; So_1 = 4.2984433e-03;
Sno_1 = 5.3699400e+00; Snh_1 = 7.9178845e+00; Snd_l = 1.2166405e+00; Xnd_1 = 5.2848894e+00;
Sa1k_1 = 4.9277103e+00;

Z20 = [Si_2 ;Ss_2 ;Xi_2 ;Xs_2 ;Xbh_2 ;Xba_2 ;Xp_2 ;So_2 ;Sno_2 ;Snh_2 ;Snd_2 ;Xnd_2 ;Salk_2];
Si_2 = 3.0000000e+01; Ss_2 = 1.4587940e+00; Xi_2 = 1.1491252e+03; Xs_2 = 7.6386187e+01;
Xbh_2 = 2.5533851e+03; Xba_2 = 1.4830914e+02; Xp_2 = 4.4952273e+02; So_2 6.3131911e-05;
Sno_2 = 3.6619672e+00; Snh_2 = 8.3444148e+00; Snd_2 = 8.8206477e-Ol; Xnd_2 = 5.0290873e+00;
Salk_2 = 5.0801748e+00;

Z30 = [Si_3 ;Ss_3 ;Xi_3 ;Xs_3 ;Xbh_3 ;Xba_3 ;Xp_3 ;So_3 ;Sno_3 ;Snh_3 ;Snd_3 ;Xnd_3 ;Salk_3];
Si_3 = 3.0000000e+01; Ss_3 = 1.1495418e+00; Xi_3 = 1.1491252e+03; Xs_3 = 6.4854922e+01;
Xbh_3 = 2.5571314e+03; Xba_3 = 1.4894126e+02; Xp_3 = 4.5041834e+02; So_3 1.7183778e+00;
Sno_3 = 6.5408820e+00; Snh_3 = 5.5479452e+00; Snd_3 = 8.2888682e-01; Xnd_3 = 4.3924277e+00;
Salk_3 = 4.6747902e+00;

Z40 = [Si_4 ;Ss_4 ;Xi_ 4 ;Xs_ 4 ;Xbh_ 4 ;Xba_ 4 ;Xp_4 ;So_ 4 ;Sno_ 4 ;Snh_ 4 ;Snd_ 4 ;Xnd_ 4 ;Salk_ 4];
Si_4 = 3.0000000e+Ol;Ss_4 = 9.953238ge-01;Xi_4 = 1.1491252e+03;Xs_4 = 5.5693982e+01;

Xbh_4 = 2.5591826e+03;Xba_4 = 1.4952712e+02;Xp_4 = 4.5131469e+02;So_4 2.4288838e+00;
Sno 4 = 9.2989988e+00; Snh 4 = 2.9673854e+00; Snd 4 = 7.6678656e-Ol; Xnd 4 = 3.8790101e+00;
Salk-='4 = 4.2934562e+00; _ _ _

Z50 = [Si_5 ;Ss_5 ;Xi_5 ;Xs_5 ;Xbh_5 ;Xba_5 ;Xp_5 ;So_5 ;Sno_5 ;Snh_5 ;Snd_5 ;Xnd_5 ;Salk_5];
Si_5 = 3.0000000e+Ol; Ss_5 = 8.8949280e-01; Xi_5 =
Xbh_5 = 2.5593436e+03; Xba_5 = 1.4979714e+02; Xp_5
Sno_5 = 1.0415220e+01; Snh_5 1.7333316e+OO; Snd_5
Salk_5 = 4.1255794e+00;

1.1491252e+03; Xs_5 = 4.9305586e+01;
= 4.5221112e+02; So_5 4.9094351e-01;

6.8828001e-01; Xnd_5 = 3.5271755e+00;
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The obtained trajectories of the full model state variables are given by the solid lines in

Figures 9.60-9.62. They are used as target variables for the estimation of the

parameters of the reduced model. The parameter estimation is done for the initial

conditions of the process variables given for the reduced model by the vector xo. The

inflow concentration for the reduced model is the average one for dry weather, given by

the vector Xi

Xo=[7 .918;5.37 ;2.808;8.344;3.662; 1.459;5.548;6.541; 1.15;2.967;9.299;0.995; 1.733; 10.415;0.889]
Xi=[31.56 0 69.50]

The simulation for the reduced model is done for steady state conditions of the

biomass and the slowly biodegradable substrate given by the vectors

XBH = 0.05 *[2551. 76*ones(1 ,K);2553.38*ones(1 ,K);2557 .13 *ones( 1,K);2559.18 *ones( 1,K);2559 .34*ones(1 ,K)];
XBA = 0.05*[148.389*ones(1 ,K); 148.309*ones(1 ,K); 148.941 *ones(l ,K); 149.527*ones(1 ,K); 149.797*ones(1 ,K)];
XS = 0.05 *[82.135 *ones(l ,K);76.386*ones( 1,K);64.855*ones( 1,K);55.694*ones(1 ,K);49.306*ones( 1,K)];

The vector of the dissolved oxygen concentration for the reduced model is the same as

for the full model. The sampling period is DT = 0.01042. The process reduced state space

mass balance model matrices as taken from the Matlab program are the same as the

given in point 9.2.2.1.

The results from the simulations are given from Figures 9.59 till Figure 9.62 where the

trajectories of the full model process variables are given by the solid lines and the

values of the reduced model state variables are given by the dashed lines.

The errors of the estimation are calculated as a weighted value of the sum of the

squares of the errors of the process variables at the discrete points for the

corresponding sum of the respective variables of the full model, as

ERR * ERRT
e - s s

S - S*ST

where the S is one of the variables.

The obtained weighted errors are:
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Figure 9.61: Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and the error
between them as applied for the Benchmark process for the process variable SNO
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9.3.2.2 Results for the Athlone mass balance process model

The calculations of the full model variables trajectories is done for the average values

of the inflow given by the vector
Zi=[SIi*ones(l,K);SSi*ones(l,K);Xli*ones(l,K);XSi*ones(l,K);XBHi*ones(l,K);XBAi*ones(l,K);XPi*ones(l,K);
SOi*ones(l ,K);SNOi*ones(l ,K);SNHi*ones( 1,K);SNDi *ones(1 ,K);XNDi*ones(l ,K);SALKi *ones(l ,K)];
where
SSi=69 .5;XBHi=28.17;XSi=202.32;Xli=51.2;SNHi=31.56;SIi=30.0;SNDi=6.95;XNDi=1 0.59;SOi=0.0;XBAi=0.0;
XPi=0.0;SNOi=0.0;SALKi=7.0;

The control vector is given by the matrix Kta, where
SOsat = 8, Klal =4.8; Kla2=4.8; Kla3 = 240;
KI=[Klal Kla2 Kla3];
Kla=diag(KI);

The initial conditions are given as the steady state values of the Benchmark full model
after two week simulation with the average values of in inflow concentration for the dry
weather by the vectors
ZO=[ZI 0;Z20;Z30;Z40;Z50] *0.1
Z10 = [Si_l ;Ss_1 ;Xi_l ;Xs_l ;Xbh_1 ;Xba_1 ;Xp_l ;So_1 ;Sno_l ;Snh_l ;Snd_l ;Xnd_1 ;Salk_I];
Si_l = 3.0000000e+Ol; Ss_1 = 2.8082131e+00; Xi_1 = 1.1491252e+03; Xs_1 = 8.2134908e+Ol;
Xbh_l = 2.55l7658e+03; Xba_l = 1.4838943e+02; Xp_1 4.4885186e+02; So_1 = 4.2984433e-03;
Sno_l = 5.3699400e+OO; Snh_l = 7.9178845e+00; Snd_l = 1.2166405e+OO; Xnd_l = 5.2848894e+OO;
Salk_1 = 4.9277103e+OO;

Z20 = [Si_2 ;Ss_2 ;Xi_2 ;Xs_2 ;Xbh_2 ;Xba_2 ;Xp_2 ;So_2 ;Sno_2 ;Snh_2 ;Snd_2 ;Xnd_2 ;Salk_2];
Si_2 = 3.0000000e+Ol; SS_2 = 1.4587940e+OO; Xi_2 = 1.1491252e+03; Xs_2 = 7.6386187e+Ol;
Xbh_2 = 2.5533851e+03; Xba_2 = 1.4830914e+02; Xp_2 = 4.4952273e+02; So_2 6.313191le-05;
Sno_2 = 3.6619672e+OO; Snh_2 = 8.3444148e+OO; Snd_2 = 8.8206477e-Ol; Xnd_2 = 5.0290873e+00;
Salk_2 = 5.0801748e+00;

Z30 = [Si_3 ;Ss_3 ;Xi_3 ;Xs_3 ;Xbh_3 ;Xba_3 ;Xp_3 ;So_3 ;Sno_3 ;Snh_3 ;Snd_3 ;Xnd_3 ;Salk_3 ];
Si_3 = 3.0000000e+Ol; Ss_3 = 1.1495418e+00; Xi_3 = ·1.1491252e+03; Xs_3 = 6.4854922e+Ol;
Xbh_3 = 2.5571314e+03; Xba_3 = 1.4894l26e+02; Xp_3 = 4.5041834e+02; So_3 L7183778e+00;
Sno_3 = 6.5408820e+OO; Snh_3 = 5.5479452e+00; Snd_3 = 8.2888682e-Ol; Xnd_3 = 4.3924277e+OO;
Salk_3 = 4.6747902e+OO;

The obtained trajectories of the full model state variables are given by the solid lines in

Figures 9.63-9.66. They are used as target variables for the estimation of the

parameters of the reduced model. The parameter estimation is done for the initial

conditions of the process variables given for the reduced model by the vector xo. The

inflow concentration for the reduced model is the average one for dry weather, given by

the vector Xi

Xo=[7 .918;5.37;2.808;8.344;3.662; 1.459;5.548;6.541; 1.15]
Xi=[31.56 0 69.50]

The simulation for the reduced model is done for steady state conditions of the

biomass and the slowly biodegradable substrate given by the vectors

XBH = 0.01 *[255l.76*ones(1,K);2553.38*ones(1 ,K);2557.13*ones(I,K»];
XBA = 0,01 *[148.389*ones(1 ,K);148.309*ones(1,K);148.94l *ones(l,K)];
XS = 0.01 *[82.l35*ones(l ,K);76.386*ones(1,K);64.855*ones(1,K)];
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The vector of the dissolved oxygen concentration for the reduced model is the same as

for the full model. The sampling period is DT = 0.01042. The process reduced state space

mass balance model matrices as taken from the Matlab program are the same as the

given in point 9.2.2.2.

The results from the simulations are given from Figures 9.63 till Figure 9.66 where the

trajectories of the full model process variables are given by the solid lines and the

values of the reduced model state variables are given by the dashed lines.

The errors of the estimation are calculated as in the previous point.
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Figure 9.63: Trajectories of the reduced ASM1 biological model parameters for the Athlone
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between them as applied for the Athlone process for the process variable SNO
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9.3.2.3 Discussion of the results
The values of the calculated errors are summarized in Table 9.5.

Table 9.5: The obtained weighted errors of reduced ASM1 model parameter estimation used for
the Benchmark process mass balance models

~

eSnh eSNO eSS
t

tank 1 0.0011 0.0148 4.2244E-005
tank 2 0.0016 0.0149 3.93i5E-005
tank 3 0.0025 0.0149 4.6888E-005
tank 4 0.0038 0.0148 5.6684E-005
tank 5 0.0053 0.0147 5.4 7i6E-005

The trajectories of the ASM1 full model and ASM1 reduced model exhibit common
behaviour which are very close to each other. The smallest error for the ASM1 reduced
model can be seen to be 3.9315E-005 for SS in tank 2 but relatively speaking the
errors are not that significantly different to influence a major change. However the SS
has a crucial bearing on the error prediction of the ASM1 reduced model due to the
smaller critical error. Hence the ASM1 reduced model can be used for process
optimization and controller design due to reduced number of calculations for parameter
estimation of Snh, SNO and SS compared to the ASM1 full model which depends on
the complete Peterson matrix.

The values of the calculated errors of the estimation are given in Table 9.6

Table 9.6: The obtained weighted errors of reduced ASM1 model parameter estimation used for
the Athlone process mass balance models

~

eSnh eSNO eSS

k
tank 1 0.0049 0.0266 3.0995E-004
tank 2 0.0622 0.0540 1.4452E-004
tank 3 0.3133 0.0718 5.9436E-004

The trajectories of the ASM1 full and ASM1 reduced model for the Athlone process
show slight difference with the same profile. The smallest error for the ASM1 reduced
model can be seen to be 1.4452E-004 in tank 2 similar to the Benchmark, with
relatively speaking errors are not significantly different to have major influence. Hence
the ASM1 reduced model can be used for process optimization and controller design
due to reduced number of calculations for parameter estimation of Snh, SNO and SS
compared to the ASM1 full model which depends on the complete Peterson matrix.

9.3.3. Reduced UCT model parameter estimation used for the Benchmark process

The reduced UCT biological model is described in the Chapter 4, point 4.6. The mass

balance models for Benchmark process based on both ASM1 and UCT reduced

models are described in point 4.6.1. The values of the processes tank's volumes are
,

given in the Chapter 3, Table 3.7. The nominal kinetic parameters are given in Table

4.4 for the reduced UCT biological model.

9.3.3.1 Results for the Benchmark mass balance process model
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The calculations of the full model variables trajectories are done for the average values

of the inflow given by the vector

Zi=[XBHi*ones(l ,K);XBAi*ones( 1,K);XPi*ones(l ,K);Xli*ones(l ,K);XSAi*ones( 1,K);XSEi*ones(l ,K);XNDi*ones
(1 ,K);SSi*ones( 1,K);SNHi*ones( 1,K);SNDi *ones( 1,K);SNOi *ones( 1,K);SALKi *ones(1 ,K);SIi *ones(l ,K);SOi*ones(
1,K)J*0.1;
SSi=69.5;XBHi=28.17;XSEi=202.32;XIi=51.2;SNHi=31.56;SIi=30.0;SNDi=6.95;XNDi=1 0.59;SOi=0.0;XBAi=0.0;
XPi=0.0;SNOi=0.0;SALKi=7.0;XSAi=0.0;

The control vector for the full model is given by the matrix Kia, where
SOsat = 8, Kla1=4.8; KIa2=4.8; KIa3 = 240; Kla4=240; Kla5 = 84;
KI=[Klal Kla2 KIa3 Kla4 Kla5J;
Kla=diag(KI);

The initial conditions are given as the steady state values of the Benchmark full model
after two week simulation with the average values of inflow concentration for the dry
weather by the vectors
ZO=[Zl 0;Z20;Z30;Z40;Z50J *0.01
Z10 = [Xbh_l ;Xba_l ;Xp_l ;Xi_l ;Xsa_l ;Xse_l;Xnd_l ;Ss_l ;Snh_l ;Snd_l ;Sno_l ;Salk_l;Si_l ;So_lJ;
Si_l = 3.0000000e+01; Ss_l = 2.8082131e+00; Xi_l = 1.1491252e+03; Xsa_l = 8.2134908e+Ol;
Xbh_l = 2.5517658e+03; Xba_l = 1.4838943e+02; Xp_l 4.4885186e+02; So_l = 4.2984433e-03;
Sno_l = 5.3699400e+00; Snh_l = 7.9178845e+00; Snd_l = 1.2166405e+00; Xnd_l = 5.2848894e+00;
Salk_l = 4.9277103e+00;Xse_1=500.0

Z20 = [Xbh_2 ;Xba_2 ;Xp_2 ;Xi_2 ;Xsa_2 ;Xse_2;Xnd_2 ;Ss_2 ;Snh_2 ;Snd_2 ;Sno_2 ;Salk_2;Si_2 ;So_2J;
Si_2 = 3.0000000e+01; Ss_2 = 1.4587940e+00; Xi_2 = 1.1491252e+03; Xsa_2 = 7.6386187e+01;
Xbh_2 = 2.5533851e+03; Xba_2 = 1.4830914e+02; Xp_2 = 4.4952273e+02; So_2 6.3131911e-05;
Sno_2 = 3.6619672e+00; Snh_2 = 8.3444148e+00; Snd_2 = 8.8206477e-01; Xnd_2 = 5.0290873e+00;
Salk_2 = 5.0801748e+00;Xse_2=480.0

Z30 = [Xbh_3 ;Xba_3 ;Xp_3 ;Xi_3 ;Xsa_3 ;Xse_3;Xnd_3 ;Ss_3 ;Snh_3 ;Snd_3 ;Sno_3 ;Salk_3;Si_3 ;So_3];
Si_3 = 3.0000000e+01; Ss_3 = 1.1495418e+00; Xi_3 = 1.1491252e+03; Xsa_3 = 6.4854922e+01;
Xbh_3 = 2.5571314e+03; Xba_3 = 1.4894126e+02; Xp_3 4.5041834e+02; So_3 l.7183778e+00;
Sno_3 = 6.5408820e+00; Snh_3 = 5.5479452e+00; Snd_3 = 8.2888682e-01; Xnd_3 = 4.3924277e+00;
Salk_3 = 4.6747902e+00; Xse_3=420.0

Z40= [Xbh_4 ;Xba_4 ;Xp_4 ;Xi_4 ;Xsa_4 ;Xse_4;Xnd_4 ;Ss_4 ;Snh_4 ;Snd_4 ;Sno_4 ;Salk_4;Si_4 ;So_4J;
Si_4 = 3.0000000e+Ol;Ss_4 = 9.953238ge-01;Xi_4 = 1.1491252e+03;Xsa_4 = 5.5693982e+Ol;
Xbh_ 4 = 2.5591826e+03; Xba_ 4 = 1.4952712e+02; Xp_ 4 = 4.5131469e+02; So_4 2.4288838e+00;
Sno_ 4 = 9.2989988e+00; Snh_ 4 = 2.9673854e+00; Snd_ 4 = 7.6678656e-01; Xnd_ 4 = 3.8790101e+00;
Salk_ 4 = 4.2934562e+00; Xse_ 4=350.0

Z50 = [Xbh_5 ;Xba_5 ;Xp_5 ;Xi_5 ;Xsa_5 ;Xse_5;Xnd_5 ;Ss_5 ;Snh_5 ;Snd_5 ;Sno_5 ;Salk_5;Si_5 ;So_5J;
Si_5 = 3.0000000e+Ol; Ss_5 = 8.8949280e-Ol; Xi_5 = 1.1491252e+03; Xsa_5 = 4.9305586e+01;
Xbh_5 = 2.5593436e+03; Xba_5 = 1.4979714e+02; Xp_5 = 4.5221112e+02; So_5 = 4.9094351e-01;
Sno_5 = 1.0415220e+01; Snh_5 = l.7333316e+00; Snd_5 = 6.8828001e-Ol; Xnd_5 = 3.5271755e+00;
Salk_5 = 4.l255794e+00; Xse_5=250.0

The obtained trajectories of the full model state variables are given by the solid lines in

Figures 9.60-9.62. They are used as target variables for the estimation of the

parameters of the reduced model. The parameter estimation is done for the initial

conditions of the process variables given for the reduced model by the vector Xo. The

inflow concentration for the reduced model is the average one for dry weather, given by
the vector X;

Xo=[7 .918;5.3 7;2.808;500.0;8.344;3.662; 1.459;480.0;5.548;6.541; 1.15;420.0;2.967;9.299;0.995;350.0;
1.733; 10.415;0.889;250.0]*0.01
Xi=[31.56 0 69.50]*0.1
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The simulation for the reduced model is done for steady state conditions of the

biomass and the slowly biodegradable substrate given by the vectors

XBH = 0.1 *[2551. 76*ones(1 ,K);2553.38*ones(l ,K);2557.l3*ones(1 ,K);2559.1 8*ones(1 ,K);2559.34*ones(1 ,K)];
XBA = 0.1 *[148.389*ones(1 ,K); l48.309*ones(1 ,K);148.94l *ones(l ,K); l49.527*ones(1 ,K);149. 797*ones(1 ,K)];
XSE = 0.1 *[82.l35*ones(1 ,K);76.386*ones(1 ,K);64.855*ones(1 ,K);55.694*ones(1 ,K);49.306*ones(1 ,K)];

The vector of the dissolved oxygen concentration for the reduced model is the same as

for the full model. The sampling period is DT = 0.01042. The process reduced state space

mass balance model matrices as taken from the Matlab program are the same as the

given in point 9.2.2.1.

The results from the simulations are given from Figures 9.63 till Figure 9.67 where the

trajectories of the full model process variables are given by the solid lines and the

values of the reduced model state variables are given by the dashed lines.

The errors of the estimation are calculated as a weighted value of the sum of the

squares of the errors of the process variables at the discrete points for the

corresponding sum of the respective variables of the full model, as

ERR *ERRT
e - s s
S - S*ST

where the S is one of the variables.
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Figure 9.71: Trajectories of the UCT full (solid line), reduced estimated (dashed line) and the error
between them as applied for the Benchmark process for the process variable XSA
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9.3.3.2 Results for the Benchmark process
The calculated errors are given in Table 9.7

Table 9.7: The obtained weighted errors of reduced UCT model parameter estimation used for
the Benchmark process mass balance models

~

eSnh eSNO eSS eXSA

k
tank 1 - 0.0029 0.0120 2.0912E-005 2.6040E-005
tank 2 0.0040 0.0122 2.7614E-005 6.0335E-005
tank 3 0.0060 0.0121 4.9503E-005 7.4898E-005
tank 4 0.0086 0.0120 1.0142E-004 0.0118
tank 5 0.0118 0.0118 2.1773E-004 1.1166E-004

The trajectories of the UCT full model and UCT reduced model exhibit common behaviour which
are very close to each other. The smallest error for the UCT reduced model can be seen to be
2.0912E-005 for SS in tank 1 but relatively speaking the errors are not that significantly different
to influence major change. However the SS and XSA has a crucial bearing on the error
prediction of the UCT reduced model due to the smaller critical error. Hence the UCT reduced
model can be used for process optimization and controller design due to the reduced number of
calculations for parameter estimation of SNH, SNO, SS and XSA compared to the UCT full
model which depends on the complete Peterson matrix.

9.3 Conclusion

The methods of solution for sensitivity analysis and parameter estimation of the Activated sludge
process are implemented in the frameworks of the software environment of Matlab and the
results are presented in this chapter.

The maximum or minimum values of sensitivity function simulation for the Benchmark and
Athlone process model based on the reduced ASM1 and UCT biological model are positively
large or negatively large for the respective parameters concerned.

From the results in parameter estimation, it appears that SS has the least error but the errors are
not that significantly different to influence major change. Hence the ASM1 and UCT reduced
models can be used for process optimization and controller design due to the reduced number of
calculations for parameter estimation of (SNH, SNO and SS) and (SNH, SNO, SS and XSA)
compared to the ASM1 and UCT full models.

404



CHAPTER TEN

CONCLUSION, DELIVERABLES AND FUTURE DIRECTIONS OF
RESEARCH

10.1 Introduction
The problem for effective and optimal control of wastewater treatment plants is

very important recently because of the increased requirements to the quality of

the effluent. The activated sludge process is a type of wastewater process

characterized with complex dynamics and because of this proper control design

and implementation strategies are necessary and important for its operation.

The most critical phase in the solution of any control problem is the modelling

stage. The primary building block of any modern control exercise is to construct

and identify a model for the system to be controlled. The existing full ASM1 and

especially UCT biological models of the activated sludge process are highly

complex because they are characterised with :-

• a lot of variables that are difficult to be measured on-line,

• complex dependencies and nonlinear interconnections between the

biological variables,

• many kinetic parameters that are difficult to be determined,

• different time scales for the process dynamics,

• the control actions for the process are not included in explicit way in

model equations.

All these difficulties require simpler and with reduced size models to be

developed for the purpose of real-time control design and implementation.

10.2 Aims and Objectives

The project considers reduction of the impact of the complexity of the process

model over the methods for control design by development of reduced models

and methods for parameter and state estimation of these models.

The aim of the project is to analyze the existing and to develop theoretical

methods, algorithms and software for simplification, parameter and state

estimation of the mathematical mass balance and biological models of the
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activated sludge process under the condition for fully representation of the

process dynamics.

The aim of the project is achieved through the following objectives/

deliverables:

1. Study of the complex relationships between the process variables in

connection with the kinetic differential equations describing the process.

2. Reducing the complexity of the model through grouping or cutting some of

the mathematical representation in the model with criterion keeping the

dynamical behaviour of the reduced model not changed in comparison with the

original one.

3. Development of sensitivity functions of the reduced models' variables

towards the models' parameters. Analysis of the dynamics of the models of

sensitivity.

4. Development method for parameter estimation of the transformed models on

the basis of the least-squares approach. Validation of the model.

5. Comparative analysis of the methods for state estimation. Development of

tangent linear models of the nonlinear wastewater reduced models and

application of Kalman filter for state estimation

6. Development of algorithms and programmes for simulation, sensitivity

functions calculation and simulation and for parameter estimation using SIMBA

and MATLAB/Simulink software.

10.2 Achievements of the thesis

10.2.1 A REDUCED ASM1 BIOLOGICAL AND MASS BALANCE MODELS OF THE

COST BENCHMARK AND ATHLONE PLANTS ARE DEVELOPED ON THE

BASIS OF CRITICAL ANALYSIS OF THE PROCESS VARIABLES
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10.2.2 A REDUCED UCT BIOLOGICAL AND MASS BALANCE MODELS OF THE

COST BENCHMARK AND ATHLONE PLANTS ARE DEVELOPED

ON THE BASIS OF CRITICAL ANALYSIS OF THE PROCESS VARIABLES

10.2.3 METHOD FOR CALCULATION OF THE SENSITIVITY FUNCTIONS

TOWARDS ALL MODEL PARAMETERS OF THE REDUCED ASM1

BIOLOGICAL MODEL FOR THE COST BENCHMARK AND ATHLONE

PLANTS IS DEVELOPED

10.2.4 METHOD FOR CALCULATION OF THE SENSITIVITY FUNCTIONS

TOWARDS ALL MODEL PARAMETERS OF THE REDUCED UCT

BIOLOGICAL MODEL FOR THE COST BENCHMARK AND

ATHLONE PLANTS IS DEVELOPED

10.2.5 METHOD FOR CALCULATION PARAMETER ESTIMATES OF THE

REDUCED ASM1 BIOLOGICAL MODEL FOR THE COST BENCHMARK AND

ATHLONE PLANTS IS DEVELOPED ON THE BASIS OF THE LEAST

SQUARES TECHNIQUES

10.2.6 METHOD FOR CALCULATION PARAMETER ESTIMATES OF THE

REDUCED UCT BIOLOGICAL MODEL FOR THE COST BENCHMARK AND

ATHLONE PLANTS IS DEVELOPED ON THE BASIS OF THE LEAST

SQUARES TECHNIQUES

10.2.7 THEORETICAL ANALYSIS OF THE EXISTING METHODS FOR

PARAMETER AND STATE ESTIMATION OF BIOTECHNOLOGICAL

PROCESSES IS DONE. A LINEARIZED TANGENT MODEL OF THE

BENCHMARK MASS BALANCE MODELS BASED ON ASM1 AND UCT

BIOLOGICAL MODELS ARE DEVELOPED. THE LINEAR KALMAN FILTER

ALORITHM IS DEVELOPED FOR THESE MODELS.

/'

10.2.8 SIMBA SOFTWARE FOR SIMULATION OF THE MITCHELL'S PLAIN PLANT

BASED ON THE UCT BIOLOGICAL MODEL IS DEVELOPED
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10.2.9 SIMBA SOFTWARE FOR SIMULATION OF THE ATHLONE PLANT BASEDD

ON THE ASM1 AND UCT BIOLOGICAL MODELS IS DEVELOPED

10.2.10 SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE
PROCESS VARIABLES TOWARDS THE MODEL PARAMETERS FOR THE
BENCHMARK MASS BALANCE MODEL BASED ON THE REDUCED ASM1
BIOLOGICAL MODEL IS DEVELOPED
The main program, BASM1 S.m calculates the sensitivity model and simulates

the sensitivity functions for the process variables of the Benchmark process

based on ASM1 reduced biological model towards the model parameters. The

program calls the function subroutine rateASM1.m. The calculation uses

reduced biological model with 3 variables SNH, SNO and SS

The subprogram function rateASM1.m calculates the process rates, derivatives

of the process rates towards the model parameters and variables and forms the

sensitivity model matrices necessary for simulation of the process variables and

the sensitivity functions for the Benchmark process based on the reduced ASM1

biological model.

10.2.11 SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE
PROCESS VARIABLES TOWARDS THE MODEL PARAMETERS FOR THE
BENCHMARK MASS BALANCE MODEL BASED ON THE REDUCED UCT
BIOLOGICAL MODEL IS DEVELOPED
The main program, BUCTS1.m calculates the sensitivity model and simulates

the sensitivity functions for the process variables of the Benchmark process

based on UCT reduced biological model towards the model parameters. The

program call the function subroutine rate BUCTS.m. The calculation uses

reduced biological model with 3 variables SNH, SNO, SS and Sads

The subprogram function rateASM1.m calculates the process rates, derivatives

of the process rates towards the model parameters and variables and forms the

sensitivity model matrices necessary for simulation of the process variables and

the sensitivity functions for the Benchmark process based on the reduced UCT

biological model.

10.2.12 SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE
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PROCESS VARIABLES TOWARDS THE MODEL PARAMETERS FOR THE
ATHLONE MASS BALANCE MODEL BASED ON THE REDUCED ASM1
BIOLOGICAL MODEL IS DEVELOPED

The main program, AASM1S.m calculates the sensitivity model and simulates
the sensitivity functions for the process variables of the Athlone process based
on ASM1 reduced biological model towards the model parameters. The
program call the function subroutine rateAASM1.m. The calculation uses
reduced biological model with 3 variables SNH, SNO and SS

The subprogram function rateAASM1.m calculates the process rates,

derivatives of the process rates towards the model parameters and variables

and forms the sensitivity model matrices necessary for simulation of the process

variables and the sensitivity functions for the Athlone process based on the

reduced ASM1 biological model.

10.2.13 SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE
PROCESS VARIABLES TOWARDS THE MODEL PARAMETERS FOR THE
ATHLONE MASS BALANCE MODEL BASED ON THE REDUCED UCT
BIOLOGICAL MODEL IS DEVELOPED
The main program function rateAUCTS.m calculates the process rates,

derivatives of the process rates towards the model parameters and variables

and forms the sensitivity model matrices necessary for simulation of the process

variables and the sensitivity functions for the Athlone process based on the

reduced UCT biological model.

The subprogram function rate AUCTS.m calculates the process rates,

derivatives of the process rates towards the model parameters and variables

and forms the sensitivity model matrices necessary for simulation of the process

variables and the sensitivity functions for the Athlone process based on the

reduced UCT biological model.

10.2.14 SOFTWARE FOR GROWTH PARAMETER ESTIMATION OF THE
BENCHMARK MASS BALANCE MODEL FOR THE CASE OF ASM1
REDUCED MODEL
The main program, BASM1 parest.m estimates the reduced ASM1 model

parameters for the Benchmark process, the estimations of the kinetic

parameters muH, muA and Kh and calculates the errors between the process

variables behaviour for the full and reduced ASM1 models. The program call the
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function subroutines rateASM1 F.m, prateASM1 Rm and rateASM1 RE.m. The

calculation uses reduced biological model with 3 variables SNH, SNO and SS

The subprogram function rate AS M1F.m calculates the process rates of the full

ASM1 biological model at every moment of the time.

The subprogram function prateASM1.m calculates the functions of the process

rates which multiply the process estimated parameters for the Benchmark

process based on the reduced ASM1 biological model at every moment of time.

The subprogram function rateASM1.m calculates at every moment the process

rates of the reduced ASM1 model using the estimated values of the model

parameters.

10.2.15 SOFTWARE FOR GROWTH PARAMETER ESTIMATION OF THE ATHLONE
MASS BALANCE MODEL FOR THE CASE OF ASM1 REDUCED MODEL IS
DEVELOPED
The main program, BASM1 parest.m estimates the reduced ASM1 model

parameters for the Athlone process and calculates the errors between the

process variables behaviour for the full and reduced models. The program call

the function subroutines rateASM1F.m, prateASM1Rm and rateASM1RE.m.

The calculation uses the reduced biological model with 3 variables SNH, SNO

and SS. The program uses global definition of the model parameters

The subprogram function rateASM1 F.m calculates the process rates of the full

ASM1 biological model for the Athlone process.

The subprogram function prateASM1 Rm calculates at every moment the

functions of the process rates which multiply the process estimated parameters

for the Athlone process based on the reduced ASM1 biological model.

The subprogram function rateASM1 RE.m calculates at every moment the

process rates of the reduced ASM1 model using the estimated parameters.
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10.2.16 SOFTWARE FOR GROWTH PARAMETER ESTIMATION OF THE
BENCHMARK MASS BALANCE MODEL FOR THE CASE OF UCT
REDUCED MODEL IS DEVELOPED
The main program, BUCTparest.m calculates the trajectories of the full mass-

balance model, the estimations of the kinetic parameters muH, muA, KMP and

KA, and the trajectories of the process variables of the reduced mass-balance

model for the Benchmark process with the UCT reduced biological model. The

program calls the function subroutines rateBUCTF.m, rateBUCTE.m and

prateBUCTR.m. The calculation uses the reduced biological model with 4

variables SNH, SNO,SS and Sads

10.3
10.3.1

10.3.2

10.3.3

The subprogram function rateBUCTF.m calculates at every moment the process

rates of the full UCT biological model for the Benchmark process.

The subprogram function prateBUCTR.m calculates at every moment the

function P, which multiplies the estimated parameters for the reduced UCT

biological model and Benchmark process.

The subprogram function rateBUCTE.m calculates at every moment the

process rates using the estimated values of the parameters for the reduced

UCT biological model and the Benchmark process.

Discussion and importance of the achievements
The developed ASM1 and UCT reduced models are based on the existing
process variables considered in their respective time scales of dynamic
behaviour. The reduced models do not introduce new or combined variables,
which makes the use of models simpler than some similar ones proposed in the
literature.

The development of the reduced UCT model is based on the UCT full model
principles for the enzyme reactions of the activated sludge and in this way the
reduced model keeps the UCT approach. The obtained reduced model is a first
attempt for reduction of the very complex UCT full model for purposes of
optimal control calculation.

The sensitivity functions of the developed reduced mass-balance models are
calculated towards all parameters which gives vast amount of data for proper
selection of the parameters with the biggest influence over the variables
behaviour. This means that only the parameters with the bigger influence can
be considered for estimation, which makes the process of estimation simpler
and faster.
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10.3.4 The mass-balance equations for the dissolved oxygen are not a part of the
reduced models as the time scale of the dissolved oxygen dynamics are a
couple of times faster than those of the substrate, ammonia and nitrogen
compounds. This fact makes the models very convenient for purposes of state
and parameter estimation and process optimization.

10.3.5 The method for estimation of the reduced model parameters requires steady
state data for the biomass concentrations and slowly biodegradable substrate,
real-time data for the dissolved oxygen concentration, readily biodegradable
substrate, ammonia and nitrate nitrogen. The steady state values can be taken
from laboratory measurements every week. There are still difficulties for real
time measurements of the required above variables in the municipality waste-
water plants

10.4 Recommendations

10.4.1 Applications

The developed methods, algorithms and software serve for:

• Understanding: Insight in the treatment processes is still insufficient and there
is a lack of suitable mathematical models.

• Inadequate instrumentation: Non-existent or insufficiently reliable technology.
• Plant constraints: Inapt and insufficient flexibility to manipulate the process.
• Economic motivation: There exists a lack of fundamental knowledge

concerning benefits versus costs of automated treatment processes. In
addition, wastewater treatment processes are not productive and automation
can only contribute to a decrease of operating costs but does not directly lead
to increased profit.

• Education and training: Operators are not always adequately trained to operate
advanced sensor and control equipment and most environmental engineers
would need more basic understanding of process dynamics and control in
order to appreciate the potential of instrumentation, control and automation.

• Communication: The interaction between operators, designers, equipment
suppliers, researchers and government regulatory agencies is often
unsatisfactory and leads to poorly designed plants

• Real time control. Parameter estimation is a common feature in many areas of
process modeling, both in on-line applications such as real time optimization
and in off-line applications such as the modeling of reaction kinetics and
biotechnological processes

10.4.2 Future directions

10.4.2.1 The structure of SIMBA package allows to integrate the sensitivity studies and

parameter estimation work within SIMBA such as providing a Graphic User

Interface (GUl) for the operators or researchers in a user-friendly environment.

This technological advance should to readily attainable for the control and

computer engineers to be able to make the paradigm shift to another level for
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easy access to Wastewater engineers. The state and parameter estimation

research could primarily focus on the development of more user-friendly

applications such as hands-on usage.

10.4.2.2 The development of the method for nonlinear parameter estimation require s

more in-depth investigation on the plethora of the techniques at it's disposal and

fine tuning and identifying the methods which are favourably suitable for study.

10.4.2.3 The future research should involve the real time study of biological excess

phosphorus removal, ASM2 and ASM2d systems developing software for this

type of activated sludge.

10.4

10.4.1

Publications

Sensitivity study of the activated sludge reduced models for the purposes of

parameter estimation and process optimization 1. Benchmark process with the

ASM1 and UCT reduced biological models - WaterSA journal (under revision).

10.4.2 Sensitivity study of the activated sludge reduced models for the purposes of

parameter estimation and process optimization 2. Athlone process with the

ASM1 and UCT reduced biological models - WaterSA journal (under revision).

413



BIBLIOGRAPHY

Adby, P.R & Dempster, M.A.H. 1974. Introduction to Optimization Methods, London, Chapman and
Hall.

Ahmad, S.R & Reynolds, O.M. 1999: "Monitoring of water quality using fluorescence technique:
prospect of on-line process control". Water Research, 33(9): 2069-2074.

Albiol, J., Robuste, J., Casas, C. & Poch, M. 1993. Biomass estimation in plant cell cultures using an
extended Kalman filter, Biotechnology Progress, 9, 174-178.

Alcaraz-Gonzalez, V., Salazar-Pena, R, Gonzalez-Alvarez, V., Gauze, J-L. & Steyer, J-P. 2005. A
tunable multivariabie nonlinear robust observer for biological systems. C.RBiologies, 328: 317-325.

Alex, J., Ogurek, M. & Jumar, U. 2005. Formalised Model Representation for wastewater systems ..
Preprints from Proceedings of the 16th IFAC World Congress, 4 July - 8 July, Prague, Czech Republic.

AI-Ghazzawi, A., Ali, E., Nouh, A. & Zafiriou, E. 2001. On line tuning strategy for model predictive
controllers. Journal of Process Control, 11: 265-284.

Ali, E. & Zafiriou, E. 1993. On the tuning of Nonlinear Model Predictive Control Algorithms.
Proceedings of the American Control Conference: 786-790.

AI-Saggaf, U.M. & Franklin, G.F. 1988. Model reduction via balanced realisations: an extension and
frequency weighting techniques. IEEE Transactions Automatic Control AC-33(7): 687-692.

Anderson,BD.O. & Liu, Y. 1989. Controller reduction: concepts and approaches. IEEE transactions
Automatic Control, 34(8): 802-811.

Anderson, B.D.O. & Moore, J.B. 1989. Linear Quadratic Methods, Prentice Hall.

Andrews, J.G.& Melone, RR 1971: Mathematical Modeling, New York, Butterworth.

Aris, R 1999. Mathematical Modeling, Vol. VI, New York, Academic Press.

Aris, R. 1994. Mathematical Modeling Techniques, Dover.

Aschemann, H., Rauh, A., Kletting, M., Hofer, E.P., Gennat, M. & Tibken, B. 2005. Interval Analysis
and Nonlinear Control of Wastewater Plants with Parameter Uncertainty. Preprints from Proceedings
of the is" IFAC World Congress, 4 July - 8 July, Prague, Czech Republic.

Assis, A.J. & Filho, RM. 2000. Soft sensors development for on-line bioreactor state estimation.
Computers and Chemical Engineering, 24: 1099-1103.

Astrom, K.J. & Witten mark, B. 1990. Computer-Controlled Sytems, Theory and Design, (2nd ed.),
Englewood Cliffs, New Jersey, USA. Prentice Hall, Inc.

Aubrun, C., Theilliol, D., Harmand, J. & Steyer, J.P. 2001. Software sensor design for COD estimation
in an anaerobic fluidised bed reactor. Water Science Technology, 43(7): 115-122.

Ayesa, E., Oyarbide, G., Larrea, L. & Garcia-Heras, J.L. 1995. Observability of reduced order models-
application to a model for control of Alpha process. Water Science Technology, 31(2): 161-170.

Barbu, M., Caraman, S. & Ceanga, E. 2005.QFT (Quantitative Feedback Theory) Robust Control of
Wastewater Treatment Process. Preprints from Proceedings of the 16th IFAC World Congress, 4 July
- 8 July, Prague, Czech Republic.

414



Barbu, M., Barbu, G. & Ceanga, E. 2004. The Multi-model Control of Wastewater Treatment Process
with Activated Sludge, 1ih Mediterranean Conference on Control and Automation - Med'04,
Kusadasi, Turkey, Proc. CD-ROM, 6-9 June.

Bard, Y. 1974. Nonlinear Parameter Estimation, New York, Academic Press.

Barker, P.S. & Dold, P.L. 1997. General model for biological nutrient removal activated sludge
systems: model presentation, Water Environmental Research, 69(5): 969-984.

Bastin, G. & Dochain, D. 1990. On-line Estimation and Adaptive Control of Bioreactor, New York,
Elsevier.

Bastin, G. & Gevers, M. 1988: Stable adaptive estimator for nonlinear time varying systems. IEEE
Trans. AC 33: 650-658.

Bastin, G. 1988: State estimation and adaptive control of multilinear compartmental systems:
theoretical framework and application to biotechnological processes, in New trends in nonlinear
systems theory, Lecture Notes on Control and Information Science, : 122, Springer Verlag.

Bastin, G., Mareeis, I.M.Y., Dochain, D. & Gevers, M. 1988: Sufficient experimental conditions for the
convergence of an adaptive observer for nonlinear systems. Proceedings of s" IFAC Symposium on
identification and System Parameter Estimation, Beijing, China: 1762-1766.

Bastin, G. & Dochain, D. 1986. On-line estimation of microbial specific growth rates. Automatica,
22(6): 705-711.

Beck, C., Doyle, J. & Glover, K. 1996. Model reduction of multi-dimensional and uncertain systems.
IEEE Transactions Automatic Control, 41(10): 1466-1477.

Beck, M.B. 1986. Identification, Estimation and Control of Biological Wastewater Treatment
Processes. Proceedings of Institute Electrical Engineering, 133: 254-264.

Beck, M.B. 1987. Water Quality Modelling. A Review of the Analysis of Uncertainty. Water Resources
Research, 23(8): 1393-1442.

Bellgardt, K.H., Meyer, H.D., Kuhlmann, W., Schurgeri, K. & Thoma, M. 1984. On-line estimation of
biomass and fermentation parameters by a Kalman filter during during a cultivation of Saccharomyces
cerevisiae. 3rd European Congress Biotechnology, Verlag Chemie, Weinheim, 2: 607-616.

Bennett, W.R. 1976. Scientific and Engineering Problem-Solving with the Computer, New Jersey,
Englewood Cliffs, Prentice-Hall.

Ben Youssef, C. & Dahhou, B. 1996. Multivariabie adaptive control of an aerated lagoon for a
wastewater treatment process. J. Proc. Cont., 6(5): 265-275.

Bernard, O. & Gauze, J.L. 2004. Closed loop observers bundle for uncertain biotechnological models.
J. Proc. Control, 14: 765-774.

Bernard, O. 2002. Mass balance modeling of bioprocesses, Mathematical Control Theory, ICTP
lecture notes.

Bernard, 0., Hadj-Sadok, Z. & Gauze, J. 2000. Observers for the biotechnolo~ical processes with
unknown kinetics. Application to wastewater treatment. Proceedings of the 39 h IEEE Conference on
Decision and Control, Sydney, 4526-4531.

Betanair, M.J., Moreno, J. & Buitron, G. 2004b. Practical Optimal Control for Fed-Batch Bioreactors.

415



Preprints of NOCCOS 2004, Stuttgart, Germany, 1-3 Sept.: 1517-1522.

Betancour, M., Dochain, D., Fibrianto, H. 2004. Eoli workpackage 2: Model selection and parameter
identification. Technical Report Deliverable D2.3: Validated Model. European Community Research.

Biagiola, S.I. & Figueroa, J.L. 2004. Application of state estimation based NMPC to an unstable
nonlinear process. Chemical Engineering Science, 59: 4601-4612.

Bich Pham, H.T., Larsson, G. & Enfor, S.-O. 1998. Growth and energy metabolism in aerobic fed-
batch cultures of Saccharomyces cerevisiae : Simulation and model verification. Biotechnology
Bioengineering, 60(4): 474-482.

Billing, A.E. & Dold, P.L. 1988. Modelling techniques for biological reaction systems. 1. Mathematical
description and model representation. Water SA, 14(4): 185-192.

Billing, A.E. & Dold, P.L. 1988. Modelling techniques for biological reaction systems. 2. Modelling of
the steady state case. Water SA,14(4): 193-206.

Birkes, D., Dodge, Y. 1993. Alternative Methods of Regression, New York, New York, USA. John
Wiley and Sons, Ltd.

Bjorck, A. 1996. Numerical Methods for Least Squares Problems. SIAM, Philadelphia.

Blackwell, L.G. 1971. A theoretical and experimental evaluation of the transient response of the
activated sludge process. Ph D thesis. Clemson Univ. Clemson. S Carolina.

Bogaerts, Ph. & Wouwer, A.V. 2004. Parameter identification for state estimation - application to
bioprocess software sensors. Chemical Engineering Science, 59: 2465-2476.

Bogaerts, Ph. & Hanus, R. 2001. On-line estimation of bioprocesses with full horizon observers.
Mathematics Computer Simulation, 56: 425-441.

Bogaerts, Ph. & Hanus, R. 2000. Macroscopic modeling of bioprocesses with a view to engineering
applications. In: Focus on Biotechnology, Thonard, Ph., Hofman, M., (ed.), vol. 5, Engineering and
Manufacturing for biotechnology, Kluwer Academic Publishers.

Bogaerts, Ph. 1999. Contribution a la modelisation mathematique pour la simulation et I'observation d
etat des bioprocedes, Ph. D. thesis, Universite libre de Bruxelles.

Boyd, S. & Vandenberghe, L. 2002. Introduction to Convex Optimization with Engineering
Applications. Lecture Notes, Stanford University, (Available at : isl.stanford.edu/pub/boyd/)

Brdys, MA & Diaz-Marquez, J. 2002. Application of Fuzzy Model predictive control to the dissolved
oxygen concentration tracking in an activated sludge process. 15th IFAC Triennial World Congress,
Barcelona, Spain.

Brdys, MA, Zhang, Y. 2001a. Robust Hierachial Optimising Control of Municipal Wastewater
Treatment Plants. Preprints of the 9tll IFAC/lFORS/lMACS/lFIP Symposium Large Sclae
Systems:Theory & Applications, Bucharest. Romania, 18-20 July: 540-547.

Brdys, M.A., Konarczak, K. 2001 b. Dissolved Oxygen Control for Activated Sludge Processes.
Preprints of the 9th IFAC/lFORS/lMACS/lFIP Symposium Large Scale Systems:Theory & Applications,
Bucharest, Romania, 18-20 July: 548-553.

Breyfogle, F.w.& Breyfogle F.W. III. 2003. Implementing Six Sigma: Smart Solution using Statistical
Methods, Technology & Engineering, 275.

416



Bronson, R 1973. Theory and Problems of Modern Introductory Differential Equations [Schaum's
Outline Series}, New York, McGraw-HilI.

Brouzes, P. 1968. Automated Activated sludge Plants with respiratory metabolizm control, Proceeding
of the 4th International Conference on Water Pollution Control Research, Prague.

Brown, R.G. & Hwang, P.Y.C. 1992. Introduction to random signals and applied Kalman Filtering, 2nd

ed, New York., John Wiley & Sons.

Burden, RL., Douglas Faires, J. & Reynold, S. 1981. Numerical Analysis, 2nd ed, Pacific Grove,
Carlifornia., Prindle, Webber & Schmidt.

Busby, J.L. & Andrews, J.F. 1973. Dynamic modeling and control strategies for the activated sludge
process. Research Report, Dept of Environmental Systems Engineering, Clemson University,
Clemson, S Carolina.

Caminal, G., Lafuente, J., Lopez-Santin, J., Poch, M. & Sola, C. 1987. Application of Extended
Kalman Filter to identification of Enzymatic Deactivation. Biotechnology Bioengineering, 29: 366-369.

Carlson, B. 1993. On-line estimation of the respiration rate in an Activated Sludge Process, Water
Science Technology, 28, 427-432.

Carney, T.M. & Goldwyn, RM. 1967. Numerical experiments with various optimal estimators. Journal
of Optimization Theory Applications, 1: 113-130.

Carson, E.R., Cobelli, C. & Finkelstein, L. 1979. The Identification of Metabolic Systems - A Review.
In Iserman, R, Identification and System Parameter Estimation, Oxford, Pergamon Press, 1: 151-171.

Chavent, G. 1979. Identification of Distributed Parameter Systems: About the Output Least Square
Method, its Implementation, and Identifiability. In Iserman, R, Identification and System Parameter
Estimation, Oxford, Pergamon Press, 1: 85-97.

Chen, L., Bastin, G. & Dochain, D. 1990. Parameter identifiability of a class of nonlinear
compartmental models for bioprocesses. Proc. IFAC World Congress, Tallinn, USSR

Chen, L. 1990 Identification and Control of Biological Systems. Doctoral Dissertation, University
Catholic Louvain, Belgique.

Chidambara, M.P. 1969. Further comments by M.R Chidambara. IEEE Transactions Automatic
Control, AC-12:799-800.

Childers, D.G. 1997. Probability and Random Processes, New York, McGraw-Hill-Irwin.

Chow, G.C. 1964. A comparison of alternative estimators for simultaneous equations. Econometrica,
32: 532-553.

Christofides, P.D. & Daoutidis, P. 1998. Robust control of hyperbolic PDE systems. Chemical
Engineering Science, 53(1): 85-105.

Christofides, P.D. & Daoutidis, P. 1996. Feedback control of hyperbolic PDE systems. American
Institute of Chemical Engineers Journal, 42( 11): 3063-3086.

Cinlar, E. 1975. Introduction to Stochastic Processes, Englewood Cliffs, Prentice-Hall.

Clark, D.W. 1967.Generalised least squares estimation of parameters of a dynamic model. 1st IFAC
Symposuim on Identification and Automatic Control and Systems, Prague.

417



Close, C.M. & Frederick, OK 1994. Modeling and Analysis of Dynamic Systems, 2nd_ed, New York.,
Wiley.

Conte,C.M., Dean, S.K. & de Boor, C. 1980. Elementary Numerical Analysis, 3rd ed, NewYork.,
McGraw-HilI.

Cooper, G.R & McGillem, C.D. 1998. Probabilistic Methods of Signal and System Analysis, 3,ded.,
Oxford, Oxford University Press.

Copp, J. 2002. COST Action 624 - - The Cost Simulation Benchmark: Description and Simulation
Manual, European Commission.

Cragg, J.G. 1967. On the relative small sample properties of several structural-equation estimators.
Econometrica, 35: 89-110.

Crassidis, J. & Jenkins, J. 2004. Optimal estimation of dynamic systems, New Jersey, Chapan &
Hall/CRC.

Cronje, G.L., Beeharry, AO., Wentzel, M.C. & Ekama, GA 2002. Active biomass in activated sludge
mixed liquor. Water Res., 36: 439-444.

Dacosta, P., Kordich, C., Williams, D. & Gomm, J.B. 1997. Estimation of inaccessible fermentation
states with variable inoculum sizes. Artificial Intelligence Engineering, 11(4): 383-392.

Dal, H., Sinha, N. & Puthenpura, S. 1989. Robust combined estimation of states and parameters of
bilinear systems, Automatica, 25(4), 613-616.

Darouach, M., Zasadzinski, M. & Xu, S. 1994. Full order observers for linear systems with unknown
inputs, IEEE Transaction Automation Control, 39(3), 1068-1072.

Davison, E.J. 1966. A method for simplifying linear dynamic systems. IEEE Transactions Automatic
Control, AC-ii: 93-101.

Dekkers, RM., 1983, State estimation of fed-batch Baker's yeast fermentation. In A Halme (Ed.),
Modelling and Control of Biotechnical Processes, Pergamon, Oxford: 201-212.

Director, S.W. & Rohrer, RA 1988. Introduction to System Theory, New York, McGraw-HilI.

Dochain, 0, 2003. State and parameter estimation in the chemical and biochemical processes: a
tutorial. Journal of Process Control, 13: 801-818.

Dochain, D. & Vanrolleghem, PA, 2001. Dynamical Modelling and Estimation in Wastewater
Treatment Processes, London, UK. IWA Publishing.

Dochain, D., Vanrolleghem, PA & Van Daele, M. 1995. Structural identifiability of biokinetic models of
activated sludge respiration. Water Research, 29: 2571-2579.

Dold, P.L., Wentzel, M.C., Billing, AE., Ekama, GA & Marais G.v.R 1991.Activated sludge simulation
programs. Water Research Commission, P,O. Box 824, Pretoria 0001, South Africa.

Dold, P.L., Ekama, GA & Marais, G.v,R 1980. A general model for the activated sludge process.
Progress Water Technology, 12: 47-77.

Downing, AL., Painter, HA & Knowles, G. 1964. Nitrification in the activated sludge process, Journal
of Proceedings Institute Sewerage Purification, 64: 130-158.

Drazin, P.G. 1992. Nonlinear Systems, Cambridge, Cambridge University Press.

418



Eckenfelder, W.W. & Grau, P. 1992. Activated sludge process design and control: Theory and
practice, Lancaster, Pennsylvania, Technomie Publishing Company.

Ekama, GA & Wentzel, M.C. 1999. Denitrification kinetics in biological Nand P removal activated
sludge systems treating municipal wastewaters, Water Science Technology, 39(6):69-77.

Ekama, G., Dold, P. & Marais, G. 1986. Procedures for determining influent COD fractions and
maximum specific growth rate of heterotrophs in activated sludge systems, Water Science
Technology, 18,91-114.

Ekama, G., Marais, G., Pitman, A, Keay, G., Buchan, L., Gerber, A & Smollen, M. 1984. Theory,
design and operation of Nutrient removal Activated Sludge Process, South African Water Research
Commission, Pretoria, South Africa.

Ekama, GA & Marais, G.v.R 1979. Dynamic behaviour of the activated sludge process, Journal
Water Pollution Control Federation, 51: 534-556.
Englezos, P. & Kalogerakis, N. 2001. Applied Parameter Estimation for Chemical Engineers, New
York, Marcel Dekker.

Enns, D.F. 1984. Model reduction with balanced realizations: an error bound and a frequency
weighted generalization. In: Proceedings 23rd Conference Decision Control, Las Vegas, NV: 127-1321.

Farza, M., Hammouri, H., Othman, S. & Busawon, K. 1997. Nonlinear observers for parameter
estimation in bioprocesses. Chemical Engineering Science, 52(23): 4251-4267.

Fausett, L.V. 1999. Applied Numerical Analysis using MATLAB, Englewood Cliffs, Prentice-Hall.

Feller, W. 1971. An Introduction to Probability Theory and Its Application, New York, Wiley.

Fernando, K.v. & Nicholson, H. 1982. Singular perturbation model reduction of balance systems. IEEE
Transactions Automatic Control, AC-27(2): 466-468.

Ferreira, E., Rocha, I. & Veloso, AC., 2005. Design of On-line State Estimators for Recombinant E.
Coli fed-batch Fermentation. Preprints from Proceedings of the ie" IFAC World Congress, 4 July - 8
July, Prague, Czech Republic.

Fisher, W.R, Doherty, M.F. & Douglas, J.M. 1988. The Interface between Design and Control. 1.
Process Controllability. Industrial Engineering Chemical Research, 27: 597-605.

Fletcher, R 1987. Practical Methods of Optimization, Chichester, Great Britain. John Wiley and Sons,
Ltd.

Ford, D.L. & Eckenfelder Jr., WW. 1967.The role of enzymes in the contact stabilization process-
discussion. Advances in Water Pollution Research, 2. Article by Siddinqi, RH., Engelbrecht, RS. &
Speece RE. Journal Water Pollution Control Federation, 39: 1211-1222.

Fossard, AJ. & Normand-Cyrot, D. 1995. Nonlinear Systems, vol. 1 Modeling and Estimation,
London, Chapman and Hall.

Francisco, M., Vega, P. & Perez, O. 2005. Process Integrated Design within a Model Predictive
Control Framework. Preprints from Proceedings of the ie" IFAC World Congress, 4 July - 8 July,
Prague, Czech Republic.

Francisco, M., Vega, P., Perez, O. & Poch, M. 2003. Dynamic Optimization for Activated Sludge
Integrated Design. European Control Conference, UK.

419



Fuchard, M., Bernard, O. & Gouze, J. 2002. Interval observers with guaranteed confidence levels:
Application to Activated Sludge Process.

Fuerhacker, M., Bauer, H., Ellinger, R., Sree, U., Schmid, H., Zibuschka, F. & Puxbaum, H. 2000.
Approach for a novel control strategy for simultaneous nitrification/denitrification in activated sludge
reactors. Water Research, 34(9): 2499-2506.

Gardener, W. 1990. Introduction to Random Processes, 2nd ed., New York, McGraw-HilI.

Gaslan, E.H., Voros, S., Banks, J., Wilson, D., Hillis, P., Campbell, A.T. & Parsons, SA 2003. A
model for predicting dissolved organic carbon distribution. Water Research, 38: 783-791.

Gaudy, A.F., Obayashi, O. & Gaudy, E.T. (1971). Control of growth rate by initial substrate
concentration at values below maximum rate. Applied Microbiology, 22: 1041-1047.

Gauthier, J.-P. & Kupka, I. 1994. Observability and observer for nonlinear systems. SIAM J. Control
Optimization, 32: 975-994.

Gauthier, J.-P., Hammouri, H. & Othman, S. 1992. A simple observer for nonlinear systems
applications to bioreactors. IEEE Transactions. Automation Control, 37: 875-880.

Gawthrop, P.J. & Wang, L. 2004 Estimation of physical parameters of stable and unstable systems via
estimation of step response. Proceedings of s" International Conference on Control, Automation,
Robotics and Vision, Kumin, China.

Gehan, 0., M'Saad, M., Farza, M. & Pigeon, E. 1999. Robust Control and Nonlinear Estimation for
Bioprocess Monitoring, 14th TrienniallFAC World Congress, Beijing, P.R. China: 445-450.

Geladi, P. & Kowalski, B.R. 1986. Partial Least Squares Regression: A Tutorial. Analytica Chimica
Acta, 185: 1-17.

Gerksie, S., Vrecko, D. & Huala, N. 2005. Improving oxygen control in activated sludge process with
estimation of respiration and scheduling control. http://www.sciencedirect.com

Gernaey, K.v., van Loosdrecht, C.M., Henze, M., Lind, M. & Jorgensen, S.B. 2004: Activated sludge
wastewater treatment plant modelling and simulation: state of the art. Environmental Modelling &
Software, 19: 763-783.

Gernshenfeld, 1999. The Nature of Mathematical Modeling, Cambridge, Cambridge University.

Gillijns, S. & de Moor, B. 2007. Unbiased minimum-variance input and state estimation for linear
discrete-time systems, Automatica, 43, 111-116.

Glover, K. 1984. All optimal Hankel-norm approximations of linear multivariabie systems and their Loo
error bounds. International Journal Control, 39(6): 1115-1193.

Goldbic, L., Gerkes, H., Bajsic, I. & Malensk, J. 2000. Software sensor for biomass concentration
concentration monitoring during industrial fermentation. Instrumentation Science Technology, 28(4):
323-334.

Godfrey, K. & Di Stefano, J. 1985. Identifiability of model parameters, in: Identification and system
parameter estimation, Oxford:Pergamon Press, 89-144.

Golub, G. & van Loon, C. 1996. Matrix Computations, 3,d ed., Baltimore, Maryland, The John Hopkins
University Press.

420

http://www.sciencedirect.com


Gomez-Quintero, C. & Queinnec, I. 2002. Robust estimation for an uncertain model of an activated
sludge model. Proceedings of the 2002 IEEE International Conference on Control Applications,
Glasgow, 972-977.

Gomez-Quintero, C. & aueinnec, I. 2002. State and disturbance estimation for an alternating activated
sludge process. Proceedings of the 15th IFAC Congress, Barcelona, CD-ROM, 1-6.

Goodman, R 1988. Introduction to Stochastic Models, Menlo Park, California, Benjamin-Cummings.

Goodwin, G.C., Mcinnis, B.C. & Long, RS. 1980. Adaptive control algorithms for waste water
treatment and pH neutralization. Optimization Control Applied Methods, 3: 443-459.

Gauze, J.L., Rapaport, A. & Hadj-Sadok, Z. 2000. Interval observers for uncertain biological systems.
Ecological Modelling, 133: 45-56.

Green, M. & Limbeer, D.J.N. 1995. Linear Robust Control, Englewood Cliffs, NJ, Prentice Hall, Inc.

Gude, RD., Shah, S.L. & Gray, M.R 1995. Adaptive multirate state and parameter estimation
strategies with application to a bioreactor. American Institute of Chemical Engineers Journal, 41 (11):
2451-2464.

Gugercin, S. & Antoulas, A.C. 2000. A comparative study of 7 algorithms for model reduction. In:
Proceedings of 39th IEEE Conference of Decision Control, 2367-2372.

Gujer, W., Henze, M., Mino, T. & Van Loosdrecht, M.C.M. 1999. The Activated Sludge Model NO.3.
IAWQ Task Group Mathematical Modelling for Design and Operation of Biological Wastewater
Treatment. KolIekolIe.

Haarsma, G. & Keesman, K. 1995. Robust model predictive dissolving oxygen control, Proceedings of
the 9th Forum Applied Biotechnology, Gent, Belgium, 2715-2725.

Hadj-Sadok, M.Z. & Gauze, J,L. 2001. Estimation of uncertain models of activated sludge processes
with internal observers. Journal of Process Control, 11: 299-310.

Halevi, y" Zlochevsky, A. & Gilat, T. 1997. Parameter-dependent model order reduction. International
Journal Control, 66(3): 463-485.

Hart, C.W. 1998. On-line first principle models-state estimation. Presented to the IchemE, The Fifth
Conference on Advances in Process Control, 2 -3 September in Swansea.

Helstrom, C.W. 1991. Probability and Stochastic Processes for Engineers, 2nd ed, New York,
MacMi"an.

Henze, M., Gujer, W., Mina, T., Matsuo, T., Wentzel, M.C., Marais, G.v.R & Loosdrecht, M.C.M,
March, 1998. Outline Activated Sludge Model No. 2d. lAWa Task Group on Mathematical Modelling
for Design and Operation of Biological Wastewater Treatment Processes. KolIekolIe.

Henze, M., Gujer, W., Mina, T., Matsuo, T., Wentzel, M.C. & Marais, G.v.R 1995. Activated sludge
model NO.2. IAWQ Scientific and Technical Report NO.3, IAWQ, London.

Henze, M., Gujer, W., Mina, T., Matsuo, T., Wentzel, M.C. & Marais, G.v.R 1994. Activated sludge
model NO.2. IAWQ Scientific and Technical Report NO.2, IAWQ, London.

Henze, M., Grady Jr., C.P.L., Gujer, W" Marais, G.v,R & Matsuo, T .. 1987. Activated sludge model
NO.1. IAWPRC Scientific and Technical Report NO.1, IAWPRC task group on mathematical modeling
for design and operation of biological wastewater treatment, London.

421



Hoei, P.G. 1971. Introduction to Mathematical Statistics, 4th ed, New York, Wiley.

Holmberg, A 1983b. A microprocessor-based estimation and control system for the activated sludge
process. Halme, A, Modelling and Control of Biotechnical Processes, Oxford, Pergamon: 111-120.

Holmberg, A 1982. On the practical identifiability of microbial growth models incorporating Michaelis-
Menten type nonlinearities. Mathematics Biosciences, 62:23-43.

Holmberg, A & Ranta, J. 1982. Procedures for parameter and state estimation of microbial growth
process models. Automatica, 18: 181-193.

Holmberg, A, Selkainako, T., Pallasvuo,O. & Halme, A 1980. Microprocessor based estimation and
control of the activated sludge wastewater treatment process- experimental testing at the Shomonoje
research plant, System Theory Laboratory, Report Series B59, 10.6-2.7.1980, Helsinki University of
Technology.

Holmberg, U. 1990. On identiability of dissolved oxygen concentration dynamics, Proceedings of the
IAWPRC's 25th Anniversary Conference and Exhibition, Kyoto, Japan, 113-119.

Holmberg, U. & Olsson, G. 1986. Simultaneous on-line estimation of oxygen transfer rate and
respiration rate. Johnson, A., Modelling and Control of Biotechnological Processes, Oxford,
Pergamon: 205-209.

Holmberg, U. & Olsson, G. 1985. Simultaneous on-line estimation of oxygen transfer rate and
respiration rate, Proceedings of the 1st IFAC Symposium on Modelling and Control of Biotechnological
processes, 185-189.

Hong, Y-S. & Bhamidimarri, R. 2003. Evolutionary self-organising modeling of a municipal wastewater
treatment plant. Water Research, 37: 1199-1212.

Hou, M. & Muller, P. 1991. Design of observers for linear systems with unknown inputs. IEEE
Transaction Automatic Control, AC-37(6), 871-875.

Hou, M. & Muller, P. 1992. Design of observers for linear systems with unknown inputs. IEEE
Transaction Automatic Control, AC-37(6), 871-875.

Hu, Z., Wentzel, M.C. & Ekama, GA 2003. Modelling biological nutrient removal activated sludge
systems - A review. Water Research, 37: 3430-3444.

Huffel, S.Van. & van de Walle, J. 1991. The Total Least Squares Problem, Computational Aspects and
Analysis, SIAM, Philadelphia.

Hulhoven, X. & Bogaerts, P. 2005. Maximum Likelihood adaptive observer for bioprocesses. Preprints
from Proceedings of the is" IFAC World Congress, 4 July - 8 July, Prague, Czech Republic.

Hulhoven, X. & Bogaerts, Ph. 2004. Stochastic full horizon-asymptotic hybrid observer applied to a
simulated cell culture, In : Proceedings of the Computer Application in Biotechnology Conference
Cab'9), IFAC, Nancy.

Ikonen, E. & Najim, K. 2002. Advanced Process Identification and Control, New York, Marcel Dekker.

Ingilsen, P. 2002a. Realising Full-Scale Control in Watewater Treatment Systems Using In situ
Nutrient Sensors, Ph.D. thesis, Dept of Industrial Electrical Engineering and Automation, Lund
University, Sweden.

Ingildsen, P., Jeppson, U. & Olsson, G. 2002b. Dissolved oxygen controller based on on-line
measurements of ammonia combining feedforward and feedback, Water Science Technology., 45(4-

422



5): 453-460.

Jacquart, J.C., Lefort, D. & Lovel, J.M. 1973. An attempt to take account of biological storage in the
mathematical analysis of activated sludge behaviour. In Jenkins S.H. (Ed.) Advances in Water
Pollution Research, New York, Pergamon Press.

James,S., Legge, R & Budman, H. 2002. Comparative study of blackbox and hybrid estimation
methods in fed-batch fermentation. J. Process Control, 12(1): 113-121.

Jannssen, M.J.M., Hopkins, L.N., Petersen, B. & Vanrolleghem, PA 2000. Reduction of an activated
sludge process model to facilitate controller tuning. In Van Landeghem, R (Ed.), Proceedings of the
14th European Simulation Multiconference, Society for Computer Simulation International (SCS): 697-
701.

Jeppsson, U. 1996. Modelling Aspects of Wastewater Treatment Processes, Lund University, Lund,
Sweden. Reprocentralen.

Jeppsson, U. & Olsson, G. 1993. Reduced order models for on-line parameter identifications of the
activated sludge process. Water Science Technology, 28(11/12): 173-183.

Johnson, A. & Tiedeman, A.R, 1985. Model reduction of an oxygen enriched industrial waste-water
treatment process, IFAC Modelling and Control of Biotechnological Processes, Noordwijkerhout: 167-
173.

Juang, J.-N. 1994. Applied System Identification, Englewood Cliffs, Prentice-Hall.

Junkins, J. 1969. On the Optimization and Estimation of Powered Rocket Trajectories using
Parametric Differential Correction Processes. Tech. Rep. SM 61793, McDonnell Douglas Astronautics.

Kabouris, J.C. & Georgakakos, A.P. 1996. Parameter and state estimation of the activated sludge
process: On-line algorithm. Water Research, 30(12): 3115-3129.

Kabouris, J.C.& Georgakakos, A. P. 1996. Parameter and state estimation of the activated sludge
process-I. Model development. Water Research, 30(12): 2853-2865.

Kabouris, J.C. & Georgakakos, A.P. 1996. Parameter and state estimation of the activated sludge
process-II. Applications. Water Research, 30(12): 2867-2882.

Kalman, RE. 1960. New approach linear filtering and prediction problems, Transaction of the ASME
Journal of Basic Engineering, 35-45.

Kalman, R & Busy, R 1961. New results in linearing filtering and prediction theory. Journal of Basic
Engineering, March, 95-108.

Kalmus, H. 1966. Regulation and Control in Living Systems, New York, Wiley.

Katebi, M.R, Johnson, MA & Wilke, J. 1999. Control and Instrumentation for Wastewater treatment
Plant, Springer-Verlag, London, ISBN 1-85233-054-6.

Katoh, M.H.K. & Masubuchi, M. 1981. Analysis and state estimation of enzyme kinetic model for
microbial growth processes. In Pr.eprints 8th triennallFAC World Congress, Kyoto, Japan, 22: 159-164.

Keesman, K.J. 2002. State and parameter estimation in biotechnical batch reactors. Control
Engineering Practice, 10: 219-225.

Keirn-Jesperson, J.P. & Henze, M. 1993. Biological phosphorus removal from wastewater by aerobic-
anoxic sequencing batch reactors. Water Research, 27: 617-624.

423



Khalil, H.K. 2002. Nonlinear Systems. 3rd ed., Upper Saddle River, N.J., Prentice-Hall.

Kim, H., McAvoy, T.J., Anderson, J.S. & Haa, O.J. 2000. Control of alternating aerobic-anoxic
activated sludge system- Part 2: optimization using a linearized model. Control Engineering Practice,
8: 279-289.

Ko, K.Y., Me Innis, B.C. & Goodwin, G.C. 1982. Adaptive control and identification of the dissolved
oxygen process. Automatica, 18(6): 727-730.

Kokotovic, P.V., O'Malley, RC. & Sannuti, P.I. 1976. Singular perturbation and order reduction in
control theory- an overview. Automatica, 12: 123-132.

Kotob, S., Albrecht, C., Jaridan, M. & Kafeety, H. 1987. Adaptive Bioreactor Identification Using
Sensitivity of Process Stoichiometry, Proc. to" IFAC World congress, Munich, July 27-31, 2: 344-349.

Krauss, P., Dass, K. & Rake, H. 1994. Model Based Predictive Controller with Kalman Filtering for
State Estimation, Advances in model based predictive control, Oxford University Press: 69-83.

Kreisselmeier, G. 1977. Adaptive observers with exponential rate of convergence. IEEE Transaction
Automation Control, AC-22,1: 2-8.

Kumar, R & Moore, J.B. 1979. Towards Bias Elimination in Least Squares Identification via Detection
Techniques. In Iserman, R, Identification and System Parameter Estimation, Oxford, Pergamon
Press, 1: 315-322.

Kwakernaak, H. & Sivan, R 1972. Linear Optimal control systems, New York, John Wiley.

Lakshminarayanan, S., Gudi, R, Shah, S.L. & Nandakumar, K. 1996. Monitoring batch processes
using multivariate statistical tools: extensions and practical issues. Proceedings of IFAC World
Congress, San Francisco: 241-246.

Langholz, G. & Feinmesser, D. 1978. Model reductions by Routh Approximations. International
Journal System Scinence, 9(5): 493-496.

Latham, A. & Anderson, B.o.O. 1985. Frequency-weighted optimal Hankel-norm approximation of
stable transfer functions. System Control Letters, 5: 229-236.

Law, A. & Kelton, D. 1991. Simulation, Modeling and Analysis, New York, McGraw-HilI.

Lawrence, A.W. & McCarty, P.L. 1970. Unified Basis for biological treatment, design and operation.
Journal of Sanitation Engineering Division, ASCE, 96(SA3): 757- 778.

Larrea, L., Garcia-Heras, J.L., Ayesa, E. & Florez, J. 1992. Designing experiments to determine the
coefficients of activated sludge models by identification algorithms. Water Science Technology, 25:
149-165.

Lee, T.T., Wang, F.Y. & Newell, RB. 1999. Dynamic modelling and simulation of activated sludge
process using orthogonal collocation approach. Water Research, 32(1): 73-86.

Lee, TT., Wang, F.Y. & Newell, RB. 1999. Dynamic simulation of bioreactor systems using
orthogonal collocation on finite elements. Computers and Chemical Engineering, 23: 1247-1262.

Lee, T.T, Wang, F.Y. & Newell, RB. 1999. Distributed parameter approach to the dynamics of
complex biological processes. American Institute of Chemical Engineers, 45(10): 2245-2268.

Lee, T.T, Wang, F.Y. & Newell, RB. Robust multivariabie control of complex biological process (in

424



preparation ).

Lefevre, L., Dochain, D., Feyo de Azevedo, S. & Magnus, A 2000. Optimal selection of orthogonal
polynomials applied to the integration of chemical reactor equations by collocation methods.
Computers and Chemical Engineering, 24: 2571-2588.

Leigh, J.R. & Ng, M.H. 1984. Estimation of biomass and secondary product in batch fermentation. In
A Bensoussan and L.L. Lions (Ed.), Analysis and Optimization of Systems, Berlin, Springer Verlag, 2:
456-467.

Leigh, J.R. & Ng, M.H. 1984. Estimation of biomass and secondary product in batch fermentation. e"
International Conference of Analysis & Optimization Systems, Nice, France: 19-22.

Lennox, B., Montague, GA, Hiden, H.G., Kornfeld, G. & Goulding, P.R. 2001. Process monitoring of
an industrial fed-batch fermentation. Biotechnology Bioengineering, 74(2): 125-135.

Leon-Garcia, A. 1989. Probability and Random Processes for Electrical Engineering, Reading, Mass,
Addison-Wesley.

Lepschy, A, Mian, GA & Viara, U. 1987. A method for optimal linear model reduction. System
Control Letters, 8: 405-410.

Lesouef, A, Payraudeau, M., Rogalla, F. & Kleiber, B., 1992. Optimizing nitrogen removal reactor
configurations by on-site calibration of the IAWPRC activated sludge model. Water Science
Technology, 25: 105-123.

Levenberg, K. 1944. A method for the solution of certain nonlinear problems in least squares,
Quarterly of applied Mathematics, 2: 164-168.

Lewis, R. 1986. Otimal estimation with an introduction to stochastic control theory, New York, John
Wiley & Sons, Inc.

Lindberg, C. 1997. Control and estimation strategies. Applied to the Activated Sludge Process, Ph.D.
Thesis, Uppsala University, Uppsala.

Lindberg, C.-F. & Carlson, B. 1996. Estimation of the respiration rate and oxygen transfer function
utilizing a slow do sensor. Water Science Technology, 33(1 ):325-333.

Lindberg, C. & Carlson, B. 1996. Nonlinear and set point control of the dissolved oxygen dynamic in
an Activated Sludge Process. Water Science Technology, 34, 135-140.

Lira, V., Barros, P., Nero, J. & van Haandel, A 2004. Estimation of Dissolved oxygen Dynamics for
Sequencing Batch Aerobic Reactors. IMTC 2004 - Instrumentation and Measurement Technology
Conference, Como.

Ljung, L. 1987. System Identification: Theory for the User, Englewood Cliffs, New Jersey, USA
Prentice Hall, Inc.

Luenberger, D.G. 1984. Linear and Nonlinear Programming, 2nd ed., Addison-Wesley Publishing
Company.

Luenberger, D.G. 1969 Optimization by Vector Space Methods, New York, John Wiley and Sons.

Lukasse, L.J.S., Keesman, K.J. & van Straten, G. 1999. A recursively identified model for short-term
predictions of NH 4/ NO) - Concentrations in alternating activated sludge processes. Journal of
Process Control, 9: 87-100.

425



Lukasse, L.J.S., Keesman, K.J. & van Straten, G. 1997. Estimation of BODst, respiration rate and
kinetics of activated sludge. Water Research, 31(9): 2278-2286.

Lukasse, L.J.S., Keesman, K.J. & van Straten, G. 1996. Grey-box identification of dissolved oxygen
dynamics in activated sludge process, Proceedings of the 13th World Congress of IFAC, San
Francisco, USA, 485-490.

Luus, R. 1980. Optimization in model reduction. International Journal Control, 32(5): 741-747.

Luyben, M.L. 1993 Analyzing the Interaction between Process Design and Process Control. Ph.D.
Thesis, Princeton University.

Maciejowski, J.M. 2002. Predictive Control with constraints, England, Prentice-Hall, Pearson
Education: 74-88.

Mailleret, L., Bernard, O. & Steyer, J.-P. 2004. Robust nonlinear adaptive control for bioreactors with
unknown kinetics. Automatica, 40(8): 365-383.

Makinia, J. & Wells, SA 2000. A general model of the activated sludge reactor with dispersive flow- I.
Model development and parameter estimation. Water Research, 34(16): 3987-3996.

Manesis, SA, Sapid is, D.J. & King, R.E. 1998. Intelligent control of wastewater treatment plants.
Artificial Intelligence. Engineering, 12: 275-281.

Marais, G.v.R., Ekama, GA 1976: "The activated sludge process Part 1 - steady state behaviour".
Water SA, 2(4): 163.

Marcos, N., Guay, M., Dochain, D. & Zhang, T. 2004. Adaptive Extremum-Seeking Controlof a
Continuous Bioreactor. Journal of Process Control, 14(3): 317-328.

Mareeis, I.M.Y., Gevers, M., Bastin, G. & Dochain, D. 1987 Exponential convergence of a new error
system arising from adaptive observers. Proc. 26th IEEE Conference December Control, Los Angeles:
16-19.

Margaria, G., Kiccomagno, E., Chapell, M. & Wynn, H. 2001. Differential algebra methods for the
study of the structural identifiablity fa rational function state space models in the biosciences,
Mathematics Biosciences, 1-26.

Marsili-Libelli, S., Guerrizio, S. & Checchi, N. 2003. Confidence regions of estimated parameters for
ecological systems. Ecological Modelling, 165: 127-146.

Marsile-Leblli, S. & Guinti, L. 2002. Fuzzy predictive control for nitrogen removal in biological
wastewater treatment. Water Science Technology, 45(4 - 5): 37-44.

Marsili-Libelli, S. & Tabani, F. 2002. Accuracy analysis of a respirometer for activated sludge dynamic
modelling. Water Research, 36: 1181-1192.

Marsili-Libelli, S., Ratini, P., Spagni, A. & Bortone, G. 2000. Implementation, study and calibration of a
modified ASM2d for the simulation of SBR processes. Water Science Technology, 43(3): 69-76.

Marsili-Libelli, S. & Giovannini, F. 1997. On-line estimation of the nitrification process. Water
Research, 31(1): 179-185.

Marsili-Libelli, S.& Vaggi, A. 1997. Estimation of respirometric activities in bioprocesses. Journal of
Biotechnology, 52: 181-192.

426



Marsili-Libelli, S. 1992. Parameter estimation of ecological models. Ecological Modelling, 62: 233-258.

Marsili-Libelli, S. 1990. Adaptive estimation of bioactivities in the activated sludge process, In : IEEE
Proceeding Control Theory and Applications, 37-6: 349-356.

Marsili-Libeili, S., Giardi, R & Lasagni, M. 1985. Self-tuning control of activated sludge process.
Environmental Technology Letters.

Marsili-Libeili, S. 1983. On-line estimation of bioactivities in activated sludge processes. In Halme, A.,
Modelling and Control of Biotechnical Processes, Oxford, Pergamon: 121-126.

Marsili-Libelli, S. 1980. Reduced-order modelling of the activated-sludge process. Ecological
Modelling, 9: 15-32.

Marquardt, D. 1963. Algorithm for Least-Squares Estimation of Nonlinear parameters. Journal of the
Society for Industrial and Applied Mathematics, June, 11(2).

Mathieu, S. & Etienne, P. 2000. Estimation of wastewater biodegradable COD fractions by combining
respirometric experiments in various SO/XO ratios. Water Research, 34(4): 1233-1246.

Maurer, M. & Gujer, W. 1994. Prediction of the performance of enhanced biological phosphorus
removal plants. Water Science Technology, 30(6): 333-44.

Mazouni, D., Ignatova, M. & Harmand, J. 2004 (an accepted for oral presentation). A simple mass
balance for biological sequence batch reactor used for carbon and nitrogen removal. In the
proceedings of IFAC - DECOM04, 3 - 5 October, Bansko, Bulgaria.
Mehra, RK. 1979. Nonlinear System Identification: Selected Survey and Recent Trends. In Iserman,
R, Identification and System Parameter Estimation, Oxford, Pergamon Press, 1: 77-83.

Mesarovic, M.D. 1968. Systems Theory and Biology, Berlin, Springer-Verlag.

Mcinnis, B.C., Lin, C.-Y. & Butler, P.B. 1979. Adaptive Microcomputer dissolved Oxygen Control for
Wastewater Treatment. In Iserman, R, Identification and System Parameter Estimation, Oxford,
Pergamon Press, 1: 789-793.

McKinney, RE. 1962. Mathematics of complete mixing activated sludge. Journal of Sanitation
Engineering Division, ASCE., 88(SA3), Proceedings Paper 3133: 87.

Mkondweni, N. 2002. Modelling and Optimal Control of Fed-batch Fermentation Process for the
Production of Yeast. Submitted towards the Mtech: Electrical Engineering.

Moilanen, U.R 1981. State and parameter estimation experiments by a fermentation process. In
preprints s" triennal IFAC World Congress, Kyoto, Japan, 22: 185-191.

Moisan, M. & Bernard, O. 2005. Interval Observers for Non Monotone Systems. Application to
Bioprocesses. Preprints from Proceedings of the 16th IFAC World Congress, 4 July - 8 July, Prague,
Czech Republic.

Montague, GA 1997. Monitoring and control of fermenters, Institution of Chemical Engineers.

Montgomery, D.C. 1997. The Use of Statistical Process Control and Design of Experiments in Product
and Process Improvement, liE Transactions, 24, 479, In Al-Sultan Khaled S. & Rahim, MA,
Optimization in Quality Control, Technology & Engineering

Moore, B.C. 1981. Principal component analysis in linear system: Controllability, observability and
model reduction. IEEE Transactions Automatic Control AC-26: 17-32.

427



Moreno, J. 1999. "Optimal control of bioreactors for wastewater treatment". Optimal Control
Applications and Methods, 20: 145-164.

Morris, J.C. & Stumm, W. 1960. Colloidal aspects of waste treatment. Proceedings. Rudolphs
Research Conference, Rutgers University.

Murnleitner, E., Kuba, T., van Loosdrecht, M.C.M. & Heijnen, J.J. 1997. An integrated metabolic model
for aerobic and denitrifying biological phosphorus removal. Biotechnology Bioengineering, 54: 434-
450.

Narendra, K.S. & Annaswany, A.M. 1989. Stable Adaptive Systems. Englewood Cliffs, Prentice-Hall.

Neff, H.P. 1984. Continuous and Discrete Linear System, New York, Harper and Row.

Nejjari, F., Raux, G., Dahhou, B. & Benhammou, A. 1999. Estimation and optimal control design of
biological wastewater treatment process. Mathematics Control Simulation, 48: 269-280.

Nejjari, F., Benhammou, A., Dahhou, B. & Roux, G. 1999 Nonlinear multivariabie adaptive control of
an activated sludge wastewater treatment process, International Journal of Adaptive Control and
Signal Processing, 13(5): 347-365.

Nejjari, F., Benhammou, A., Dahhou, B. & Roux, G. 1997. Nonlinear multivariabie control of a
biological wastewater treatment process, Proceedings of EEC 97, Brussels.

Nejjari, F., BenYoussef, C., Benhammou, A. & Dahhou, B. 1996. Procedures for state and parameter
estimation of a biological wastewater treatment, CESA'96 IMACS, Lille, France, 9-12 July, 1: 238-243.

Nelson, B. 1995. Stochastic Modeling, Analysis and Simulation, New York, McGraw-HilI.

Newell, RB. & Cameron, I.T. 2000. DaeSim Studio Modelling and Simulation Environment. DaeSim
Technologies Pty Ltd, Brisbane, Australia. Available from http://www.daesim.com.

Newell, RB. & Cameron, IT. 1991. NIMBUS Users manual. Computer-Aided Process Engineering
Centre, Department of Chemical Engineering, The University of Queensland, Brisbane, Australia.

Nihtila, M., Harmo, P. & Perttula, M. 1984. Real-time growth estimation in batch fermentation. Proc.
9th IFAC World Congress, Budapest, July 2-6: 225-230.

Nomikas, P. & MacGregor, J.F. 1994. Monitoring batch processes using multiway principal component
analysis. American Institute of Chemical Engineers. Journal, 40(8): 1361-1373.

Norgaard, M., Poulsen, N. & Raun, O. Easy and accurate state estimation for nonlinear
systems, Preprints of the 14th World Congress, China, J-3d-04-4, 343-348.

O'Brien, M., Castillo, S.E.P. & Katebi, R 2005. Model Based Predictive Control for Wastewater
Applications. Preprints from Proceedings of the ie" IFAC World Congress, 4 July - 8 July, Prague,
Czech Republic.

Ohlsson, H., Roll, J., Glad, T. & Ljung, L. 2007. Using manifold learning for nonlinear system
identification, Preprints of the ih IFAC Symposium of Nonlinear Control Systems, Pretoria, South
Africa, 706-711.

Oliveira, R, Ferreira, E.C. & Feyode Azevedo, S., 2002. Stability dynamics of convergence and tuning
of observer-based kinetics estimators. Journal of Process Control, 12: 311-323.

Oliveira, R, Ferreira, E.C., Oliveira, F. & Feyo Azevedo, S. 1996. A study on the convergence of

428

http://www.daesim.com.


observer-based kinetics estimators in stirred tank bioreactors. Journal of Process Control, 6: 367-371.

Olsson, G. 1993. Advancing ICA Technology by Eliminating the Constraints. Water Science
Technology, 28(11-12): 1-7.

Olsson, G. 1992. Control of wastewater treatment systems. ISA Transactions, 31(1): 87-96.

Orupold, K., Masirin, A. & Tenno, T. 2001. Estimation of biodegradation parameters of phenolic
compounds on activated sludge by respirometry. Chemosphere, 44: 1273-1280.

Ossenbruggen, P.J., Spanjers, H., Aspergren, H. & Klapwijk, A. 1991. Designing experiments for
model identification of the nitrification process. Water Science Technology, 24: 9-16.

Otterpohl, R, Raak, M. & Rolfs, Th. July, 1994. A Mathematical Model for the Efficiency of the
Primary Clarification. Proceedings of the lAWa 1ih Biennial Int. Conference, Budapest, Hungary.

Otterpohl, R & Freund, M. 1992. Dynamic Models for Clarifiers of Activated Sludge Plants with Dry
and Weather Flows. Water Science & Technology, 26(5-6): 1391-1400.

Ozkan, L., Romijn, R, Weiland, S., Marquardt, W. & Ludla~e, J. 2007. Model reduction of nonlinear
systems: a grey box modeling approach. Preprints of the 7 IFAC Symposium on Nonlinear Control
Systems, Pretoria, South Africa, 760-765.

Pala, A. & Boliikbas, O. 2005. Evaluation of kinetic parameters for biological CNP removal from a
municipal wastewater through batch tests. Process Biochemistry, 40: 629-635.

Papastratos, S., Hart, C., Speaks, K. & Hayot, P. 1999. State estimation for on-line fisrt principle
models. Presented at the 2nd European Congress of Chemical Engineering, 5 - 7 October, Montpellier,
France.

Pernebo, L. & Silverman, I.M. 1982. Model reduction via balanced state space representations. IEEE
Transactions Automatic Control, AC-27: 2.

Perrier, M., Feyo Azevedo, S., Ferreira, E.C. & Dochain, D. 2000. Tuning of observer-based
estimators: theory and application to on-line estimation of kinetic parameters. Control Engineering
Practice, 8: 377-388.

Petersen, B., Gernaey, K., Devisscher, M., Dochain, D. & Vanrolleghem, PA 2003. A simplified
method to assess structurally identifiable parameters in Monad-based activated sludge models. Water
Research, 37: 2893-2904.

Pohjanpalo, H. 1978. System identifiability based on the power series expansion of the solution,
Mathematics Biosciences, 41, 21-26.

Pomerieau, Y. 1990. Modelisation et controle d'un prodece fed-batch de culture des levu res a pain.,
Ph. D. Thesis, Ecole Poly technique de Montreal, Canada.

Pomerieau, Y. & Perrier, M. 1989. Estimation of multiple specific growth rates in bioprocess. American
Institute of Chemical Engineers Journal, in press.

Pomerieau, Y. & Perrier, M. 1988. Non-linear estimation of specific growth rates in Baker's yeast fed-
batch fermentation. AICHE 1988 Annual Meeting, Washington, DC, paper 132B.

Pomerieau, Y. 1988. Modelisation et controle d'un procede fed-batch de culture des levures a pain
(Saccharomyces cerevisiae). Ecole Poly technique de Montreal, Canada, Internal report.

429



Pons, M.-N., Wu, J. & Potier, O. 2005. Chemometric Estimation of Wastewater Compostion for the on-
line Control of Treatment Plants. Preprints from Proceedings of the 16th IFAC World Congress, 4 July
- 8 July, Prague, Czech Republic.

Porges, N., Jasewicz, L. & Hoover, S.R 1956. Principles of biological oxidations. In McCabe, B.J. &
Eckenfelder, Jr. W.W. (Eds.) Biological Treatment of Sewage and Industrial Wastes, New York,
Reinhold Publishers Company,1: 35-48.

Press, W.H., Flannery, B.P., Teukolsky, SA & Vettering, W.T. 1986. Numerical Recipes: The Art of
Scientific Computing, Cambridge, Cambridge University Press.

Proakis, J.G. & Manolakis, O.G. 1996. Digital Signal Processing, Principles, Algorithms and
Applications 3rd ed., Englewood Cliff, Prentice-Hall.

Profozich, P.M. 1997. Managing Change with Business Process Simulation, Englewood Cliffs,
Prentice-Hall.

Rapaport, A. & Gouze, J.-L. 2003. Parallotopic and practical observers for nonlinear uncertain
systems. International Journal of Control, 76(3): 237-251.

Rapaport, A. & Gouze, J. 1999. Practical observers for uncertain affine outputs injection systems,
Proceedings of the ECC'99 Karlsruhe, Germany.

Rauh, A., Kletting, M., Aschemann, H. & Hofer, E.P. 2004a. Application of Interval Arithmetic
Simulation Techniques to Wastewater Treatment Processes. In the Proceedings of MIC 2004,
Grindelwald, Switzerland: 287-293.

Rauh, A., Kletting, M., Aschemann, H. & Hofer, E.P. 2004b. Reduction of Overestimation in Interval
Arithmetic Simulation of Biological Wastewater Treatment Processes. Proceedings of SCAN 2004,
Fukuoka, Japan.

Richardson, C.H. 1954. An Introduction to the Calculus of Finite Differences, New York, Van Nostrand-
Reinhold.

Roberts, N., Andersen, D., Deal, R, Garet, M. & Shaffer, W. 1983. Introduction to Computer
Simulation, Reading, Mass, Addison-Wesley.

Rocha, I. & Ferreira, E.C. 2004. Yield and kinetic parameter estimation and model reduction in a
recombinant E. coli fermentation. ESCAPE - 14, Lisbon, Portugal, 16-19 May, (CD-ROM).

Rosen, R 1970. Dynamical System Theory in Biology, New York, Wiley Interscience.

Saaty, T. 1981. Modern Nonlinear Equations, New York, Dover Publications.

Safanov, M.G. & Chiang, RY. 1991. Robust Control Toolbox Users Guide. The Mathworks Inc.,
Natick.

Safanov, M.G., Chiang, RY. & Umebeer, D.J.N. 1990. Optimal Hankel model reduction for non
minimal systems. IEEE Transaction Automatic Control, 35(4): 494-502.

Safanov, M.G. & Chiang, R.Y. 1989. A schur method for balanced-truncation method reduction. IEEE
Automatic Control, AC-34: 729-733.

Sage, A.P. 1995. Systems Engineering, New York, Wiley.

Sage, A.P. 1991. Decision Support Systems Engineering, New York, McGraw-HilI.

430



Sakizlis, V., Perkin, J.D. & Pistikopoulos, E.N. 2004. Recent advances in optimization-based
simultaneous process and control design. Computational Chemical Engineering, 28: 2069-2086.

Sandquist, G.M. 1985. Introduction to System Science, Englewood Cliffs, Prentice-Hall.

Sato, J. & Ohmori, H. 2002. Sensitivity analysis and parameter identification of wastewater treatment
based on Activated Sludge Model No.1 (ASM 1), Proceedings of SICE 2002, Osaka, 434-439.

Scheid, F. 1968. Theory and Problems of Numerical Analysis [Schaum's Outline Series], New York,
McGraw-Hili.

Schermann, P.S. & Garag-Gabin, W. 2005. Process Gain, Time Lags and Reaction Curves. In Bela G.
Liptak, Instrument Engineer's Handbook: Process Control and Optimization, Pergamon Press, New
York

Schutze, M., Butler, D. & Beck, M.B. 2002. Modelling, Simulation and Control of Urban Wastewater
Systems, Springer.

Shimizu, H., Takamatsu, T., Shioya, S. & Suga, K.1. 1989. An algorithmic approach to constructing the
on-line estimation system for specific growth rate, Biotechnology Bioengineering, 33: 354-364.

Siegrist, H. & Tschui, M. 1992. Interpretation of experimental data with regard to the activated sludge
model no. 1 and calibration of the model for municipal wastewater treatment plants. Water Science
Technology, 25: 167-183.

SIMBA 4, Userguide 2001. Simulation of biological wastewater treatment. IFAK system GmbH,
Magdeburg, Germany.

Siotine, J.-J.E., Li W. 1991. Applied Nonlinear Control, Upper Saddle River, New Jersey, Prentice.Hall.

Smits, I.Y.M., Versyck, K.J.E. & van Impe, J.F.M. 2002. Optimal control theory: a generic tool for
identification and control of (bio- )chemical reactors. Annual Reviews in Control, 26: 57-73.

Smolder, G.J.F., van Loosdrecht, M.C.M. & Heijnen, J.J. 1995. A metabolic model for biological
phosphorus removal process. Water Science Technology, 31(2): 79-93.

Soderstrom, T. & Stoica, P. 1989. System Identification, Hemel Hempstead, UK, Prentice Hall
International.

Soderstrom, T. 1974. Convergence properties of generalised least squares method. Automatica, 10:
617-626.

Sorenson, H.W. 1970. Least squares estimation: from Gauss to Kalman, IEEE Spectrum, 7, 63-68.

Sotomayor, O.A.Z. & Garcia, C. 2002. Model-Based Predictive Control of a pre-nitrification plant: a
linear state-space in model approach. Proceedings of the IFAC World Congress, Barcelona, Spain.

Spagni,A., Buday, J., Ratini, P. & Bartone, G. 2001. Experimental considerations on the monitoring
ORP, pH, conductivity and dissolved oxygen in nitrogen and phosphorus biological removal
processes. Water Science Technology, 43(11): 197-204.

Spanjers, H., Olsson, G. & Klapwijk, A. 1994. Determining short-term biochemical oxygen demand and
respiration rate in an aeration tank by using respirometry and estimation. Water Research, 28: 1571-
1583.

Spiegel, M.R. 1975. Probability and Statistics [Schaum's Outline Series], New York, McGraw-HilI.

431



Spiegel, M.R 1968. Theory and Problems of Fourier Analysis with Boundary Value Problems, New
York, McGraw-HilI.

Staniskis, J. & Simutis, R1986 A measuring System for Biotechnical Processes Based on Discrete
Methods of Estimation. Biotechnology Bioengineering, 28: 362-371.

Stecha, J., Cepak, M., Pekar, J. & Pachner, D. 2005. System Parameter estimation using p-norm
minimization. Preprints from Proceedings of the is" IFAC World Congress, 4 July - 8 July, Prague,
Czech Republic.

Steffens, MA, Lant, PA & Newell, RB. 1997. A systematic approach for reducing complex biological
wastewater treatment models. Water Research 31(3): 590-606.

Sveshnikov, A. 1978. Problems in Probability Theory. Mathematical Statistics and Theory of Random
Functions, New York, Dover Publications.

Takacs, G., Patry, G.G. & Nolasco, D. 1991. A dynamic model of the clarification-thickening
processes. Water Research, 25(10): 1263-1271.

Takacs, I., Patry, G.G. & Nolasco, D., 1990. A Generalized Dynamic Model of the
Thickening/Clarification Process. Briggs, R, Instrumentation, Control and Automation of Water and
Wastewater Treatment and Transport Systems, Oxford: 487-494, Pergamon Press.

Takahashi, R & Peres, P. 1999. Unknown input observers for uncertain systems. A unifying approach,
European Journal of Control, 5, 261-275.

Takamatsu, T., Shioya, S., Yokoyama, K., Kurome, Y. & Monsaki, K. 1981. On-line monitoring and
control of biochemical reaction processes. Proceedings of 8th triennal IFAC World Congress, Kyoto,
Japan, 22: 146-151.

Tenno, R & Uronen, P. 1996. State estimation for a large-scale wastewater treatment system.
Automatica, 32(3): 305-317.

Tenno, R & Uronen, P. 1995. State and parameter estimation for wastewater treatment processes
using a stochastic model. Control Eng. Practice, 3(6): 793-804.

Thompson, R 2000. Simulation: a Modeler's Approach, New York, Wiley Interscience.

Titica, M., Dochain, D. & Guay, M. 2003. Adaptive Extremum-Seeking Control of Fed-Batch
Bioreactors. European Journal of Control, 9: 614-627.

Tromans, D. 1999. Oxygen solubility modelling in aqueous solutions, In: Proceedings of the 2nd

International Conference on Intelligent Processing and Manufacturing of Materials (IPMM 99), 1: 411-
416.

Valdes, H., Flaus,J. & Acuna, G. 2003. Moving horizon state estimation with global convergence
using interval techniques: application to biotechnological processes. Journal of Process Control, 13:
325-336.

Van den Bos, A 1979. Small Sample Properties of a Class of Nonlinear Least Squares Problems. In
Iserman, R, ldentiflcation and System Parameter Estimation, Oxford, Pergamon Press, 1: 341-347.

Van Haandel, AP.C., Ekama, GA & Marais, G.v.R 1981. The activated sludge process 3-single
sludge dentrification. Water Research, 15: 1135-52.

Van Impe, J.F.M. 1998. Optimal control of fed-batch fermentation processes. In: Advanced
Instrumentation, Data Interpretation and Control of Biotechnological Processes, In van Impe, J.,

432



vanrolleghem, P. & Iserentant, D., Dordrecht-Boston-London., Kluwer Academic Publishers.

Van Impe, J.F.M. & Bastin, G. 1995. Optimal adaptive control of fed-batch fermentation processes.
Control Engineering Practice, 3(7): 939-954.

Vega, P. & Gutierrez, G. 1999. Optimal design Control and Operation of wastewater treatment plants.
European Control Conference, Germany

Vemuri, V. 1978. Modeling of Complex Systems, New York, Academic Press.

Villadsen, J. & Michelsen, M.L. 1978. Solution of Differential Equation Models by Polynomial
Approximation. Englewood Cliff, NJ, Prentice Hall.

Vogelaar, J.C.T., Klawijk, A., van Lier, J.B. & Ruikens, W. H. 1996. Temperature effects on the
oxygen transfer rate between 20 and 55 C. Water Research, 34(3): 1037-1041.

Von Mises, R 1919. Fundamentalsatze der Wahrscheinlichkeitsrechnung. Math. Zeitschrift, 4: 1-97.

Wang, L., Gawthrop, P.J. & Young, P.C. 2005. Continuous time system identification of Nonparametric
models with constraint. Preprints from Proceedings of the ie" IFAC World Congress, 4 July - 8 July,
Prague, Czech Republic.

Wang, L. & Gawthrop, P.J. 2001. On the estimation of continuous time transfer functions. International
Journal Control, 74: 889-904.

Wang, L., Desarmo, M. & Cluett, W.R 1999. Real-time estimation of process frequency response and
step response from feedback experiments. Automatica, 35: 1427-1436.

Watanabe, T., Yasude, K. & Yokoyama, R 1996. Balanced truncating preserving poles in a specified
disk and it's application to the reduction of H OJ controller. IECON Proceedings, 3: 1359-1364.

Watson, H.J. 1989. Computer Simulation, 2nd ed., New York, Wiley.

Wentzel, M.C., Ekama, GA & Marais, G.v.R 1992. Processes and modelling of nitrification
denitrification biological excess phophorus removal systems. Water Science Technology, 25(6): 59-82.

Wentzel, M.C., Dold, P.L., Ekama, GA & Marais, G.v.R. 1990. Biological excess phosphorus
removal-steady state process design. Water SA, 16(1): 29-48.

Williamson, D. 1977. Observation of bilinear systems with application to biological control. Automatica,
13: 243-254.

Willoughby, R 1974. Stiff Differential Systems, New York, New York, USA. Plenum Press.

Wilson, DA 1974. Model reduction for multivariabie systems. International Journal Control, 20: 57-64.

Wilson, DE & Marais, G.v.R 1976. Adsorption phase in biological dentrification. Research report No
W 11. Dept of Civil Eng. Univ. of Cape Town.

Wimberger, D. & Verde, RC. 2005. On-line Monitoring of an Aerobic SBR Process based on dissolved
oxygen measurement. Preprints from Procêedings of the 16th IFAC World Congress, 4 July - 8 July,
Prague, Czech Republic.

Winkin, J.J., Dochain, D. & Ligarius, P. 2000. Dynamical analysis of distributed parameter tubular
reactors. Automatica,36: 349-361.

433



Winston, P.H. 1992. Artificial Intelligence, New York, McGraw-Hili.

Wisnewski, PA & Doyle III, F.J. 1996. A reduced model approach to estimation and control of a
Kamyr digester. Computers Chemical Engineering, 20(Suppl.): S1053-S1058.

WRC. 1984. Theory, design and operation of nutrient removal activated sludge processes. Water
Research Commission, P.O. Box 824, Pretoria 0001, South Africa.

Yakowitz, S. & Szidarovszky, F. 1986. An Introduction to Numerical Computations, New York,
Macmillan.

Yoo, C., Cho, J., Kwak, H., Choi, S., Chuh, H. & Lee, I. 2001. Closed loop identification and control for
DO concentration in the full-scale cones WWTP, Water Science Technology, 43(7), 207-212.

Yoo, C., Lee, H. & Lee, I. 2002. Comparisons of process identification methods and supervisory DO
control in the full scale wastewater treatment plant. Proceedings of the 15th IFAC World Congress,
Barcelona, CD-ROM.

Yoo, C., Lee, J. & Lee, I. 2004. Nonlinear Model-based Dissolved oxygen control in a biological
wastewater treatment process, Korean Journal of Chemical Engineering, 21(1), 17-19.

Yoo, Y.J., Hong, J. & Hatch, R.T. 1985. Sequential estimation of states and kinetic parameters and
optimization of fermentation processes, Proceedings of ACC, Boston, USA, 2: 866-871.

Young, P. 1979. Parameter Estimation for Continuous-time models - A Survey. In Iserman, R.,
Identification and System Parameter Estimation, Oxford, Pergamon Press, 1: 17-41.

Youssef, C., Dahhou, B., Zeng, F. & Rols, T. 1996. Estimation and filtering of nonlinear systems.
Application to a wastewater treatment process. In International Journal System Science, 27, 497-505.

Zeigler, B.P. 2000. Theory of Modeling and Simulation, 2nd ed., New York, Academic Press.

Zeng, F. & Dahhou, B. 1993. Adaptive observer estimator design for a class of nonlinear systems,
Applied Mathematics Modelling, 17, 58-69.

Zhang, H., Zouaoui, Z. & Lennox, B. 2005. A Comparative Study of Soft-sensing Methods for Fed-
batch Fermentation Processes. Preprints from Proceedings of the 16th IFAC World Congress, 4 July-
8 July, Prague, Czech Republic.

Zhao, H. & Kummel, M.1995. State and parameter estimation for phosphorus removal in an
alternating activated sludge process. Journal of Process Control, 5(5): 341-351.

Zhu, Y. 2001. Multivariabie System Identification for Process Control, Oxford. Elsevier Science.

APPENDICES

434



APPENDIX A: CALCULATION OF THE INFLUENT OF THE UCT MODEL
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function [sys]=uct_influent(Q)

% Calculates the inflow for uct modelIs
%
% evaluate the daily hydrograph of an example plant

% i fak Institut fuer Automation und Kommunikation e.V. Magdeburg
Steinfeldstr. (IGZ), 39179 Barleben%

%
%
% Aenderungen Autor, Datum, Version, Anlass
%
% S. du Plessis, 19.05.2004, Simba 4.2, File setup

% Inflów rate mA3/d
Qzu = 24*Q/6733*[125 130 137 144 169 195 250 330 270 368 340 313 340 370 338
302 340 377 388 400 370 338 275 200 125] ,j

% Concentration of COD
COD = 1*[570 580 610 620 630 640 650 630 600 580 560 555 565 555 555 560 600
640 650 640 630 620 610 580 570] ,

% Concentration of TKN
TKN = 1*[52 57 63 68 72 67 62 57 53 52 51 55 60 55 51 56 61 66 71 67 62 57 63
58 52]' j

% Concentration in alkalinity
SALK = [6.4 6.3 6.4 7.2 6.7 6.8 7.0 6.8 6.6 6.3 6.7 8.0 7.1 6.6 7.4 7.4 7.4
6.6 6.6 7.3 7.3 7.4 6.5 6.5 6.4]' j

%COD=555j % g COD/mA3
%TKN=55 j % g N/mA3
fbs=0.200j % g COD g-l COD
fsus=0.050j % g COD g-l COD
fsup=kali('fsup') j%0.130j % g COD g-l COD
fszbh=O.OOOj % g Zbh COD g-l COD
fna=0.750j % g N g-l N
fnobp=0.500j % g N g-l N
fnous=0.0300j% g N g-l N
fzBN=0.068j % g Nlg COD
fzn=0.148j % g Nlg COD

ti=[ 0: (1/24) :1]' j

SI=fsus*CODj
XBH=fszbh*CODj
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XBA=O*ones(size(ti));
XP=O.OOO*ones(size(ti));
XI=fsup*COD;
XSA=O.OOO*ones(size(ti));
SNH=fna*TKN;
NO=TKN-SNH-fzBN*(XBA+XBH);
Nob=NO-fnous*(TKN)-(fzn*XI);
XND=fnobp*Nob;
SND=Nob-XND;
SNO=O.OOO*ones(size(ti));
SALK=7.000*ones(size(ti));
Sb=COD-XP-XBA-SI-XI-XBH;
SS=fbs*Sb;
XSE=Sb-SS;
SO=O.OOO*ones(size(ti));

sys=[ti,XBH,XBA,XP,XI,XSA,XSE,XND,SS,SNH,SND,SNO,SALK,SI,SO,Qzu];
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APPENDIX B: SET THE BIOLOGICAL PARAMETERS FOR UCT MODEL
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function [p]=p_uct(T)
% set the biological parameters for model UCT model
% automatically generated by fox3edit
% Author: Sidney du Plessis
% Date: 01-Jun-2004 11:21:29

p=[ ...
.666;
0.068;
0.068;
0.15;
0.08;
2.5*1.2"(T-20);
0.5*1.123"(T-20);
5*1"(T-20);
0.1;
0.002;
0.01;
1.35*1.080"(T-20);
0.027*0.91"(T-20);
0.33;
0.62*1.029"(T-20);
0.04*1.029"(T-20);
0.17*1.029"(T-20);
1.0*1" (T-20);
0.032*1.029"(T-20);
1.0*1.123"(T-20);
0.002;
1.024" (T-20) ;
]
13.89-T*0.3825+T*T*0.007311-T*T*T*0.00006588];
Concentration for 20 grd C [g/m"3]
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%YH - [g CODlg COD]
%iXB - [g Nlg COD]
%iXP - [g Nlg COD]
~;YA - [g COD/g Nl
%fP - [-J
%myH - [-]
%myA - [-]
%KSH - [g COD/m"3]
%KNO - [g N/m"3]
%KOH - [g 0/m"3]
%KN.A - [g N/m"3]
'tK[\1P - [-]
%KSP - [-]
%nyG - [-]
%bH - [lid]
%b.ZI.- [lid]
~;YA - [g COD/g COD]
%fMI\ - [-]
%KR - [m"3/g COD]
~;KSA - [g N/m"3]
%KO.ZI.- [g 0/m"3]
'IsfTSTernperatur term for kla [-

%SOsat DO Saturation



APPENDIX C: BENCHMARK AND ATHLONE PROCESSES WITH ASM1 AND UCT REDUCED
BIOLOGICAL MODELS FOR SENSITIVITY STUDIES
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Benchmark process with ASM1 reduced biological model
Figure 9.2: Process variable SNH1 and its sensitivity functions towards the model parameters
The process variable Snh1, trajectory reaches a value of 8 at discrete time of zero then
becomes unstable and oscillating between discrete time of 1 and 20. Then finally the trajectory
drops down to zero at constant value. For the sensitivity function Snh1f, the trajectory quickly
increases from zero value and reaches a maximum at 0.18 value for discrete time of 25. Finally
the trajectory drops down at a value of 0.1 at a discrete time of 50 then remains constant at that
value of 0.1. For variable Snh1YH, the trajectory reaches a minimum of -1 at discrete time of 32
which is slightly oscillating reaching a stable trajectory after discrete time of 60 at a minimum
value of - 0.05. After this the trajectory is ever increasing at a slight angle to a discrete time of
100. For variable Snh1 YA, the trajectory reaches a maximum of 490 then stabilizes to a constant
value of zero. For sensitivity function Snh1 iXB, the trajectory reaches a minimum value of - 300
at discrete time of 30 then the trajectory smoothes out at above the value of - 200. For
sensitivity function Snh1 muA, the trajectory reaches a minimum value of - 200 at the discrete
time of 20 then increase to zero and remains constant at that value. For sensitivity function
Snh1 muH, the trajectory reaches a minimum value of - 45 at discrete time of 30 then increase at
a slight angle with a trajectory of - 20 at discrete time of 100. For sensitivity function Snh1 KS,
the trajectory reaches a maximum value of 1 at discrete time of 25 while the trajectory drops
down at slight angle. For sensitivity function Snh1 KOH, the trajectory does a S-shaped curve
reaching a maximum at 8 at discrete time of 100. For sensitivity function Snh1 KNO, the
trajectory reaches a maximum of 1.2 at discrete time of 80. For sensitivity function Snh1 KNH,
the trajectory reaches a maximum value at 100 at discrete time of 20 and drops down to a
constant value of zero. For sensitivity function Snh1 KOA, the trajectory reaches a maximum
value of 80 at discrete time of 25 which slightly oscillates then smoothes out. For sensitivity
function Snh1 etag, the trajectory reaches a minimum value of - 5 at discrete time of 30 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh1 etah, the
trajectory reaches a minimum value of - 5 at discrete time of 30 then the trajectory increases to
- 0.05 at discrete time of 100. For sensitivity function Snh1 Kh, the trajectory is oscillating slightly
reaching a minimum of - 0.6 at discrete time of 25 then the trajectory becomes stable reaching a
steady state. For sensitivity function Snh1 Kx, the trajectory reaches a maximum value of 2 at
discrete time of 25 and then the trajectory reaches a steady state value of 0.4.

Figure 9.3: Process variable SNH2 and its sensitivity functions towards the model parameters
The process variable Snh2, trajectory reaches a value of 8 at discrete time of zero then
becomes unstable and oscillating between discrete time of 1 and 20. Then finally the trajectory
drops down to zero at constant value. For the sensitivity function Snh2f, the trajectory quickly
increases from zero value and reaches a maximum at 0.18 value for discrete time of 25. Finally
the trajectory drops down at a value of 0.1 at a discrete time of 50 then remains constant at that
value of 0.1. For variable Snh2YH, the trajectory reaches a minimum of -1 at discrete time of 32
and is slightly oscillating reaching a stable trajectory after discrete time of 60 at a minimum value
of - 0.05. After this the trajectory is ever increasing at a slight angle to a discrete time of 100.
For variable Snh2Y A, the trajectory reaches a maximum of 490 then stabilizes to a constant
value of zero. For sensitivity function Snh2iXB, the trajectory reaches a minimum value of - 300
at discrete time of 30 then the trajectory smoothes out at above the value of - 200. For
sensitivity function Snh2muA, the trajectory reaches a minimum value of - 200 at the discrete
time of 20 then increase to zero and remains constant at that value. For sensitivity function
Snh2muH, the trajectory reaches a minimum value of - 45 at discrete time of 30 then increase at
a slight angle with a trajectory of - 20 at discrete time of 100. For sensitivity function Snh2KS,
the trajectory reaches a maximum value of 1 at discrete time of 25 while the trajectory drops
down at slight angle. For sensitivity function Snh2KOH, the trajectory does a S-shaped curve
reaching a maximum at 8 at discrete time of 100. For sensitivity function Snh2KNO, the
trajectory reaches a maximum of 1.2 at discrete time of 80. For sensitivity function Snh2KNH,
the trajectory reaches a maximum value at 100 at discrete time of 20 and drops down to a
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constant value of zero. For sensitivity function Snh2KOA, the trajectory reaches a maximum
value of 80 at discrete time of 25 which slightly oscillates then smoothes out. For sensitivity
function Snh2etag, the trajectory reaches a minimum value of - 5 at discrete time of 30 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh2etah, the
trajectory oscillates in its path reaching a minimum value of - 3 at discrete time of 25 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh2Kh, the
trajectory is oscillating slightly reaching a minimum of - 0.6 at discrete time of 25 then the
trajectory becomes stable reaching a steady state. For sensitivity function Snh2Kx, the trajectory
reaches a maximum value of 2 at discrete time of 25 and then the trajectory reaches a steady
state value of 0.4.

Figure 9.4: Process variable SNH3 and its sensitivity functions towards the model parameters
The process variable Snh3, trajectory reaches a value of 8 at discrete time of zero then
becomes unstable and oscillating between discrete time of 1 and 20. Then finally the trajectory
drops down to zero at constant value. For the sensitivity function Snh3f, the trajectory quickly
increases from zero value and reaches a maximum at 0.18 value for discrete time of 25. Finally
the trajectory drops down at a value of 0.1 at a discrete time of 50 then remains constant at that
value of 0.1. For variable Snh3YH, the trajectory reaches a minimum of -1 at discrete time of 32
which is slightly oscillating reaching a stable trajectory after discrete time of 60 at a minimum
value of - 0.05. After this the trajectory is ever increasing at a slight angle to a discrete time of
100. For variable Snh3YA, the trajectory reaches a maximum of 490 then stabilizes to a constant
value of zero. For sensitivity function Snh3iXB, the trajectory reaches a minimum value of - 300
at discrete time of 30 then the trajectory smoothes out at above the value of - 200. For
sensitivity function Snh3muA, the trajectory reaches a minimum value of - 200 at the discrete
time of 20 then increase to zero and remains constant at that value. For sensitivity function
Snh3muH, the trajectory reaches a minimum value of - 45 at discrete time of 30 then increase at
a slight angle with a trajectory of - 20 at discrete time of 100. For sensitivity function Snh3KS,
the trajectory reaches a maximum value of 1 at discrete time of 25 while the trajectory drops
down at slight angle. For sensitivity function Snh3KOH, the trajectory does a S-shaped curve
reaching a maximum at 8 at discrete time of 100. For sensitivity function Snh3KNO, the
trajectory reaches a maximum of 1.2 at discrete time of 80. For sensitivity function Snh3KNH,
the trajectory reaches a maximum value at 100 at discrete time of 20 and drops down to a
constant value of zero. For sensitivity function Snh3KOA, the trajectory reaches a maximum
value of 80 at discrete time of 25 which slightly oscillates then smoothes out. For sensitivity
function Snh3etag, the trajectory reaches a minimum value of - 5 at discrete time of 30 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh3etah, the
trajectory oscillates in its path reaching a minimum value of - 3 at discrete time of 25 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh3Kh, the
trajectory is oscillating slightly reaching a minimum of - 0.6 at discrete time of 25 then the
trajectory becomes stable reaching a steady state. For sensitivity function Snh3Kx, the trajectory
reaches a maximum value of 2 at discrete time of 25 and then the trajectory reaches a steady
state value of 0.4.

Figure 9.5: Process variable SNH4 and its sensitivity functions towards the model parameters
The process variable Snh4, trajectory reaches a value from zero to 7 at discrete time of zero
then becomes unstable and oscillating between discrete time of 1 and 20. Then finally the
trajectory drops down to zero at constant value. For the sensitivity function Snh4f, the trajectory
quickly increases from zero value and reaches a maximum at 0.18 value for discrete time of 25.
Finally the trajectory drops down at a value of 0.1 at a discrete time of 50 then remains constant
at that value of 0.1. For variable Snh4YH, the trajectory reaches a minimum of -1 at discrete time
of 32 which is slightly oscillating reaching a stable trajectory after discrete time of 60 at a
minimum value of - 0.05. After this the trajectory is ever increasing at a slight angle to a discrete
time of 100. For variable Snh4Y A, the trajectory reaches a maximum of 490 then stabilizes to a
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constant value of zero. For sensitivity function Snh4iXB, the trajectory reaches a minimum value
of - 300 at discrete time of 30 then the trajectory smoothes out at above the value of - 200. For
sensitivity function Snh4muA, the trajectory reaches a minimum value of - 200 at the discrete
time of 20 then increase to zero and remains constant at that value. For sensitivity function
Snh4muH, the trajectory reaches a minimum value of - 45 at discrete time of 30 then increase at
a slight angle with a trajectory of - 20 at discrete time of 100. For sensitivity function Snh4KS,
the trajectory reaches a maximum value of 1 at discrete time of 25 while the trajectory drops
down at slight angle. For sensitivity function Snh4KOH, the trajectory does a S-shaped curve
reaching a maximum at 8 at discrete time of 100. For sensitivity function Snh4KNO, the
trajectory reaches a maximum of 1.2 at discrete time of 80. For sensitivity function Snh4KNH,
the trajectory reaches a maximum value at 100 at discrete time of 20 and drops down to a
constant value of zero. For sensitivity function Snh4KOA, the trajectory reaches a maximum
value of 80 at discrete time of 25 which slightly oscillates then smoothes out. For sensitivity
function Snh4etag, the trajectory reaches a minimum value of - 5 at discrete time of 30 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh4etah, the
trajectory oscillates in its path reaching a minimum value of - 3 at discrete time of 25 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh4Kh, the
trajectory is oscillating slightly reaching a minimum of - 0.6 at discrete time of 25 then the
trajectory becomes stable reaching a steady state. For sensitivity function Snh4Kx, the trajectory
reaches a maximum value of 2 at discrete time of 25 and then the trajectory reaches a steady
state value of 0.4.

Figure 9.6: Process variable SNH5 and its sensitivity functions towards the model parameters
The process variable Snh5, trajectory reaches a value from zero to 7 at discrete time of zero
then becomes unstable and oscillating between discrete time of 1 and 20. Then finally the
trajectory drops down to zero at constant value. For the sensitivity function Snh5f, the trajectory
quickly increases from zero value and reaches a maximum at 0.18 value for discrete time of 25.
Finally the trajectory drops down at a value of 0.1 at a discrete time of 50 then remains constant
at that value of 0.1. For variable Snh5YH, the trajectory reaches a minimum of -1 at discrete time
of 32 which is slightly oscillating reaching a stable trajectory after discrete time of 60 at a
minimum value of - 0.05. After this the trajectory is ever increasing at a slight angle to a discrete
time of 100. For variable Snh5Y A, the trajectory reaches a maximum of 490 then stabilizes to a
constant value of zero. For sensitivity function Snh5iXB, the trajectory reaches a minimum value
of - 300 at discrete time of 30 then the trajectory smoothes out at above the value of - 200. For
sensitivity function Snh5muA, the trajectory reaches a minimum value of - 200 at the discrete
time of 20 then increase to zero and remains constant at that value. For sensitivity function
Snh5muH, the trajectory reaches a minimum value of - 45 at discrete time of 30 then increase at
a slight angle with a trajectory of - 20 at discrete time of 100. For sensitivity function Snh5KS,
the trajectory reaches a maximum value of 1 at discrete time of 25 while the trajectory drops
down at slight angle. For sensitivity function Snh5KOH, the trajectory does a S-shaped curve
reaching a maximum at 8 at discrete time of 100. For sensitivity function Snh5KNO, the
trajectory reaches a maximum of 1.2 at discrete time of 80. For sensitivity function Snh5KNH,
the trajectory reaches a maximum value at 100 at discrete time of 20 and drops down to a
constant value of zero. For sensitivity function Snh5KOA, the trajectory reaches a maximum
value of 80 at discrete time of 25 which slightly oscillates then smoothes out. For sensitivity
function Snh5etag, the trajectory reaches a minimum value of - 5 at discrete time of 30 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh5etah, the
trajectory oscillates in its path reaching a minimum value of - 3 at discrete time of 25 then the
trajectory increases to - 0.05 at discrete time of 100. For sensitivity function Snh5Kh, the
trajectory is oscillating slightly reaching a minimum of - 0.6 at discrete time of 25 then the
trajectory becomes stable reaching a steady state. For sensitivity function Snh5Kx, the trajectory
reaches a maximum value of 2 at discrete time of 25 and then the trajectory reaches a steady
state value of DA.
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Figure 9.7: Process variable SN01 and its sensitivity functions towards the model parameters
The process variable SN01, trajectory increases from 5 to 8 then decreases to zero at discrete
time of 100. For sensitivity function SN01f, the trajectory follows a reverse S-shaped curve to
the value of 0.2 and reaches a steady state at this value. For variable SN01YH, the trajectory
reaches a minimum of - 15 at discrete time of 60. For variable SN01 YA, the trajectory reaches a
minimum value of - 490 at a discrete time of 20 and reaches a steady state after discrete time of
60. For sensitivity function SN01 iXB, the trajectory follows a S- shaped curve and drops down
to - 400 at steady state. For sensitivity function SN01 muA, the trajectory reaches a maximum
value of 200 at discrete time of 20 and reaches a steady state at zero after discrete time of 60.
For sensitivity function SN01 muH, the trajectory follows a S-shaped curve with a minimum at -
95 at discrete time of 80. For sensitivity function SN01 KS, the trajectory has a maximum value
of 8 at discrete time of 60. For sensitivity function SN01 KOH, the trajectory has a minimum
value of - 18 at discrete time of 50. For sensitivity function SN01 KNO, the trajectory continually
increases to a value of 6 and level off after discrete time of 90. For sensitivity function
SN01 KNH, the trajectory reaches a minimum value of - 98 at discrete time of 25 and reaches a
steady state after discrete time of 60. For sensitivity function SN01 KOA, the trajectory reaches a
minimum of - 50 at discrete time of 25 and reaches a steady state after discrete time of 60. For
sensitivity function SN01 etag, the trajectory reaches a minimum of - 15 at discrete time of 70.
For sensitivity function SN01 etah, the trajectory reaches a minimum of - 15 at discrete time of
70. For sensitivity function SN01 Kh, the trajectory follows a S-shaped curve and reaches a
minimum of - 1 at discrete time of 65. For sensitivity function SN01 Kx, the trajectory follows a
reverse S-shaped curve and reaches a maximum of 3 at discrete time of 60.

Figure 9.8: Process variable SN02 and its sensitivity functions towards the model parameters
The process variable SN02, trajectory increases from 5 to 8 then decreases to zero at discrete
time of 100. For sensitivity function SN02f, the trajectory follows a reverse S-shaped curve to
the value of 0.2 and reaches a steady state at this value. For variable SN02YH, the trajectory
reaches a minimum of - 15 at discrete time of 60. For variable SN02Y A, the trajectory reaches a
minimum value of - 490 at a discrete time of 20 and reaches a steady state after discrete time of
60. For sensitivity function SN02iXB, the trajectory follows a S- shaped curve and drops down
to - 400 at steady state. For sensitivity function SN02muA, the trajectory reaches a maximum
value of 200 at discrete time of 20 and reaches a steady state at zero after discrete time of 60.
For sensitivity function SN02muH, the trajectory follows a S-shaped curve with a minimum at -
95 at discrete time of 80. For sensitivity function SN02KS, the trajectory has a maximum value
of 8 at discrete time of 60. For sensitivity function SN02KOH, the trajectory has a minimum
value of - 18 at discrete time of 50. For sensitivity function SN02KNO, the trajectory continually
increases to a value of 6 and level off after discrete time of 90. For sensitivity function
SN02KNH, the trajectory reaches a minimum value of - 98 at discrete time of 25 and reaches a
steady state after discrete time of 60. For sensitivity function SN021 KOA, the trajectory reaches
a minimum of - 50 at discrete time of 25 and reaches a steady state after discrete time of 60.
For sensitivity function SN02etag, the trajectory reaches a minimum of - 15 at discrete time of
70. For sensitivity function SN02etah, the trajectory reaches a minimum of - 0.4 at discrete time
of 60. For sensitivity function SN02Kh, the trajectory follows a S-shaped curve and reaches a
minimum of - 1 at discrete time of 65. For sensitivity function SN02Kx, the trajectory follows a
reverse S-shaped curve and reaches a maximum of 3 at discrete time of 60.

Figure 9.9: Process variable SN03 and its sensitivity functions towards the model parameters
The process variable SN03, trajectory increases from 5 to 8 then decreases to zero at discrete
time of 100. For sensitivity function SN03f, the trajectory follows a reverse S-shaped curve to
the value of 0.2 and reaches a steady state at this value. For variable SN03YH, the trajectory
reaches a minimum of - 15 at discrete time of 60. For variable SN03YA, the trajectory reaches a
minimum value of - 490 at a discrete time of 20 and reaches a steady state after discrete time of
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60. For sensitivity function SN03iXB, the trajectory follows a S- shaped curve and drops down
to - 400 at steady state. For sensitivity function SN03muA, the trajectory reaches a maximum
value of 200 at discrete time of 20 and reaches a steady state at zero after discrete time of 60.
For sensitivity function SN03muH, the trajectory follows a S-shaped curve with a minimum at -
95 at discrete time of 80. For sensitivity function SN03KS, the trajectory has a maximum value
of 8 at discrete time of 60. For sensitivity function SN03KOH, the trajectory has a minimum
value of - 18 at discrete time of 50. For sensitivity function SN03KNO, the trajectory continually
increases to a value of 6 and level off after discrete time of 90. For sensitivity function
SN03KNH, the trajectory reaches a minimum value of - 98 at discrete time of 25 and reaches a
steady state after discrete time of 60. For sensitivity function SN03KOA, the trajectory reaches a
minimum of - 50 at discrete time of 25 and reaches a steady state after discrete time of 60. For
sensitivity function SN03etag, the trajectory reaches a minimum of - 15 at discrete time of 70.
For sensitivity function SN03etah, the trajectory reaches a minimum of - 0.4 at discrete time of
60. For sensitivity function SN03Kh, the trajectory follows a S-shaped curve and reaches a
minimum of - 1 at discrete time of 65. For sensitivity function SN03Kx, the trajectory follows a
reverse S-shaped curve and reaches a maximum of 3 at discrete time of 60.

Figure 9.10: Process variable SN04 and its sensitivity functions towards the model parameters
The process variable SN04, trajectory decreases from 10 in an unstable manner in a discrete
time of 20 and further decrease to zero at discrete time of 100. For sensitivity function SN04f,
the trajectory follows a reverse S-shaped curve to the value of 0.2 and reaches a steady state at
this value. For variable SN04YH, the trajectory reaches a minimum of -15 at discrete time of 60.
For variable SN04YA, the trajectory reaches a minimum value of - 490 at a discrete time of 20
and reaches a steady state after discrete time of 60. For sensitivity function SN04iXB, the
trajectory follows a S- shaped curve and drops down to - 400 at steady state. For sensitivity
function SN04muA, the trajectory reaches a maximum value of 200 at discrete time of 20 and
reaches a steady state at zero after discrete time of 60. For sensitivity function SN04muH, the
trajectory follows a S-shaped curve with a minimum at - 95 at discrete time of 80. For sensitivity
function SN04KS, the trajectory has a maximum value of 8 at discrete time of 60. For sensitivity
function SN04KOH, the trajectory has a minimum value of - 18 at discrete time of 50. For
sensitivity function SN04KNO, the trajectory continually increases to a value of 6 and level off
after discrete time of 90. For sensitivity function SN04KNH, the trajectory reaches a minimum
value of - 98 at discrete time of 25 and reaches a steady state after discrete time of 60. For
sensitivity function SN04KOA, the trajectory reaches a minimum of - 50 at discrete time of 25
and reaches a steady state after discrete time of 60. For sensitivity function SN04etag, the
trajectory reaches a minimum of - 15 at discrete time of 70. For sensitivity function SN04etah,
the trajectory reaches a minimum of - 0.4 at discrete time of 60. For sensitivity function
SN04Kh, the trajectory follows a S-shaped curve and reaches a minimum of - 1 at discrete time
of 65. For sensitivity function SN04Kx, the trajectory follows a reverse S-shaped curve and
reaches a maximum of 3 at discrete time of 60.

Figure 9.11: Process variable SN05 and its sensitivity functions towards the model parameters
The process variable SN05, trajectory decreases from 10 in an unstable manner in a discrete
time of 20 and further decrease to zero at discrete time of 100. For sensitivity function SN05f,
the trajectory follows a reverse S-shaped curve to the value of 0.2 and reaches a steady state at
this value. For variable SN05YH, the trajectory reaches a minimum of - 15 at discrete time of 60.
For variable SN05Y A, the trajectory reaches a minimum value of - 490 at a discrete time of 20
and reaches a steady state after discrete-time of 60. For sensitivity function SN05iXB, the
trajectory follows a S- shaped curve and drops down to - 400 at steady state. For sensitivity
function SN05muA, the trajectory reaches a maximum value of 200 at discrete time of 20 and
reaches a steady state at zero after discrete time of 60. For sensitivity function SN05muH, the
trajectory follows a S-shaped curve with a minimum at - 95 at discrete time of 80. For sensitivity
function SN05KS, the trajectory has a maximum value of 8 at discrete time of 60. For sensitivity
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function SN05KOH, the trajectory has a minimum value of - 18 at discrete time of 50. For
sensitivity function SN05KNO, the trajectory continually increases to a value of 6 and level off
after discrete time of 90. For sensitivity function SN05KNH, the trajectory reaches a minimum
value of - 98 at discrete time of 25 and reaches a steady state after discrete time of 60. For
sensitivity function SN05KOA, the trajectory reaches a minimum of - 50 at discrete time of 25
and reaches a steady state after discrete time of 60. For sensitivity function SN05etag, the
trajectory reaches a minimum of - 15 at discrete time of 70. For sensitivity function SN05etah,
the trajectory reaches a minimum of - 0.4 at discrete time of 60. For sensitivity function
SN05Kh, the trajectory follows a S-shaped curve and reaches a minimum of - 1 at discrete time
of 65. For sensitivity function SN05Kx, the trajectory follows a reverse S-shaped curve and
reaches a maximum of 3 at discrete time of 60.

Figure 9.12: Process variable SS1 and its sensitivity functions towards the model parameters
The process variable SS 1, the trajectory increases from 2 to 9 and reaches a steady state after
discrete time of 60. For sensitivity function SS1f, the trajectory drops steeply to - 0.04 at discrete
time of 100. For variable SS 1YH, the trajectory oscillates till it reaches a steady state of 100 at
discrete time of 60. For variable SS 1YA, the trajectory reaches a maximum value of 1.5 at
discrete time of 40 and then decrease to - 1.8 at discrete time of 100. For sensitivity function
SS 1iXB, the trajectory increases from zero to 75 at discrete time of 100. For sensitivity function
SS 1muA, the trajectory reaches a minimum value of - 0.75 at discrete time of 40 and a high
value of 1 at discrete time of 100. For sensitivity function SS1 muH, the trajectory oscillates from
zero and becomes stable at - 200 at discrete time of 60 and reaches a steady state. For
sensitivity function SS 1KS, the trajectory oscillates from zero to downwards value of 4 at
discrete time of 100. For sensitivity function SS 1KOH, the trajectory oscillates from zero to - 50
then becomes stable at discrete time of 60 and decrease to - 90 at discrete time 100. For
sensitivity function SS1 KNO, the trajectory oscillates from zero to - 10 and becomes stable
after - 10 at discrete time of 60 and reaches a minimum of - 10.5 For sensitivity function
SS1 KNH, the trajectory reaches a maximum of 0.4 at discrete time of 40 and drops down to -
0.4 at discrete time of 100. For sensitivity function SS1KOA, the trajectory reaches a maximum
of 0.25 at discrete time of 35. For sensitivity function SS1etag, the trajectory constantly
increases from zero at discrete time of 40 to 1.9 at discrete time of 100. For sensitivity function
SS1 etah, the trajectory constantly increases from zero at discrete time of 40 to 1.9 at discrete
time of 100. For sensitivity function SS 1Kh, the trajectory oscillates from zero to 50 at a discrete
time of 60 whereby it remains stable and reaches steady state. For sensitivity function SS1 Kx,
the trajectory oscillates from zero to - 150 then after at discrete value of 65 it remains stable
and reaches a steady state.

Figure 9.13: Process variable SS2 and its sensitivity functions towards the model parameters
The process variable SS2, the trajectory increases from 2 to 9 and reaches a steady state after
discrete time of 60. For sensitivity function SS2f, the trajectory drops steeply to - 0.04 at discrete
time of 100. For variable SS2YH, the trajectory oscillates till it reaches a steady state of 100 at
discrete time of 60. For variable SS2YA, the trajectory reaches a maximum value of 1.5 at
discrete time of 40 and then decrease to - 1.8 at discrete time of 100. For sensitivity function
SS2iXB, the trajectory increases from zero to 75 at discrete time of 100. For sensitivity function
SS2muA, the trajectory reaches a minimum value of - 0.75 at discrete time of 40 and a high
value of 1 at discrete time of 100. For sensitivity function SS2muH, the trajectory oscillates from
zero and becomes stable at - 200 at discrete time of 60 and reaches a steady state. For
sensitivity function SS2KS, the trajectory oscillates from zero to downwards value of 4 at
discrete time of 100. For sensitivity function SS2KOH, the trajectory oscillates from zero to - 50
then becomes stable at discrete time of 60 and decrease to - 90 at discrete time 100. For
sensitivity function SS2KNO, the trajectory oscillates from zero to - 10 and becomes stable
after - 10 at discrete time of 60 and reaches a minimum of - 10.5 For sensitivity function
SS2KNH, the trajectory reaches a maximum of 0.4 at discrete time of 40 and drops down to -
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0.4 at discrete time of 100. For sensitivity function SS2KOA, the trajectory reaches a maximum
of 0.25 at discrete time of 35. For sensitivity function SS2eta9, the trajectory constantly
increases from zero at discrete time of 40 increases to 3 at discrete time of 100. For sensitivity
function SS2etah, the trajectory rapidly oscillates from zero to 25 until a discrete time of 60 then
remains stable afterwards. For sensitivity function SS1 Kh, the trajectory oscillates from zero to
50 at a discrete time of 60 whereby it remains stable and reaches steady state. For sensitivity
function SS1 Kx, the trajectory oscillates from zero to - 150 then after at discrete value of 65 it
remains stable and reaches a steady state.

Figure 9.14: Process variable SS3 and its sensitivity functions towards the model parameters
The process variable SS3, the trajectory increases from 2 to 9 and reaches a steady state after
discrete time of 60. For sensitivity function SS3f, the trajectory drops steeply to - 0.04 at discrete
time of 100. For variable SS3YH, the trajectory oscillates till it reaches a steady state of 150 at
discrete time of 60. For variable SS3YA, the trajectory reaches a maximum value of 1.5 at
discrete time of 40 and then decrease to - 1.8 at discrete time of 100. For sensitivity function
SS3iXB, the trajectory increases from zero to 75 at discrete time of 100. For sensitivity function
SS3muA, the trajectory reaches a minimum value of - 0.75 at discrete time of 40 and a high
value of 1 at discrete time of 100. For sensitivity function SS3muH, the trajectory oscillates from
zero and becomes stable at - 200 at discrete time of 60 and reaches a steady state. For
sensitivity function SS3KS, the trajectory oscillates from zero to downwards value of 4 at
discrete time of 100. For sensitivity function SS3KOH, the trajectory oscillates from zero to - 50
then becomes stable at discrete time of 60 and decrease to - 90 at discrete time 100. For
sensitivity function SS3KNO, the trajectory oscillates from zero to - 10 and becomes stable
after - 10 at discrete time of 60 and reaches a minimum of - 10.5 For sensitivity function
SS3KNH, the trajectory reaches a maximum of 0.4 at discrete time of 40 and drops down to -
0.4 at discrete time of 100. For sensitivity function SS3KOA, the trajectory reaches a maximum
of 0.25 at discrete time of 35. For sensitivity function SS3eta9, the trajectory constantly
increases from zero at discrete time of 40 increases to 2 at discrete time of 100. For sensitivity
function SS3etah, the trajectory rapidly oscillates from zero to 25 until a discrete time of 60 then
remains stable afterwards. For sensitivity function SS3Kh, the trajectory oscillates from zero to
50 at a discrete time of 60 whereby it remains stable and reaches steady state. For sensitivity
function SS3Kx, the trajectory oscillates from zero to - 150 then after at discrete value of 65 it
remains stable and reaches a steady state.

Figure 9.15: Process variable SS4 and its sensitivity functions towards the model parameters
The process variable SS4, the trajectory increases from 2 to 9 and reaches a steady state after
discrete time of 60. For sensitivity function SS4f, the trajectory drops steeply to 0.02 at discrete
time of 100. For variable SS4YH, the trajectory oscillates till it reaches a steady state of 150 at
discrete time of 60. For variable SS4YA, the trajectory reaches a maximum value of 1.5 at
discrete time of 40 and then decrease to - 1.8 at discrete time of 100. For sensitivity function
SS4iXB, the trajectory increases from zero to 75 at discrete time of 100. For sensitivity function
SS4muA, the trajectory reaches a minimum value of - 0.75 at discrete time of 40 and a high
value of 1 at discrete time of 100. For sensitivity function SS4muH, the trajectory oscillates from
zero and becomes stable at - 200 at discrete time of 60 and reaches a steady state. For
sensitivity function SS4KS, the trajectory oscillates from zero to downwards value of 4 at
discrete time of 100. For sensitivity function SS4KOH, the trajectory oscillates from zero to - 50
then becomes stable at discrete time of 60 and decrease to - 90 at discrete time 100. For
sensitivity function SS4KNO, the trajectory oscillates from zero to - 10 and becomes stable
after - 10 at discrete time of 60 and reaches a minimum of - 10.5 For sensitivity function
SS4KNH, the trajectory reaches a maximum of 0.4 at discrete time of 40 and drops down to -
0.4 at discrete time of 100. For sensitivity function SS4KOA, the trajectory reaches a maximum
of 0.25 at discrete time of 35. For sensitivity function SS4etag, the trajectory constantly
increases from zero at discrete time of 40 increases to 1.5 at discrete time of 100. For sensitivity
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function SS4etah, the trajectory rapidly oscillates from zero to 20 until a discrete time of 60 then
remains stable afterwards. For sensitivity function SS4Kh, the trajectory oscillates from zero to
50 at a discrete time of 60 whereby it remains stable and reaches steady state. For sensitivity
function SS4Kx, the trajectory oscillates from zero to - 150 then after at discrete value of 65 it
remains stable and reaches a steady state.

Figure 9.16: Process variable SS5 and its sensitivity functions towards the model parameters
The process variable SS5, the trajectory increases from 2 to 9 and reaches a steady state after
discrete time of 60. For sensitivity function SS5f, the trajectory drops steeply to 0.02 at discrete
time of 100. For variable SS5YH, the trajectory oscillates till it reaches a steady state of 150 at
discrete time of 60. For variable SS5Y A, the trajectory reaches a maximum value of 1.5 at
discrete time of 40 and then decrease to - 1.8 at discrete time of 100. For sensitivity function
SS5iXB, the trajectory increases from zero to 75 at discrete time of 100. For sensitivity function
SS5muA, the trajectory reaches a minimum value of - 0.75 at discrete time of 40 and a high
value of 1 at discrete time of 100. For sensitivity function SS5muH, the trajectory oscillates from
zero and becomes stable at - 200 at discrete time of 60 and reaches a steady state. For
sensitivity function SS5KS, the trajectory oscillates from zero to downwards value of 4 at
discrete time of 100. For sensitivity function SS5KOH, the trajectory oscillates from zero to - 50
then becomes stable at discrete time of 60 and decrease to - 90 at discrete time 100. For
sensitivity function SS5KNO, the trajectory oscillates from zero to - 10 and becomes stable
after - 10 at discrete time of 60 and reaches a minimum of - 10.5 For sensitivity function
SS5KNH, the trajectory reaches a maximum of 0.4 at discrete time of 40 and drops down to-
0.4 at discrete time of 100. For sensitivity function SS5KOA, the trajectory reaches a maximum
of 0.25 at discrete time of 35. For sensitivity function SS5etag, the trajectory constantly
increases from zero at discrete time of 40 increases to 1 at discrete time of 100. For sensitivity
function SS5etah, the trajectory rapidly oscillates from zero to 15 until a discrete time of 60 then
remains stable afterwards. For sensitivity function SS5Kh, the trajectory oscillates from zero to
50 at a discrete time of 60 whereby it remains stable and reaches steady state. For sensitivity
function SS5Kx, the trajectory oscillates from zero to - 150 then after at discrete value of 65 it
remains stable and reaches a steady state.

Benchmark process with UCT reduced biological model
Figure 9.17: Process variable SNH1 and its sensitivity functions towards the model parameters
The process variable Snh1, the trajectory decreases from zero to - 5000 at discrete time of 100.
For the sensitivity function Snh1f, the trajectory increases from zero to 35 at discrete time of 80
and remains stable. For variable Snh1 YZH, the trajectory follows a S-shaped curve from zero to
- 0.8 at discrete time of 100. For variable Snh1YZA, the trajectory increases from zero to 275 at
discrete time of 100. For sensitivity function Snh1fZBH, the trajectory decreases from zero to -
1900 at discrete time of 100. For sensitivity function Snh1 muA, the trajectory decreases from
zero to - 500 at discrete time of 100. For sensitivity function Snh1 muH, the trajectory decreases
from zero to - 39 at discrete time of 100. For sensitivity function Snh1 KS, the trajectory
decreases from zero to - 0.4 at discrete time of 100. For sensitivity function Snh1 KOH, the
trajectory increases from zero to 190 at discrete time of 100. For sensitivity function Snh1 KNO,
the trajectory at first oscillates around zero then stabilizes and slightly decreased to - 0.1 x 10-3

at discrete time of 100. For sensitivity function Snh1 KNH, the trajectory increases from zero to
110 at discrete time of 100. For sensitivity function Snh 1KOA, the trajectory increases from zero
to 500 at discrete time of 100. For sensitivity function Snh1etag, the trajectory decreases from
zero to - 0.5 at discrete time of 100. For sensitivity function Snh1 KMP, the trajectory increases
from zero to 95 at discrete time of 100. For sensitivity function Snh1 KSP, the trajectory
increases from zero to 105 at discrete time of 100. For sensitivity function Snh1 KSA, the
trajectory increases rapidly from zero to 2 at discrete time of 5 then decreases back to zero
reaching a steady state at 80. For sensitivity function Snh1fMA, the trajectory increases from
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zero to 0.5 x 10-3 at discrete time of 100. For sensitivity function Snh1 KA, the trajectory
increases from zero to 0.02 at discrete time of 100.

Figure 9.18: Process variable SNH2 and its sensitivity functions towards the model parameters
The process variable Snh2, the trajectory decreases from zero to - 5000 at discrete time of 100.
For the sensitivity function Snh2f, the trajectory increases from zero to 35 at discrete time of 80
and remains stable. For variable Snh2YZH, the trajectory follows a S-shaped curve from zero to
- 0.8 at discrete time of 100. For variable Snh2YZA, the trajectory increases from zero to 275 at
discrete time of 100. For sensitivity function Snh2fZBH, the trajectory decreases from zero to -
1900 at discrete time of 100. For sensitivity function Snh2muA, the trajectory decreases from
zero to - 500 at discrete time of 100. For sensitivity function Snh2muH, the trajectory decreases
from zero to -- 39 at discrete time of 100. For sensitivity function Snh2KS, the trajectory
decreases from zero to - 0.4 at discrete time of 100. For sensitivity function Snh2KOH, the
trajectory increases from zero to 190 at discrete time of 100. For sensitivity function Snh2KNO,
the trajectory at first oscillates around zero then stabilizes and slightly decreased to - 0.1 x 10-3

at discrete time of 100. For sensitivity function Snh2KNH, the trajectory increases from zero to
110 at discrete time of 100. For sensitivity function Snh2KOA, the trajectory increases from zero
to 500 at discrete time of 100. For sensitivity function Snh2etag, the trajectory decreases from
zero to - 0.5 at discrete time of 100. For sensitivity function Snh2KMP, the trajectory increases
from zero to 95 at discrete time of 100. For sensitivity function Snh2KSP, the trajectory
increases from zero to 105 at discrete time of 100. For sensitivity function Snh2KSA, the
trajectory increases rapidly from zero to 2 at discrete time of 5 then decreases back to zero
reaching a steady state at 80. For sensitivity function Snh2fMA, the trajectory increases from
zero to 0.5 x 10-3 at discrete time of 100. For sensitivity function Snh2KA, the trajectory
increases from zero to 0.02 at discrete time of 100.

Figure 9.19: Process variable SNH3 and its sensitivity functions towards the model parameters
The process variable Snh3, the trajectory decreases from zero to - 5000 at discrete time of 100.
For the sensitivity function Snh3f, the trajectory increases from zero to 35 at discrete time of 80
and remains stable. For variable Snh3YZH, the trajectory follows a S-shaped curve from zero to
- 0.8 at discrete time of 100. For variable Snh3YZA, the trajectory increases from zero to 275 at
discrete time of 100. For sensitivity function Snh3fZBH, the trajectory decreases from zero to -
1900 at discrete time of 100. For sensitivity function Snh3muA, the trajectory decreases from
zero to - 500 at discrete time of 100. For sensitivity function Snh3muH, the trajectory decreases
from zero to - 39 at discrete time of 100. For sensitivity function Snh3KS, the trajectory
decreases from zero to - 0.4 at discrete time of 100. For sensitivity function Snh3KOH, the
trajectory increases from zero to 190 at discrete time of 100. For sensitivity function Snh3KNO,
the trajectory at first oscillates around zero then stabilizes and slightly decreased to - 0.1 X 10-3

at discrete time of 100. For sensitivity function Snh3KNH, the trajectory increases from zero to
110 at discrete time of 100. For sensitivity function Snh3KOA, the trajectory increases from zero
to 500 at discrete time of 100. For sensitivity function Snh3etag, the trajectory decreases from
zero to - 0.5 at discrete time of 100. For sensitivity function Snh3KMP, the trajectory increases
from zero to 100 at discrete time of 100. For sensitivity function Snh3KSP, the trajectory
increases from zero to 105 at discrete time of 100. For sensitivity function Snh3KSA, the
trajectory oscillates unsteadily from zero to 1.8 at discrete time of 5 then decreases back to zero
reaching a steady state at 80. For sensitivity function Snh1fMA, the trajectory increases from
zero to 0.5 x 10-3 at discrete time of 100. For sensitivity function Snh1 KA, the trajectory
increases from zero to 0.02 at discrete time of 100.

Figure 9.20: Process variable SNH4 and its sensitivity functions towards the model parameters
The process variable Snh4, the trajectory decreases from zero to - 5000 at discrete time of 100.
For the sensitivity function Snh4f, the trajectory increases from zero to 35 at discrete time of 80
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and remains stable. For variable Snh4YZH, the trajectory follows a S-shaped curve from zero to
- 0.8 at discrete time of 100. For variable Snh4YZA, the trajectory increases from zero to 275 at
discrete time of 100. For sensitivity function Snh4fZBH, the trajectory decreases from zero to -
1900 at discrete time of 100. For sensitivity function Snh4muA, the trajectory decreases from
zero to - 500 at discrete time of 100. For sensitivity function Snh4muH, the trajectory decreases
from zero to - 39 at discrete time of 100. For sensitivity function Snh4KS, the trajectory
decreases from zero to - 0.4 at discrete time of 100. For sensitivity function Snh4KOH, the
trajectory increases from zero to 190 at discrete time of 100. For sensitivity function Snh4KNO,
the trajectory at first oscillates around zero then stabilizes and slightly decreased to - 0.1 x 10-3

at discrete time of 100. For sensitivity function Snh4KNH, the trajectory increases from zero to
110 at discrete time of 100. For sensitivity function Snh4KOA, the trajectory increases from zero
to 500 at discrete time of 100. For sensitivity function Snh4etag, the trajectory decreases from
zero to - 0.5 at discrete time of 100. For sensitivity function Snh4KMP, the trajectory increases
from zero to 100 at discrete time of 100. For sensitivity function Snh4KSP, the trajectory
increases from zero to 105 at discrete time of 100. For sensitivity function Snh4KSA, the
trajectory increases rapidly from zero to 2 at discrete time of 5 then decreases back to zero
reaching a steady state at 80. For sensitivity function Snh4fMA, the trajectory increases from
zero to 0.5 x 10-3 at discrete time of 100. For sensitivity function Snh4KA, the trajectory
increases from zero to 0.02 at discrete time of 100.

Figure 9.21: Process variable SNH5 and its sensitivity functions towards the model parameters
The process variable Snh5, the trajectory decreases from zero to - 5000 at discrete time of 100.
For the sensitivity function Snh5f, the trajectory increases from zero to 35 at discrete time of 80
and remains stable. For variable Snh5YZH, the trajectory follows a S-shaped curve from zero to
- 0.8 at discrete time of 100. For variable Snh5YZA, the trajectory increases from zero to 275 at
discrete time of 100. For sensitivity function Snh5fZBH, the trajectory decreases from zero to -
1900 at discrete time of 100. For sensitivity function Snh5muA, the trajectory decreases from
zero to - 500 at discrete time of 100. For sensitivity function Snh5muH, the trajectory decreases
from zero to - 39 at discrete time of 100. For sensitivity function Snh5KS, the trajectory
decreases from zero to - 0.4 at discrete time of 100. For sensitivity function Snh5KOH, the
trajectory increases from zero to 190 at discrete time of 100. For sensitivity function Snh5KNO,
the trajectory at first oscillates around zero then stabilizes and slightly decreased to - 0.1 xl 0-3

at discrete time of 100. For sensitivity function Snh5KNH, the trajectory increases from zero to
110 at discrete time of 100. For sensitivity function Snh5KOA, the trajectory increases from zero
to 500 at discrete time of 100. For sensitivity function Snh5etag, the trajectory decreases from
zero to - 0.5 at discrete time of 100. For sensitivity function Snh5KMP, the trajectory increases
from zero to 100 at discrete time of 100. For sensitivity function Snh5KSP, the trajectory
increases from zero to 105 at discrete time of 100. For sensitivity function Snh5KSA, the
trajectory increases rapidly from zero to 2 at discrete time of 5 then decreases back to zero
reaching a steady state at 80. For sensitivity function Snh5fMA, the trajectory increases from
zero to 0.5 x 10-3 at discrete time of 100. For sensitivity function Snh5KA, the trajectory
increases from zero to 0.03 at discrete time of 100.

Figure 9.22: Process variable SN01 and its sensitivity functions towards the model parameters
The process variables SN01, the trajectory increases from zero to 4900 at discrete time of 100.
For sensitivity function SN01f, the trajectory increases from zero to 4 xl 0-3 at discrete time of 5
then slowly oscillates until it reaches zero whereby it stabilizes. For variable SN01YZH, the
trajectory remains at zero until discrete value of 20 then decreases to - 4 at discrete time of 100.
For variable SN01YZA, the trajectory increases from zero to 30 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN01fZBH, the trajectory initially
oscillates slightly around zero then decreases to - 0.1 then reaches a steady state at zero at
discrete time of 30. For sensitivity function SN01 muA, the trajectory increases to 4 at discrete
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time of 5 and decreases to zero at discrete time of 40 and reaches a steady state at this value.
For sensitivity function SN01 muH, the trajectory decreases from zero to - 0.3 at discrete time of
100. For sensitivity functions SN01 KS, the trajectory increases from zero to 0.015 at discrete
time of 60 then reaches a steady state after this value. For sensitivity function SN01 KOH, the
trajectory decreases from zero to - 0.8 at discrete time of 100. For sensitivity function
SN01 KNO, the trajectory initially oscillates from zero to 3 x 10-3 at discrete time of 3 then settles
down to zero at discrete time of 80. For sensitivity function SN01 KNH, the trajectory increases
from zero to 4 at discrete time of 5 then drops down to zero reaching a steady state at discrete
time of 60. For sensitivity function SN01 KOA, the trajectory increases from zero to 2 at discrete
time of 5 then decreases to zero reaching a steady state at discrete time of 60. For sensitivity
function SN01 etag, the trajectory decreases from zero to - 0.5 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN01 KMP, the trajectory increases
from zero to 3 at discrete time of 100. For sensitivity function SN01 KSP the trajectory oscillates
around zero then increases to 0.49 at discrete time of 100. For sensitivity function SN01 KSA,
the trajectory decreases from zero to - 4 at discrete time of 5 then increases to zero at discrete
time of 20 and reaches a steady state after this value. For sensitivity function SNo1fMA, the
trajectory follows a slight S-shaped curve from zero to - 0.4 at discrete time of 100. For
sensitivity function SN01 KA, the trajectory follows a slight S-shaped curve from zero to 17 at
discrete time of 100.

Figure 9.23: Process variable SN02 and its sensitivity functions towards the model parameters
The process variables SN02, the trajectory increases from zero to 4900 at discrete time of 100.
For sensitivity function SN02f, the trajectory increases from zero to 4 x 10-3 at discrete time of 5
then slowly oscillates until it reaches zero whereby it stabilizes. For variable SN02YZH, the
trajectory remains at zero until discrete value of 20 then decreases to - 4 at discrete time of 100.
For variable SN02YZA, the trajectory increases from zero to 30 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN02fZBH, the trajectory initially
oscillates slightly around zero then decreases to - 0.1 then reaches a steady state at zero at
discrete time of 30. For sensitivity function SN02muA, the trajectory increases to 4 at discrete
time of 5 and decreases to zero at discrete time of 40 and reaches a steady state at this value.
For sensitivity function SN02muH, the trajectory decreases from zero to - 0.3 at discrete time of
100. For sensitivity functions SN02KS, the trajectory increases from zero to 0.015 at discrete
time of 60 then reaches a steady state after this value. For sensitivity function SN02KOH, the
trajectory decreases from zero to - 0.8 at discrete time of 100. For sensitivity function
SN02KNO, the trajectory initially oscillates from zero to 3 x l0-3 at discrete time of 3 then settles
down to zero at discrete time of 80. For sensitivity function SN02KNH, the trajectory increases
from zero to -120 reaching a steady state at discrete time of 60. For sensitivity function
SN02KOA, the trajectory increases from zero to 2 at discrete time of 5 then decreases to zero
reaching a steady state at discrete time of 60. For sensitivity function SN02etag, the trajectory
decreases from zero to - 0.5 at discrete time of 60 and reaches a steady state at this value. For
sensitivity function SN02KMP, the trajectory increases from zero to 3 at discrete time of 100.
For sensitivity function SN02KSP the trajectory oscillates around zero then increases to 0.49 at
discrete time of 100. For sensitivity function SN02KSA, the trajectory decreases from zero to - 4
at discrete time of 5 then increases to zero at discrete time of 20 and reaches a steady state
after this value. For sensitivity function SN02fMA, the trajectory follows a slight S-shaped curve
from zero to - 0.4 at discrete time of 100. For sensitivity function SN02KA, the trajectory follows
a slight S-shaped curve from zero to 17 at discrete time of 100.

Figure 9.24: Process variable SN03 and its sensitivity functions towards the model parameters
The process variables SN03, the trajectory increases from zero to 4900 at discrete time of 100.
For sensitivity function SN03f, the trajectory increases from zero to 3.5 x 10-3 at discrete time of
5 then slowly oscillates until it reaches zero whereby it stabilizes. For variable SN03YZH, the
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trajectory remains at zero until discrete value of 20 then decreases to - 4 at discrete time of 100.
For variable SN03YZA, the trajectory increases from zero to 30 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN03fZBH, the trajectory initially
oscillates slightly around zero then decreases to - 0.1 reaches a steady state at zero at discrete
time of 30. For sensitivity function SN03muA, the trajectory increases to 4 at discrete time of 5
and decreases to zero at discrete time of 40 and reaches a steady state at this value. For
sensitivity function SN03muH, the trajectory decreases from zero to - 0.3 at discrete time of
100. For sensitivity functions SN03KS, the trajectory increases from zero to 0.015 at discrete
time of 60 then reaches a steady state after this value. For sensitivity function SN03KOH, the
trajectory decreases from zero to - 0.8 at discrete time of 100. For sensitivity function
SN03KNO, the trajectory initially oscillates from zero to 3 x l0-3 at discrete time of 3 then settles
down to zero at discrete time of 80. For sensitivity function SN03KNH, the trajectory increases
from zero to -120 reaching a steady state at discrete time of 60. For sensitivity function
SN03KOA, the trajectory increases from zero to 2 at discrete time of 5 then decreases to zero
reaching a steady state at discrete time of 60. For sensitivity function SN03etag, the trajectory
decreases from zero to - 0.5 at discrete time of 60 and reaches a steady state at this value. For
sensitivity function SN03KMP, the trajectory increases from zero to 3 at discrete time of 100.
For sensitivity function SN03KSP the trajectory oscillates around zero then increases to 0.49 at
discrete time of 100. For sensitivity function SN03KSA, the trajectory decreases from zero to - 4
at discrete time of 5 then increases to zero at discrete time of 20 and reaches a steady state
after this value. For sensitivity function SN03fMA, the trajectory follows a slight S-shaped curve
from zero to - 0.4 at discrete time of 100. For sensitivity function SN03KA, the trajectory follows
a slight S-shaped curve from zero to 17 at discrete time of 100.

Figure 9.25: Process variable SN04 and its sensitivity functions towards the model parameters
The process variables SN04, the trajectory increases from zero to 4900 at discrete time of 100.
For sensitivity function SN04f, the trajectory increases from zero to 2 x 10-3 at discrete time of 5
then slowly oscillates until it reaches zero whereby it stabilizes. For variable SN04YZH, the
trajectory remains at zero until discrete value of 20 then decreases to - 4 at discrete time of 100.
For variable SN04YZA, the trajectory increases from zero to 30 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN04fZBH, the trajectory initially
oscillates slightly around zero then reaches a steady state at zero at discrete time of 30. For
sensitivity function SN04muA, the trajectory increases to 4 at discrete time of 5 and decreases
to zero at discrete time of 40 and reaches a steady state at this value. For sensitivity function
SN04muH, the trajectory decreases from zero to - 0.3 at discrete time of 100. For sensitivity
functions SN04KS, the trajectory increases from zero to 0.015 at discrete time of 60 then
reaches a steady state after this value. For sensitivity function SN04KOH, the trajectory
decreases from zero to - 0.8 at discrete time of 100. For sensitivity function SN04KNO, the
trajectory initially oscillates from zero to 3 x 10-3 at discrete time of 3 then settles down to zero at
discrete time of 80. For sensitivity function SN04KNH, the trajectory increases from zero to -120
reaching a steady state at discrete time of 60. For sensitivity function SN04KOA, the trajectory
increases from zero to 2 at discrete time of 5 then decreases to zero reaching a steady state at
discrete time of 60. For sensitivity function SN04etag, the trajectory decreases from zero to -
0.5 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
SN04KMP, the trajectory increases from zero to 3 at discrete time of 100. For sensitivity
function SN04KSP the trajectory oscillates around zero then increases to OA9 at discrete time
of 100. For sensitivity function SN04KSA, the trajectory decreases from zero to - 4 at discrete
time of 5 then increases to zero at discrete time of 20 and reaches a steady state after this
value. For sensitivity function SN04fMA, the trajectory follows a slight S-shaped curve from zero
to - OA at discrete time of 100. For sensitivity function SN04KA, the trajectory follows a slight S-
shaped curve from zero to 17 at discrete time of 100.

Figure 9.26.Process variable SN05 and its sensitivity functions towards the model parameters
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The process variables SN05, the trajectory increases from zero to 4900 at discrete time of 100.
For sensitivity function SN05f. the trajectory increase from zero to 2 x 10-3 at discrete time of 5
then slowly oscillating until it reaches zero whereby it stabilizes. For variable SN05YZH, the
trajectory remains at zero until discrete value of 20 then decreases to - 4 at discrete time of 100.
For variable SN05YZA, the trajectory increases from zero to 30 at discrete time of 60 and
reaches a steady state at this value. For sensitivity function SN05fZBH, the trajectory initially
oscillates slightly around zero then reaches a steady state at zero at discrete time of 30. For
sensitivity function SN05muA, the trajectory increases to 4 at discrete time of 5 and decreases
to zero at discrete time of 40 and reaches a steady state at this value. For sensitivity function
SN05muH, the trajectory decreases from zero to - 0.3 at discrete time of 100. For sensitivity
functions SN05KS, the trajectory increases from zero to 0.015 at discrete time of 60 then
reaches a steady state after this value. For sensitivity function SN05KOH, the trajectory
decreases from zero to - 0.8 at discrete time of 100. For sensitivity function SN05KNO, the
trajectory initially oscillates from zero to 3 x l0-3 at discrete time of 3 then settles down to zero at
discrete time of 80. For sensitivity function SN05KNH, the trajectory increases from zero to -120
reaching a steady state at discrete time of 60. For sensitivity function SN05KOA, the trajectory
increases from zero to 2 at discrete time of 5 then decreases to zero reaching a steady state at
discrete time of 60. For sensitivity function SN05etag, the trajectory decreases from zero to -
0.5 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
SN05KMP, the trajectory increases from zero to 3 at discrete time of 100. For sensitivity
function SN05KSP the trajectory oscillates around zero then increases to 0.49 at discrete time
of 100. For sensitivity function SN05KSA, the trajectory decreases from zero to - 4 at discrete
time of 5 then increases to zero at discrete time of 20 and reaches a steady state after this
value. For sensitivity function SN05fMA, the trajectory follows a slight S-shaped curve from zero
to - 0.4 at discrete time of 100. For sensitivity function SN05KA, the trajectory follows a slight S-
shaped curve from zero to 17 at discrete time of 100.

Figure 9.27: Process variable SS1 and its sensitivity functions towards the model parameters
The process variable SS1, the trajectory increases from zero to 10 then is slightly increasing to
15 and remaining at steady state at this value. For sensitivity function SS H, the trajectory
decreases from zero to - 0.5 x 10-10 oscillating then is reaching zero at steady state. For variable
SS1YZH, the trajectory increases from zero to 38 at discrete time of 60 reaching a steady state
after this value. For variable SS1YZA, the trajectory oscillates slightly from zero to - 1xl 0-9 then
reaches steady state at discrete time of 60. For sensitivity function SS1fZBH, the trajectory is
slightly oscillating from zero to 0.5 x 10-9 then decreasing to zero at discrete time of 60. For
sensitivity function SS1 muA, the trajectory oscillates slightly around zero then decreases to -
1X 10-9 and remains stable around zero from discrete time of 20. For sensitivity function
SS1 muH, the trajectory decreases from zero to - 500 at discrete time of 60 and reaches a
steady state at this value. For sensitivity function SS1KS, the trajectory increases from zero to
35 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
SS1 KOH, the trajectory increases from zero to 0.25 then decreases to 0.01 reaching zero at a
discrete time of 60. For sensitivity function SS1 KNO, the trajectory increases from zero to 0.06
at discrete time of 60 and reaches a steady state at this value. For sensitivity function SS1 KNH,
the trajectory increases from zero to 3.5 x 10-3 and decreases to zero at discrete time of 60. For
sensitivity function SS 1KOA, the trajectory decreases from zero to - 1.5 xl 0-9 and oscillates
until it reaches zero at discrete time of 50 and remains there. For sensitivity function SS1 etag,
the trajectory increases from zero to 5 x io" at a discrete time of 5 then oscillating finally
reaching a steady state value of Ix 10-11 at discrete time of 60. For sensitivity function SS1 KMP,
the trajectory decrease from zero to - 3 x 10 -lI then increasing to - 1x 10 -II and finally
decreasing to - 2 x io" at a discrete time of 100. For sensitivity function SS1 KSP, the trajectory
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oscillates from zero to - 5 X 10-11 then settling down to zero after a discrete time of 40. For
sensitivity function SS 1KSA, the trajectory oscillates from zero to 1.5 x 10-9 then settles down to
zero at a discrete time of 60. For sensitivity function SSHMA, the trajectory increases from zero
to 3 x 10-12 at a discrete time of 100. For sensitivity function SS1 KA, the trajectory increases
from zero to 1.5 x 10-10 at a discrete time of 100.

Figure 9.28: Process variable SS2 and its sensitivity functions towards the model parameters
The process variable SS2, the trajectory increases from zero to 10 then is slightly increasing to
15 and remaining at steady state at this value. For sensitivity function SS2f, the trajectory
decreases from zero to - 0.5 x 10-10 oscillating then is reaching zero at steady state. For variable
SS2YZH, the trajectory increases from zero to 38 at discrete time of 60 reaching a steady state
after this value. For variable SS2YZA, the trajectory oscillates slightly from zero to - 1x 10-9 then
reaches steady state at discrete time of 60. For sensitivity function SS2fZBH, the trajectory is
slightly oscillating from zero to 0.5 x 10-9 then decreasing to zero at discrete time of 60. For
sensitivity function SS2muA, the trajectory oscillates slightly around zero then decreases to -
1X 10-9 and remains stable around zero from discrete time of 20. For sensitivity function
SS2muH, the trajectory decreases from zero to - 500 at discrete time of 60 and reaches a
steady state at this value. For sensitivity function SS2KS, the trajectory increases from zero to
35 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
SS2KOH, the trajectory increases from zero to 0.25 then decreases to 0.01 reaching zero at a
discrete time of 60. For sensitivity function SS2KNO, the trajectory increases from zero to 0.06
at discrete time of 60 and reaches a steady state at this value. For sensitivity function SS2KNH,
the trajectory increases from zero to 3.5 x 10-3 and decreases to zero at discrete time of 60. For
sensitivity function SS2KOA, the trajectory decreases from zero to - 1.5 X 10-9 and oscillates
until it reaches zero at discrete time of 50 and remains there. For sensitivity function SS2etag,
the trajectory increases from zero to 0.6 x l0-10 at a discrete time of 5 then oscillating finally
reaching a steady state value of 1x 10-11 at discrete time of 60. For sensitivity function SS2KMP,
the trajectory decrease from zero to - 3xIO-11 then increasing to - IxIO-11 and finally
decreasing to - 2 x 10-11at a discrete time of 100. For sensitivity function SS2KSP, the trajectory
oscillates from zero to - 5 x l0-11 then settling down to zero after a discrete time of 40. For
sensitivity function SS2KSA, the trajectory oscillates from zero to 1.5 x 10-9 then settles down to
zero at a discrete time of 60. For sensitivity function SS2fMA, the trajectory increases from zero
to 3 xl 0-12 at a discrete time of 100. For sensitivity function SS2KA, the trajectory increases
from zero to 1.5 x 10-10 at a discrete time of 100.

Figure 9.29: Process variable SS3 and its sensitivity functions towards the model parameters
The process variable SS3, the trajectory increases from zero to 7 then is slightly increasing to 8
and remaining at steady state at this value. For sensitivity function SS1f, the trajectory
decreases from zero to - 4 X 10-11 oscillating then is reaching zero at steady state. For variable
SS3YZH, the trajectory increases from zero to 38 at discrete time of 60 reaching a steady state
after this value. For variable SS3YZA, the trajectory oscillates slightly from zero to - 1x 10-9 then
reaches steady state at discrete time of 60. For sensitivity function SS3fZBH, the trajectory is
slightly oscillating from zero to '0.5 x 10-9 then decreasing to zero at discrete time of 60. For
sensitivity function SS3muA, the trajectory oscillates slightly around zero then decreases to -
1xl 0-9 and remains stable around zero from discrete time of 20. For sensitivity function
SS3muH, the trajectory decreases from zero to - 500 at discrete time of 60 and reaches a
steady state at this value. For sensitivity function SS3KS, the trajectory increases from zero to
35 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
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SS3KOH, the trajectory increases from zero to 0.25 then decreases to 0.01 reaching zero at a
discrete time of 60. For sensitivity function SS3KNO, the trajectory increases from zero to 0.06
at discrete time of 60 and reaches a steady state at this value. For sensitivity function SS3KNH,
the trajectory increases from zero to 3.5 xl 0-3 and decreases to zero at discrete time of 60. For
sensitivity function SS3KOA, the trajectory decreases from zero to - 1.5 x 10-9 and oscillates
until it reaches zero at discrete time of 50 and remains there. For sensitivity function SS3etag,
the trajectory increases from zero to 5 x 10-11 at a discrete time of 5 then oscillating finally
reaching a steady state value of 1x 10-11 at discrete time of 60. For sensitivity function SS3KMP,
the trajectory decrease from zero to - 3 x 10-II then increasing to - 1x 10-II and finally
decreasing to - 2 X 10-11at a discrete time of 100. For sensitivity function SS3KSP, the trajectory
oscillates from zero to - 5 X 10-11 then settling down to zero after a discrete time of 40. For
sensitivity function SS3KSA, the trajectory oscillates from zero to 1.5 x 10-9 then settles down to
zero at a discrete time of 60. For sensitivity function SS3fMA, the trajectory increases from zero
to 3 xl 0-12 at a discrete time of 100. For sensitivity function SS3KA, the trajectory increases
from zero to 1.5 x 10-10 at a discrete time of 100.

Figure 9.30: Process variable SS4 and its sensitivity functions towards the model parameters
The process variable SS4, the trajectory increases from zero to 7 then is decreasing to 5 then
slightly increasing to 8 and remaining at steady state at this value. For sensitivity function SS4f,
the trajectory decreases from zero to - 3 x 10-11 oscillating then is reaching zero at steady state.
For variable SS4YZH, the trajectory increases from zero to 38 at discrete time of 60 reaching a
steady state after this value. For variable SS4YZA, the trajectory oscillates slightly from zero to -
1x l 0-9 then reaches steady state at discrete time of 60. For sensitivity function SS4fZBH, the
trajectory is slightly oscillating from zero to 0.5 x 10-9 then decreasing to zero at discrete time of
60. For sensitivity function SS4muA, the trajectory oscillates slightly around zero then decreases
to - 1X 10-9 and remains stable around zero from discrete time of 20. For sensitivity function
SS4muH, the trajectory decreases from zero to - 500 at discrete time of 60 and reaches a
steady state at this value. For sensitivity function SS4KS, the trajectory increases from zero to
35 at discrete time of 60 and reaches a steady state at this value. For sensitivity function
SS4KOH, the trajectory increases from zero to 0.25 then decreases to 0.01 reaching zero at a
discrete time of 60. For sensitivity function SS4KNO, the trajectory increases from zero to 0.06
at discrete time of 60 and reaches a steady state at this value. For sensitivity function SS4KNH,
the trajectory increases from zero to 3.5 x 10-3 and decreases to zero at discrete time of 60. For
sensitivity function SS4KOA, the trajectory decreases from zero to - 1.5 x 10-9 and oscillates
until it reaches zero at discrete time of 50 and remains there. For sensitivity function SS4etag,
the trajectory increases from zero to 5 x 10-11 at a discrete time of 5 then oscillating finally
reaching a steady state value of 1x l 0-11 at discrete time of 60. For sensitivity function SS4KMP,
the trajectory decrease from zero to - 3xlO-11 then increasing to - lxlO-lland finally
decreasing to - 2 x 10-11at a discrete time of 100. For sensitivity function SS4KSP, the trajectory
oscillates from zero to - 5 X 10-11 then settling down to zero after a discrete time of 40. For
sensitivity function SS4KSA, the trajectory oscillates from zero to 1.5 x 10-9 then settles down to
zero at a discrete time of 60. For sensitivity function SS4fMA, the trajectory increases from zero

r-

to 3 xl 0-12 at a discrete time of 100. For sensitivity function SS4KA, the trajectory increases
from zero to 1.5 x 10-10 at a discrete time of 100.

Figure 9.31: Process variable SS5 and its sensitivity functions towards the model parameters
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The process variable SS5, the trajectory increases from zero to 3.9 then is decreasing to 2.5
then slightly increasing to 3 and remaining at steady state at this value. For sensitivity function
SS5f, the trajectory decreases from zero to - 3 x 10-11 oscillating then is reaching zero at steady
state. For variable SS5YZH, the trajectory increases from zero to 38 at discrete time of 60
reaching a steady state after this value. For variable SS5YZA, the trajectory oscillates slightly
from zero to - 1X 10-9 then reaches steady state at discrete time of 60. For sensitivity function
SS5fZBH, the trajectory is slightly oscillating from zero to 0.4 xl 0-9 then decreasing to zero at
discrete time of 80. For sensitivity function SS5muA, the trajectory oscillates slightly around zero
then decreases to - 1x 10-9 and remains stable around zero from discrete time of 20. For
sensitivity function SS5muH, the trajectory decreases from zero to - 500 at discrete time of 60
and reaches a steady state at this value. For sensitivity function SS5KS, the trajectory increases
from zero to 35 at discrete time of 60 and reaches a steady state at this value. For sensitivity
function SS5KOH, the trajectory increases from zero to 0.015 then decreases to zero at a
discrete time of 80. For sensitivity function SS5KNO, the trajectory increases from zero to 0.06
at discrete time of 60 and reaches a steady state at this value. For sensitivity function SS5KNH,
the trajectory increases from zero to 3.5 x 10-3 and decreases to zero at discrete time of 60. For
sensitivity function SS5KOA, the trajectory decreases from zero to - 1X 10-9 and oscillates until it
reaches zero at discrete time of 60 and remains there. For sensitivity function SS5etag, the
trajectory increases from zero to 3.8 xl 0-11 at a discrete time of 5 then oscillating finally
reaching a steady state value of 0.75 x 10-11 at discrete time of 60. For sensitivity function
SS5KMP, the trajectory decrease from zero to - 3 x ro:' then increasing to - 1x io" and finally
decreasing to - 2 X 10-11at a discrete time of 100. For sensitivity function SS5KSP, the trajectory
oscillates from zero to - 5 X 10-11 then settling down to zero after a discrete time of 40. For
sensitivity function SS5KSA, the trajectory oscillates from zero to 1.5x 10-9 then settles down to
zero at a discrete time of 60. For sensitivity function SS5fMA, the trajectory increases from zero
to 3 x 10-12 at a discrete time of 100. For sensitivity function SS5KA, the trajectory increases
from zero to 1.5xl 0-10 at a discrete time of 100.

Figure 9.32: Process variable SSads1 and its sensitivity functions towards the model parameters
The process variable Sads1, the trajectory decreases from zero to - 250 at a discrete time of 40
and remains at a steady state. For sensitivity function Sads1f, the trajectory oscillates from zero
to - 2 X 10-9 at a discrete time of 5 then stabilizes to zero at a discrete time of 20. For variable
Sads1YZH, the trajectory increases from zero to 4000 at a discrete time of 80 then reaches a
steady state. For variable Sads1 YZA, the trajectory decreases from zero - 0.5 x 10-7 then
slightly oscillates around - 0.5 x 10-7 then is increasing to - 0.2 x 10-7 at a discrete time of 100.
For sensitivity function Sads1fZBH, the trajectory increases from zero to 4xl0-8 at a discrete
time of 5 then is decreasing back to zero at a discrete time of 100. For sensitivity function
Sads1 muA, the trajectory oscillates slightly from zero to - 0.8 x l 0-7 at a discrete time of 5 then
increases to zero at a discrete time of 80. For sensitivity function Sads1 muH, the trajectory
oscillates slightly from zero to 1.2 x 10-9 at a discrete time of 5 and decreases further to
0.2 xl 0-9 at a discrete time of 100. For sensitivity function Sads1 KS, the trajectory oscillates
slightly from zero to - 3 X 10-11 at a discrete time of 5 then increases to :::-0.8 x 10-11 at a discrete
time of 100. For sensitivity function Sads1KOH, the trajectory is unstable increasing from zero to
6 at a discrete time of 3 then decreasing to zero at a discrete time of 100. For sensitivity function
Sads1 KNO, the trajectory increases from zero to 0.039 at a discrete time of 4 then decreases to
0.03 and slowly increases to 0.038 at a discrete time of 100. For sensitivity function Sads1 KNH,
the trajectory increases from zero to 0.38 at a discrete time of 3 then decreases gradually to
zero at a discrete time of 100. For sensitivity function Sads1 KOA, the trajectory oscillates from
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zero to - 0.5 x 10-7 and increases to - 0.25 xl 0-7 then reaches zero at a discrete time of 60. For
sensitivity function Sads1 etag, the trajectory decreases from zero to - 3.8 at a discrete time of
100. For sensitivity function Sads1 KMP, the trajectory decreases from zero to - 2000 at a
discrete time of 100. For sensitivity function Sads 1KSP, the trajectory is unstable around zero
then reaches - 200 at a discrete time of 40 and reaches a steady state after this value. For
sensitivity function Sads1 KSA, the trajectory is increasing from zero to around 0.7 x l0-7 at a
discrete time of 5 then reaches zero at a discrete time of 80. For sensitivity function Sads1fMA,
the trajectory increases from zero to 350 at a discrete time of 60 and remains at steady state.
For sensitivity function Sads1 KA, the trajectory increases from zero to 1.2 x l 04 at a discrete time
of 60 and reaches a steady state.

Figure 9.33: Process variable SSads2 and its sensitivity functions towards the model parameters
The process variable Sads2, the trajectory decreases from zero to - 250 at a discrete time of 40
and remains at a steady state. For sensitivity function Sads2f, the trajectory oscillates from zero
to - 2 xl 0-9 at a discrete time of 5 then stabilizes to zero at a discrete time of 20. For variable
Sads2YZH, the trajectory increases from zero to 4000 at a discrete time of 80 then reaches a
steady state. For variable Sads2YZA, the trajectory decreases from zero - 0.5 x 10-7 then
slightly oscillates around - 0.5 x 10-7 then is increasing to - 0.2 x 10-7 at a discrete time of 100.
For sensitivity function Sads2fZBH, the trajectory increases from zero to 4 x 10-8 at a discrete
time of 5 then is decreasing back to zero at a discrete time of 100. For sensitivity function
Sads2muA, the trajectory oscillates slightly from zero to - 0.8 xl 0-7 at a discrete time of 5 then
increases to zero at a discrete time of 80. For sensitivity function Sads2muH, the trajectory
oscillates slightly from zero to 1.2 x 10-9 at a discrete time of 5 and decreases further to
0.2 x 10-9 at a discrete time of 100. For sensitivity function Sads2KS, the trajectory oscillates
slightly from zero to - 3 X 10-11 at a discrete time of 5 then increases to - 0.8 X 10-11 at a discrete
time of 100. For sensitivity function Sads2KOH, the trajectory oscillates increasing from zero to
10 at a discrete time of 3 then decreasing to zero at a discrete time of 100. For sensitivity
function Sads2KNO, the trajectory increases from zero to 0.039 at a discrete time of 4 then
decreases to 0.03 and slowly increases to 0.038 at a discrete time of 100. For sensitivity function
Sads2KNH, the trajectory increases from zero to 0.38 at a discrete time of 3 then decreases
gradually to zero at a discrete time of 100. For sensitivity function Sads2KOA, the trajectory
oscillates from zero to - 0.5 x 10-7 and increases to - 0.25 x 10-7 then reaches zero at a discrete
time of 60. For sensitivity function Sads2etag, the trajectory decreases from zero to - 3.8 at a
discrete time of 100. For sensitivity function Sads2KMP, the trajectory decreases from zero to -
2000 at a discrete time of 100. For sensitivity function Sads2KSP, the trajectory increases from
zero 1000 at a discrete time of 5 and decreases to - 200 at a discrete time of 40 and reaches a
steady state after this value. For sensitivity function Sads2KSA, the trajectory is increasing from
zero to around 1x 10-7 at a discrete time of 5 then reaches zero at a discrete time of 80. For
sensitivity function Sads2fMA, the trajectory increases from zero to 350 at a discrete time of 60
and remains at steady state. For sensitivity function Sads2KA, the trajectory increases from zero
to 1.2 x l 04 at a discrete time of 60 and reaches a steady state.

Figure 9.34: Process variable SSads3 and its sensitivity functions towards the model parameters
The process variable Sads3, the trajectory decreases from zero to - 250 at a discrete time .of 40
and remains at a steady state. For sensitivity function Sads3f, the trajectory oscillates from zero
to - 4 xl 0-11 at a discrete time of 8 then stabilizes to zero at a discrete time of 20. For variable
Sads3YZH, the trajectory increases from zero to 4500 at a discrete time of 80 then reaches a
steady state. For variable Sads3YZA, the trajectory decreases from zero - 0.5 x 10-7 then
slightly oscillates around - 0.5 x 10-7 then is increasing to - 0.2 x 10-7 at a discrete time of 100.
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For sensitivity function Sads3fZBH, the trajectory increases from zero to 4 x 10-8 at a discrete
time of 5 then is decreasing back to zero at a discrete time of 100. For sensitivity function
Sads3muA, the trajectory oscillates slightly from zero to - 0.8 xl 0-7 at a discrete time of 5 then
increases to zero at a discrete time of 80. For sensitivity function Sads3muH, the trajectory
oscillates slightly from zero to 1.2 x 10-9 at a discrete time of 5 and decreases further to
0.2 xl 0-9 at a discrete time of 100. For sensitivity function Sads3KS, the trajectory oscillates
slightly from zero to - 3 xl 0-11 at a discrete time of 5 then increases to - 0.8 xl 0-11 at a discrete
time of 100. For sensitivity function Sads3KOH, the trajectory oscillates increasing from zero to
10 at a discrete time of 3 then decreasing to zero at a discrete time of 100. For sensitivity
function Sads3KNO, the trajectory increases from zero to 0.039 at a discrete time of 4 then
decreases to 0.03 and slowly increases to 0.038 at a discrete time of 100. For sensitivity function
Sads3KNH, the trajectory increases from zero to 0.38 at a discrete time of 3 then decreases
gradually to zero at a discrete time of 100. For sensitivity function Sads3KOA, the trajectory
oscillates from zero to - 0.5 xl 0-7 and increases to - 0.25 xl 0-7 then reaches zero at a discrete
time of 60. For sensitivity function Sads3etag, the trajectory decreases from zero to - 3.8 at a
discrete time of 100. For sensitivity function Sads3KMP, the trajectory decreases from zero to -
2000 at a discrete time of 100. For sensitivity function Sads3KSP, the trajectory increases from
zero 1000 at a discrete time of 5 and decreases to - 200 at a discrete time of 40 and reaches a
steady state after this value. For sensitivity function Sads3KSA, the trajectory is increasing from
zero to around 1x 10-7 at a discrete time of 5 then reaches zero at a discrete time of 80. For
sensitivity function Sads3fMA, the trajectory increases from zero to 350 at a discrete time of 60
and remains at steady state. For sensitivity function Sads3KA, the trajectory increases from zero
to 1.2 xl 04 at a discrete time of 60 and reaches a steady state.

Figure 9.35:Process variable SSads4 and its sensitivity functions towards the model parameters
The process variable Sads4, the trajectory decreases from zero to - 350 at a discrete time of 40
and remains at a steady state. For sensitivity function Sads4f, the trajectory oscillates from zero
to - 1X 10-9 at a discrete time of 8 then stabilizes to zero at a discrete time of 50. For variable
Sads4YZH, the trajectory increases from zero to 4500 at a discrete time of 80 then reaches a
steady state. For variable Sads4YZA, the trajectory decreases from zero - 0.5 x 10-7 then
slightly oscillates around - 0.5 xl 0-7 then is increasing to - 0.2 x l 0-7 at a discrete time of 100.
For sensitivity function Sads4fZBH, the trajectory increases from zero to 4 x 10-8 at a discrete
time of 5 then is decreasing back to zero at a discrete time of 100. For sensitivity function
Sads4muA, the trajectory oscillates slightly from zero to - 0.8 xl 0-7 at a discrete time of 5 then
increases to zero at a discrete time of 80. For sensitivity function Sads4muH, the trajectory
oscillates slightly from zero to 1.2 x 10-9 at a discrete time of 5 and decreases further to
0.2 xl 0-9 at a discrete time of 100. For sensitivity function Sads4KS, the trajectory oscillates
slightly from zero to - 3 x io" at a discrete time of 5 then increases to - 0.8 xl 0-11 at a discrete
time of 100. For sensitivity function Sads4KOH, the trajectory oscillates increasing from zero to
10 at a discrete time of 3 then decreasing to zero at a discrete time of 100. For sensitivity
function Sads4KNO, the trajectory increases from zero to 0.039 at a discrete time of 4 then
decreases to 0.03 and slowly increases to 0.038 at a discrete time of 100. For sensitivity function
Sads4KNH, the trajectory increases from zero to 0.38 at a discrete time of 3 then decreases
gradually to zero at a discrete time of 100. For sensitivity function Sads4KOA, the trajectory
oscillates from zero to - 0.5 X 10-7 and increases to - 0.25 X 10-7 then reaches zero at a discrete
time of 60. For sensitivity function Sads4etag, the trajectory decreases from zero to - 3.8 at a
discrete time of 100. For sensitivity function Sads4KMP, the trajectory decreases from zero to -
2000 at a discrete time of 100. For sensitivity function Sads4KSP, the trajectory increases from
zero 1000 at a discrete time of 5 and decreases to - 200 at a discrete time of 40 and reaches a
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steady state after this value. For sensitivity function Sads4KSA, the trajectory is increasing from
zero to around 1x 10-7 at a discrete time of 5 then reaches zero at a discrete time of 80. For
sensitivity function Sads4fMA, the trajectory increases from zero to 350 at a discrete time of 60
and remains at steady state. For sensitivity function Sads4KA, the trajectory increases from zero
to 1.2 x 104 at a discrete time of 60 and reaches a steady state.

Figure 9.36: Process variable SSads5 and its sensitivity functions towards the model parameters
The process variable SadsS, the trajectory decreases from zero to - 450 at a discrete time of 40
and remains at a steady state. For sensitivity function SadsSf, the trajectory oscillates from zero
to - 1X 10-9 at a discrete time of 8 then stabilizes to zero at a discrete time of 90. For variable
Sads5YZH, the trajectory increases from zero to 5000 at a discrete time of 100. For variable
Sads5YZA, the trajectory decreases from zero - 0.5 x 10-7 then slightly oscillates around -
0.5 x 10-7 then is increasing to - 0.2 xl 0-7 at a discrete time of 100. For sensitivity function
Sads5fZBH, the trajectory increases from zero to 4 x l0-8 at a discrete time of 5 then is
decreasing back to zero at a discrete time of 100. For sensitivity function Sads5muA, the
trajectory oscillates slightly from zero to - 0.8 xl 0-7 at a discrete time of 5 then increases to
zero at a discrete time of 80. For sensitivity function Sads5muH, the trajectory oscillates slightly
from zero to 1.2 xl 0-9 at a discrete time of 5 and decreases further to 0.2 x 10-9 at a discrete
time of 100. For sensitivity function Sads5KS, the trajectory oscillates slightly from zero to-
3 X 10-11 at a discrete time of 5 then increases to - 0.8 X 10-11 at a discrete time of 100. For
sensitivity function Sads5KOH, the trajectory oscillates increasing from zero to 10 at a discrete
time of 3 then decreasing to zero at a discrete time of 100. For sensitivity function Sads5KNO,
the trajectory increases from zero to 0.039 at a discrete time of 4 then decreases to 0.03 and
slowly increases to 0.038 at a discrete time of 100. For sensitivity function Sads5KNH, the
trajectory increases from zero to 0.38 at a discrete time of 3 then decreases gradually to zero at
a discrete time of 100. For sensitivity function Sads5KOA, the trajectory oscillates from zero to -
0.5 x 10-7 and increases to - 0.25 x 10-7 then reaches zero at a discrete time of 60. For sensitivity
function Sads5etag, the trajectory decreases from zero to - 3.8 at a discrete time of 100. For
sensitivity function Sads5KMP, the trajectory decreases from zero to - 2000 at a discrete time of
100. For sensitivity function Sads5KSP, the trajectory increases from zero 1000 at a discrete
time of 5 and decreases to - 200 at a discrete time of 40 and reaches a steady state after this
value. For sensitivity function Sads5KSA, the trajectory is increasing from zero to around
1x 10-7 at a discrete time of 5 then reaches zero at a discrete time of 80. For sensitivity function
Sads5fMA, the trajectory increases from zero to 350 at a discrete time of 60 and remains at
steady state. For sensitivity function Sads5KA, the trajectory increases from zero to 1.2x 104 at a
discrete time of 60 and reaches a steady state.

1Athlone process with ASM1 reduced biological model
Figure 9.37: Process variable SSNH1 and its sensitivity functions towards the model parameters
The process variable Snh1, the trajectory decreases from 3.7 at a discrete time of 1 then
decreases to 0.8 at a discrete time of 3 reaches a steady state of 0.7 at a discrete time of 40.
For sensitivity function Snh1f, the trajectory increases from zero to 0.35 reaching a steady state
at a discrete time of 60. For variable Snh1YH, the trajectory decreases from zero to - 0.04
reaching a steady state after a discrete time of 40. For variable Snh1YA, the trajectory increases
from zero to 5 at a discrete time of 20 then decreases slowly to 4 at a discrete time of 100. For
sensitivity function Snh1 iXB, the trajectory decreases from - 9 at a discrete time of 25 then
increases to - 8 at a discrete time of 100. For sensitivity function Snh1 muA, the trajectory
decreases from zero to - 2 at a discrete time of 20 then slightly increases and reaches a steady
state value of - 2.0 at a discrete time of 60. For sensitivity function Snh1 muH, the trajectory
decreases from zero to - 1.8 at a discrete time of 25 then slightly increases to - 1.6 at a discrete
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time of 80 after this time reaching a steady state. For sensitivity function Snh1 KS, the trajectory
increases from zero to 0.06 at a discrete time of 20 then reaches 0.05 at a discrete time of 100.
For sensitivity function Snh1 KOH, the trajectory increases from zero to 0.7 at a discrete time of
80 then reaches a steady state. For sensitivity function Snh1 KNO, the trajectory increases from
zero to a maximum of 0.09 at a discrete time of 35 then decreases to 0.015 at a discrete time of
100. For sensitivity function Snh1KNH, the trajectory increases from zero to 1.2 at a discrete
time of 20 then decreases to 1 at a discrete time of 80 and reaches steady state. For sensitivity
function Snh1 KOA, the trajectory increases from zero to 0.5 then oscillates rapidly to 0.8 at a
discrete time of 20 then reaches a value of 0.6 at a steady state at a discrete time of 80. For
sensitivity function Snh1etag, the trajectory decreases from zero to - 0.16 at a discrete time of 20
then increases to zero at a discrete time of 100. For sensitivity function Snh1 etah, the trajectory
decreases from zero to - 0.16 at a discrete time of 20 then increases to zero at a discrete time of
100. For sensitivity function Snh1 Kh, the trajectory decreases from zero to - 0.05 at a discrete
time of 40 and reaches a steady state after this value. For sensitivity function Snh1 Kx, the
trajectory increases from zero to 0.18 at a discrete time of 40 then reaches a steady state after
this value.

Figure 9.38: Process variable SSNH2 and its sensitivity functions towards the model parameters
The process variable Snh2, the trajectory increases from zero to 2 at a discrete time of 1 then
decreases to 0.8 at a discrete time of 10 reaches a steady state of 0.7 at a discrete time of 40.
For sensitivity function Snh2f, the trajectory increases from zero to 0.35 reaching a steady state
at a discrete time of 60. For variable Snh2YH, the trajectory decreases from zero to - 0.08 in an
unstable manner a discrete time of 40 and reaches a steady state after a discrete time of 60. For
variable Snh2YA, the trajectory increases from zero to 9.5 at a discrete time of 20 then
decreases slowly to 6 at a discrete time of 100. For sensitivity function Snh2iXB, the trajectory
decreases from - 18 at a discrete time of 25 then slightly increases to - 17 at a discrete time of
80 then reaches a steady state after this value. For sensitivity function Snh2muA, the trajectory
decreases from zero to - 4 at a discrete time of 20 then slightly increases and reaches a steady
state value of - 3 at a discrete time of 60. For sensitivity function Snh2muH, the trajectory
decreases from zero to - 3 at a discrete time of 25 then slightly increases to - 2.8 at a discrete
time of 80 after this time reaching a steady state. For sensitivity function Snh2KS, the trajectory
increases from zero to 0.1 at a discrete time of 30 then reaches 0.09 at a discrete time of 100.
For sensitivity function Snh2KOH, the trajectory increases from zero to 0.8 at a discrete time of
60 then reaches a steady state at 1 after a discrete time of 80. For sensitivity function Snh2KNO,
the trajectory increases from zero to a maximum of 0.12 at a discrete time of 35 then decreases
to 0.015 at a discrete time of 100. For sensitivity function Snh2KNH, the trajectory increases
from zero to 2 at a discrete time of 15 then decreases to 1.8 at a discrete time of 80 and reaches
steady state. For sensitivity function Snh2KOA, the trajectory increases from zero to 0.5 then
oscillates rapidly from 0.8 to 1.2 at a discrete time of 20 then decreases to a value of 1 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function
Snh2etag, the trajectory decreases from zero to a minimum of - 0.2 at a discrete time of 20 then
increases to zero at a discrete time of 100. For sensitivity function Snh2etah, the trajectory
decreases from zero to a minimum of - 0.03 at a discrete time of 30 then increases to - 0.002 at
a discrete time of 100. For sensitivity function Snh2Kh, the trajectory decreases from zero to -
0.09 at a discrete time of 80 and reaches a steady state after this value. For sensitivity function
Snh2Kx, the trajectory increases from zero to 0.18 at a discrete time of 40 then reaches a steady
state after this value.

Figure 9.39: Process variable SSNH3 and its sensitivity functions towards the model parameters
The process variable Snh3, the trajectory increases from 0.8 to 1.2 at a discrete time of 2 then
decreases to 0.4 at a discrete time of 60 reaches a steady state after this value. For sensitivity
function Snh3f, the trajectory increases from zero to 0.35 reaching a steady state at a discrete
time of 60. For variable Snh3YH, the trajectory decreases from zero to - 0.1 at a discrete time of
40 and reaches a steady state after this value. For variable Snh3Y A, the trajectory increases
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from zero to 9.5 at a discrete time of 20 then decreases slowly to 6 at a discrete time of 100. For
sensitivity function Snh3iXB, the trajectory decreases from - 20 at a discrete time of 40 then
reaches a steady state after this value. For sensitivity function Snh3muA, the trajectory
decreases from zero to - 5.5 at a discrete time of 15 then slightly increases and reaches a
steady state value of - 6 at a discrete time of 60. For sensitivity function Snh3muH, the trajectory
decreases from zero to - 4 at a discrete time of 30 then slightly increases to - 3.8 at a discrete
time of 100. For sensitivity function Snh3KS, the trajectory increases from zero to 0.1 at a
discrete time of 30 then reaches 0.09 at a discrete time of 100. For sensitivity function
Snh3KOH, the trajectory increases from zero to 0.8 at a discrete time of 60 then reaches a
steady state at 1 after a discrete time of 80. For sensitivity function Snh3KNO, the trajectory
increases from zero to a maximum of 0.15 at a discrete time of 35 then decreases to 0.015 at a
discrete time of 100. For sensitivity function Snh3KNH, the trajectory increases from zero to 3 at
a discrete time of 20 then decreases to 2 at a discrete time of 80 and reaches steady state. For
sensitivity function Snh3KOA, the trajectory increases from zero to 0.5 then oscillates rapidly
from 0.8 to 1.2 at a discrete time of 20 then decreases to a value of 1 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh3etag, the trajectory
decreases from zero to a minimum of - 0.2 at a discrete time of 20 then increases to zero at a
discrete time of 100. For sensitivity function Snh3etah, the trajectory decreases from zero to a
minimum of - 0.038 at a discrete time of 30 then increases to - 0.002 at a discrete time of 100.
For sensitivity function Snh3Kh, the trajectory decreases from zero to - 0.13 at a discrete time of
80 and reaches a steady state after this value. For sensitivity function Snh3Kx, the trajectory
increases from zero to 0.4 at a discrete time of 60 then reaches a steady state after this value.

Figure 9.40: Process variable SSN01 and its sensitivity functions towards the model parameters
The process variable SN01, the trajectory decreases from 5 to zero at a discrete time of 40 then
reaches a steady state after this value. For sensitivity function SN01f, the trajectory increases
from zero to 0.007 at a discrete time of 60 then reaches a steady state at this value. For variable
SN01YH, the trajectory decreases from zero to a minimum of - 0.26 at a discrete time of 20
then reaches zero at a discrete time of 100. For variable SN01YA, the trajectory decreases from
zero to - 5 at a discrete time of 20 then increases to - 4 at a discrete time of 60 reaches a
steady state at this value. For sensitivity function SN01 iXB, the trajectory decreases from zero
to - 0.4 at a discrete time of 60 reaches a steady state at this value. For sensitivity function
SN01 muA, the trajectory increases from zero to 2 at a discrete time of 20 then slightly
decreases to 1.8 at a discrete time of 100. For sensitivity function SN01 muH, the trajectory
decreases from zero to a minimum of - 0.4 at discrete time of 20 then increases to - 0.05 at a
discrete time of 100. For sensitivity function SN01 KS, the trajectory increases from zero to a
maximum of 0.12 at a discrete time of 20 then decreases to zero at a discrete time of 100. For
sensitivity function SN01 KOH, the trajectory decreases from zero to minimum of - 0.4 then
increases to zero at discrete time of 100. For sensitivity function SN01 KNO, the trajectory
increases from zero to maximum of 0.08 at a discrete time of 35 then decreases to 0.02 at a
discrete time of 100. For sensitivity function SN01 KNH, the trajectory decreases from zero to -
1 at a discrete time of 20 then reaches a steady state around - 0.8 at a discrete time of 80. For
sensitivity function SN01 KOA, the trajectory decreases from zero to - 0.8 at a discrete time of
20 then slightly increases to - 0.6 at a discrete time of 60 then reaches a steady state at this
value. For sensitivity function SN01etag, the trajectory decreases from zero to a minimum of -
0.15 at a discrete time of 20 then increases to zero at discrete time of 100. For sensitivity
function SN01 etah, the trajectory decreases from zero to a minimum of - 0.15 at a discrete time
of 20 then increases to zero at discrete time of 100. For sensitivity function SN01 Kh, the
trajectory decreases from zero to a minimum of - 0.01 at a discrete time of 25 then increases to
- 0.0025 at a discrete time of 100. For sensitivity function SN01 Kx, the trajectory increases from
zero to a maximum of 0.03 at a discrete time of 20 then decreases to 0.01 at discrete time of
100.
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Figure 9.41: Process variable SSN02 and its sensitivity functions towards the model parameters
The process variable SN02, the trajectory decreases from 8 to zero at a discrete time of 40 then
reaches a steady state after this value. For sensitivity function SN02f, the trajectory increases
from zero to 0.012 at a discrete time of 80 then reaches a steady state at this value. For variable
SN02YH, the trajectory decreases from zero to a minimum of - 0.4 at a discrete time of 20 then
reaches - 0.01 at a discrete time of 100. For variable SN02YA, the trajectory decreases from
zero to - 8 at a discrete time of 20 then slightly increases to - 6.5 at a discrete time of 80
reaches a steady state at this value. For sensitivity function SN02iXB, the trajectory decreases
from zero to - 0.7 at a discrete time of 80 reaches a steady state at this value. For sensitivity
function SN02muA, the trajectory increases from zero to 4 at a discrete time of 20 then slightly
decreases to 3 at a discrete time of 100. For sensitivity function SN02muH, the trajectory
decreases from zero to a minimum of - 0.5 at discrete time of 20 then increases to - 0.2 at a
discrete time of 100. For sensitivity function SN02KS, the trajectory increases from zero to a
maximum of 0.2 at a discrete time of 20 then decreases to 0.02 at a discrete time of 100. For
sensitivity function SN02KOH, the trajectory decreases from zero to minimum of - 0.4 then
increases to zero at discrete time of 100. For sensitivity function SN02KNO, the trajectory
increases from zero to maximum of 0.12 at a discrete time of 35 then decreases to 0.02 at a
discrete time of 100. For sensitivity function SN02KNH, the trajectory decreases from zero to -
2 at a discrete time of 20 then reaches a steady state around - 1.8 at a discrete time of 80. For
sensitivity function SN02KOA, the trajectory decreases from zero to - 1 at a discrete time of 20
then slightly increases to - 0.9 at a discrete time of 60 then reaches a steady state at this value.
For sensitivity function SN02etag, the trajectory decreases from zero to a minimum of - 0.2 at a
discrete time of 20 then increases to zero at discrete time of 100. For sensitivity function
SN02etah, the trajectory decreases from zero to a minimum of - 0.007 at a discrete time of 20
then increases to zero at discrete time of 100. For sensitivity function SN02Kh, the trajectory
decreases from zero to a minimum of - 0.015 at a discrete time of 25 then increases to - 0.005
at a discrete time of 100. For sensitivity function SN02Kx, the trajectory increases from zero to a
maximum of 0.048 at a discrete time of 25 then decreases to 0.02 at discrete time of 100.

Figure 9.42: Process variable SSN03 and its sensitivity functions towards the model parameters
The process variable SN03, the trajectory decreases from 6.5 to zero at a discrete time of 40
then reaches a steady state after this value. For sensitivity function SN03f, the trajectory
increases from zero to 0.018 at a discrete time of 60 then reaches a steady state at this value.
For variable SN03YH, the trajectory decreases from zero to a minimum of - 0.4 at a discrete
time of 20 then reaches - 0.01 at a discrete time of 100. For variable SN03YA, the trajectory
decreases from zero to - 8 at a discrete time of 20 then slightly increases to - 6.5 at a discrete
time of 80 reaches a steady state at this value. For sensitivity function SN03iXB, the trajectory
decreases from zero to - 1 at a discrete time of 60 reaches a steady state at this value. For
sensitivity function SN03muA, the trajectory increases from zero to 5 at a discrete time of 20
then slightly decreases to 4.9 at a discrete time of 100. For sensitivity function SN03muH, the
trajectory decreases from zero to a minimum of - 0.5 at discrete time of 20 then increases to -
0.2 at a discrete time of 100. For sensitivity function SN03KS, the trajectory increases from zero
to a maximum of 0.2 at a discrete time of 20 then decreases to 0.02 at a discrete time of 100.
For sensitivity function SN03KOH, the trajectory decreases from zero to minimum of - 0.4 then
increases to zero at discrete time of 100. For sensitivity function SN03KNO, the trajectory
increases from zero to maximum of 0.15 at a discrete time of 35 then decreases to 0.02 at a
discrete time of 100. For sensitivity function SN03KNH, the trajectory decreases from zero to -
2 at a discrete time of 20 then reaches a steady state around - 1.8 at a discrete time of 80. For
sensitivity function SN03KOA, the trajectory decreases from zero to - 1 at a discrete time of 20
then slightly increases to - 0.9 at a discrete time of 60 then reaches a steady state at this value.
For sensitivity function SN03etag, the trajectory decreases from zero to a minimum of - 0.2 at a
discrete time of 20 then increases to zero at discrete time of 100. For sensitivity function
SN03etah, the trajectory decreases from zero to a minimum of - 0.007 at a discrete time of 20
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then increases to zero at discrete time of 100. For sensitivity function SN03Kh, the trajectory
decreases from zero to a minimum of - 0.015 at a discrete time of 25 then increases to - 0.005
at a discrete time of 100. For sensitivity function SN03Kx, the trajectory increases from zero to a
maximum of 0.048 at a discrete time of 25 then decreases to 0.02 at discrete time of 100.

Figure 9.43: Process variable SSS1 and its sensitivity functions towards the model parameters
The process variable SSI, the trajectory decreases from 4 to 1.8 slightly decreasing to 1.7 at a
discrete time of 100. For sensitivity function SSlf, the trajectory follows an S-shaped curve from
zero to - 1.8 X 10-4 at a discrete time of 100. For variable SS1YH, the trajectory increases from
zero to 10 then decrease to 9.8 at a discrete time of 100. For variable SSIYA, the trajectory
follows a reverse S-shaped curve from zero to 0.1 at a discrete time of 100. For sensitivity
function SSI iXB, the trajectory follows a reverse S-shaped curve from zero to 0.01 at a discrete
time of 100. For sensitivity function SS 1muA, the trajectory follows an S-shaped curve from zero
to - 0.05 at discrete time of 100. For sensitivity function SS1 muH, the trajectory decreases from
zero to - 18 at a discrete time of 20 slightly increasing to - 14 at a discrete time of 80 reaching a
steady state after this value. For sensitivity function SS1 KS, the trajectory increases from zero to
0.5 then slowly decreasing to 0.45 at a discrete time of 100. For sensitivity function SS1 KOH,
the trajectory gradually decreases from zero to - 40 at a discrete time of 100. For sensitivity
function SS 1KNO, the trajectory decreases from zero to a minimum of - 5 at a discrete time of
30 and increases to - 0.02 at a discrete time of 100. For sensitivity function SS1 KNH, the
trajectory follows a reverse S-shaped curve from zero to 0.025 at a discrete time of 100. For
sensitivity function SS 1KOA, the trajectory follows a reverse S-shaped curve from zero to 0.018
at a discrete time of 100. For sensitivity function SS 1etag, the trajectory increases from zero to a
maximum of 1.8 xl 0-3 at a discrete time of 45 then decreases to 0.2 x 10-3 at a discrete time of
100. For sensitivity function SS 1etah, the trajectory increases from zero to a maximum of
1.8 x I 0-3 at a discrete time of 45 then decreases to 0.2 x l 0-3 at a discrete time of 100. For
sensitivity function SS 1Kh, the trajectory increases from zero to 11 at a discrete time of 10 then
slightly decreases to 10 at a discrete time of 100. For SSI Kx, the trajectory decreases from zero
to - 38 at a discrete time of 10 then slightly increases to - 36 at a discrete time of 100.

Figure 9.44: Process variable SSS2 and its sensitivity functions towards the model parameters
The process variable SS2, the trajectory decreases from 2.7 to 2 at a discrete time of 5 then
slightly decreasing to 1.8 at a discrete time of 100. For sensitivity function SS2f, the trajectory
follows an S-shaped curve from zero to - 2 xl 0-4 at a discrete time of 100. For variable SS2YH,
the trajectory increases from zero to 18 oscillating at a discrete time of 20 then slightly
decreasing to 16 at a discrete time of 100. For variable SS2YA, the trajectory follows a reverse
S-shaped curve from zero to 0.18 at a discrete time of 100. For sensitivity function SS2iXB, the
trajectory follows a reverse S-shaped curve from zero to 0.018 at a discrete time of 100. For
sensitivity function SS2muA, the trajectory follows an S-shaped curve from zero to - 0.075 at
discrete time of 100. For sensitivity function SS2muH, the trajectory decreases from zero to - 30
at a discrete time of 15 slightly increasing to - 22 at a discrete time of 100. For sensitivity
function SS2KS, the trajectory increases from zero to 1 oscillating at a discrete time of 20 then
slowly decreasing to 0.7 at a discrete time of 100. For sensitivity function SS2KOH, the trajectory
gradually decreases from zero to - 40 at a discrete time of 100. For sensitivity function
SS2KNO, the trajectory decreases from zero to a minimum of - 5 at a discrete time of 30 and
increases to - 0.02 at a discrete time of 100. For sensitivity function SS2KNH, the trajectory
follows a reverse S-shaped curve from zero to 0.035 at a discrete time of 100. For sensitivity
function SS2KOA, the trajectory follows a reverse S-shaped curve from zero to 0.02 at a discrete
time of 100. For sensitivity function SS2etag, the trajectory increases from zero to a maximum of
2 xl 0-3 at a discrete time of 45 then decreases to 0.2 xl 0-3 at a discrete time of 100. For
sensitivity function SS2etah, the trajectory increases from zero to a maximum of 8 at a discrete
time of 10 then decreases to zero at a discrete time of 100. For sensitivity function SS2Kh, the
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trajectory increases from zero to 18 at a discrete time of 10 then slightly decreases to 17 at a
discrete time of 100. For SS2Kx, the trajectory decreases from zero to - 50 at a discrete time of
10 then reaches a steady state at this value.

Figure 9.45: Process variable SSS3 and its sensitivity functions towards the model parameters
The process variable SS3, the trajectory decreases from 1 to 2.2 at a discrete time of 2 then
slightly decreasing to 2 at a discrete time of 100. For sensitivity function SS3f, the trajectory
follows an S-shaped curve from zero to - 2 x 10-4 at a discrete time of 100. For variable SS3YH,
the trajectory increases from zero to 20 at a discrete time of 20 then slightly decreasing to 18 at
a discrete time of 100. For variable SS3YA, the trajectory follows a reverse S-shaped curve from
zero to 0.16 at a discrete time of 100. For sensitivity function SS3iXB, the trajectory follows a
reverse S-shaped curve from zero to 0.016 at a discrete time of 100. For sensitivity function
SS3muA, the trajectory follows an S-shaped curve from zero to - 0.075 at discrete time of 100.
For sensitivity function SS3muH, the trajectory decreases from zero to - 30 at a discrete time of
10 slightly increasing to - 26 at a discrete time of 100. For sensitivity function SS3KS, the
trajectory increases from zero to 1 at a discrete time of 20 then slowly decreasing to 0.7 at a
discrete time of 100. For sensitivity function SS3KOH, the trajectory gradually decreases from
zero to - 40 at a discrete time of 100. For sensitivity function SS3KNO, the trajectory decreases
from zero to a minimum of - 5 at a discrete time of 30 and increases to - 0.02 at a discrete time
of 100. For sensitivity function SS3KNH, the trajectory follows a reverse S-shaped curve from
zero to 0.03 at a discrete time of 100. For sensitivity function SS3KOA, the trajectory follows a
reverse S-shaped curve from zero to 0.018 at a discrete time of 100. For sensitivity function
SS3etag, the trajectory increases from zero to a maximum of 1.8xl 0-3 at a discrete time of 45
then decreases to 0.3 x 10-3 at a discrete time of 100. For sensitivity function SS3etah, the
trajectory increases from zero to a maximum of 6 at a discrete time of 15 then decreases to zero
at a discrete time of 100. For sensitivity function SS3Kh, the trajectory increases from zero to 18
at a discrete time of 10 then slightly decreases to 17 at a discrete time of 100. For SS3Kx, the
trajectory decreases from zero to - 50 at a discrete time of 10 then reaches a steady state at this
value.
Athlone process with the UCT reduced biological model
Figure 9.46: Process variable SSNH1 and its sensitivity functions towards the model parameters
The process variable Snh1, the trajectory decreases from zero to - 800 at a discrete time of 40
then reaches a steady state after this value. For sensitivity function Snh1f, the trajectory
decreases from zero to 3.8 at a discrete time of 60 then reaches a steady state after this value.
For variable Snh1YZH, the trajectory increases from zero to 1.8 at a discrete time of 60 then
reaches a steady state after this value. For variable Snh1 YZA, the trajectory increases from zero
to 39 at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
Snh1fZBH, the trajectory decreases from zero to - 520 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Snh1 muA, the trajectory decreases from
zero to - 75 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh 1muH, the trajectory decreases from zero to - 15 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Snh1 KS, the trajectory increases
from zero to 1 at a discrete time of 40 then reaches a steady state after this value. For sensitivity
function Snh1 KOH, the trajectory increases from zero to 38 at a discrete time of 40 then reaches
a steady state after this value. For sensitivity function Snh1 KNO, the trajectory increases from
zero to 3 xl 0-3 at a discrete time of 3 then decreases to 0.2 x 10-3 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh1 KNH, the trajectory
increases from zero to 38 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Snh1 KOA, the trajectory increases from zero to 100 at a discrete time of
60 then reaches a steady state after this value. For sensitivity function Snh1etag, the trajectory
decreases from zero to - 0.1 at a discrete time of 40 then reaches a steady state after this value.
For sensitivity function Snh1 KMP, the trajectory increases from zero to 15 at a discrete time of
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60 then reaches a steady state after this value. For sensitivity function Snh1 KSP, the trajectory
increases from zero to 18 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Snh1 KSA, the trajectory increases from zero to 0.5 at a discrete time of 3
then decreases to zero reaching a steady state. For sensitivity function Snh1fMA, the trajectory
slightly increases from zero to 3 x l0-5 at a discrete time of 40 then reaches a steady state at a
value of 3.2 x 10-5 at a discrete time of 60 then reaches a steady state after this value. For
sensitivity function Snh1 KA, the trajectory follows a reverse S-shaped curve from zero to
2 x l0-3 at a discrete time of 100.

Figure 9.47: Process variable SSNH2 and its sensitivity functions towards the model parameters
The process variable Snh2, the trajectory decreases from zero to - 1500 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh2f, the trajectory
decreases from zero to 3.8 at a discrete time of 60 then reaches a steady state after this value.
For variable Snh2YZH, the trajectory increases from zero to 2.6 at a discrete time of 60 then
reaches a steady state after this value. For variable Snh2YZA, the trajectory increases from zero
to 50 at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
Snh2fZBH, the trajectory decreases from zero to - 800 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Snh2muA, the trajectory decreases from
zero to - 110 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh2muH, the trajectory decreases from zero to - 20 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Snh2KS, the trajectory increases
from zero to 1.8 at a discrete time of 40 then reaches a steady state after this value. For
sensitivity function Snh2KOH, the trajectory increases from zero to 48 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh2KNO, the trajectory
increases from zero then to 3 x l0-3 at a discrete time of 3 then oscillating decreases to

0.2 x l0-3 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh2KNH, the trajectory increases from zero to 60 at a discrete time of 60 then reaches
a steady state after this value. For sensitivity function Snh2KOA, the trajectory increases from
zero to 170 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh2etag, the trajectory decreases from zero to - 0.15 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Snh2KMP, the trajectory
increases from zero to 20 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Snh2KSP, the trajectory increases from zero to 30 at a discrete time of
60 then reaches a steady state after this value. For sensitivity function Snh2KSA, the trajectory
increases from zero to 0.75 at a discrete time of 3 then decreases to zero reaching a steady
state. For sensitivity function Snh2fMA, the trajectory slightly increases from zero to 0.75 x 10-4
at a discrete time of 100. For sensitivity function Snh2KA, the trajectory follows a reverse S-
shaped curve from zero to 4 xl 0-3 at a discrete time of 100.

Figure 9.48: Process variable SSNH3 and its sensitivity functions towards the model parameters
The process variable Snh3, the trajectory decreases from zero to - 1500 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh3f, the trajectory
decreases from zero to 3.8 at a discrete time of 60 then reaches a steady state after this value.
For variable Snh3YZH, the trajectory increases from zero to 3.8 at a discrete time of 60 then
reaches a steady state after this value. For variable Snh3YZA, the trajectory increases from zero
to 80 at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
Snh3fZBH, the trajectory decreases from zero to - 1000 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Snh3muA, the trajectory decreases from
zero to - 180 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh3muH, the trajectory decreases from zero to - 30 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Snh3K.S, the trajectory increases
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from zero to 1.8 at a discrete time of 40 then reaches a steady state after this value. For
sensitivity function Snh3KOH, the trajectory increases from zero to 48 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function Snh3KNO, the trajectory
increases from zero then to 2 xl 0-3 at a discrete time of 3 then decreases to 0.2 x 10-3 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function
Snh3KNH, the trajectory increases from zero to 80 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Snh3KOA, the trajectory increases from zero
to 170 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Snh3etag, the trajectory decreases from zero to - 0.15 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Snh3KMP, the trajectory
increases from zero to 20 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Snh3KSP, the trajectory increases from zero to 39 at a discrete time of
60 then reaches a steady state after this value. For sensitivity function Snh3KSA, the trajectory
increases from zero to 0.75 at a discrete time of 3 then decreases to zero reaching a steady
state. For sensitivity function Snh3fMA, the trajectory slightly increases from zero to 0.75 x 10-4
at a discrete time of 100. For sensitivity function Snh3KA, the trajectory follows a reverse S-
shaped curve from zero to 4 xl 0-3 at a discrete time of 100.

Figure 9.49: Process variable SSNOl and its sensitivity functions towards the model parameters
The process variables SN01, the trajectory increases from zero to 600 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SN01f, the trajectory
increases from zero to 1.8 xl 0-9 then decreases to zero at a discrete time of 60 then reaches a
steady state after this value. For variable SN01YZH, the trajectory increases from zero to 1.7 at
a discrete time of 60 then reaches a steady state after this value. For variable SN01YZA, the
trajectory increases from zero to 4.8 at a discrete time of 60 then reaches a steady state after
this value. For sensitivity function SN01fZBH, the trajectory suddenly decreases from zero then
increases after - 0.04 at a discrete time of 3 back to zero then reaches a steady state. For
sensitivity function SN01 muA, the trajectory increases from zero to 1 at a discrete time of 3 then
decreases back to zero reaching a steady state. For sensitivity function SN01 muH, the
trajectory decreases from zero to - 0.8 at a discrete time of 60 then reaches a steady state after
this value. For sensitivity function SN01 KS, the trajectory increases from zero to 0.18 at a
discrete time of 80 then reaches a steady state after this value. For sensitivity function
SN01 KOH, the trajectory decreases from zero to - 0.8 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function SN01 KNO, the trajectory increases from
zero to 4 x 10-3 at a discrete time of 2 then decreases to 0.2 xl 0-3 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SN01 KNH, then trajectory
suddenly increases from zero to 1 at a discrete time of 3 then decreases to zero at a steady
state. For sensitivity function SN01 KOA, the trajectory suddenly increases from zero to 0.5 at a
discrete time of 3 then decreases to zero at steady state. For sensitivity function SN01 etag, the
trajectory decreases from zero to - 0.12 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function SN01 KMP, the trajectory increases from zero to 0.19 at
a discrete time of 80 then reaches a steady state after this value. For sensitivity function
SN01 KSP, the trajectory slightly oscillates from zero then increases to 0.08 in a stable regime
then reaches a steady state at a discrete time of 60 and after this value. For sensitivity function
SN01 KSA, the trajectory decreases from zero to - 0.5 at a discrete time of 2 then increases to
zero reaching a steady state. For sensitivity function SN01fMA, the trajectory decreases from
zero to - 0.017 at a discrete time of 80 then reaches a steady state after/this value. For
sensitivity function SN01 KA, the trajectory follows an S-shaped curve from zero to - 0.08 at a
discrete time of 100.

Figure 9.50: Process variable SSN02 and its sensitivity functions towards the model parameters
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The process variables SN02, the trajectory increases from zero to 1000 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SN02f, the trajectory
increases from zero at unstable manner to 1.8xl 0-9 then decreases to zero at a discrete time of
60 then reaches a steady state after this value. For variable SN02YZH, the trajectory increases
from zero to 1.9 at a discrete time of 60 then reaches a steady state after this value. For variable
SN02YZA, the trajectory increases from zero to 8 at a discrete time of 60 then reaches a steady
state after this value. For sensitivity function SN02fZBH, the trajectory suddenly decreases from
zero then increases after - 0.04 at a discrete time of 3 back to zero then reaches a steady state.
For sensitivity function SN02muA, the trajectory increases from zero to 1 at a discrete time of 3
then decreases back to zero reaching a steady state. For sensitivity function SN02muH, the
trajectory decreases from zero to - 0.12 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function SN02KS, the trajectory increases from zero to 0.18 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function
SN02KOH, the trajectory decreases from zero to - 1 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function SN02KNO, the trajectory increases from
zero to 4.9 xl 0-3 at a discrete time of 2 then decreases to 0.2 xl 0-3 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SN02KNH, then trajectory
decreases from zero to - 60 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function SN02KOA, the trajectory suddenly increases from zero to 0.5 at a
discrete time of 3 then decreases to zero at steady state. For sensitivity function SN02etag, the
trajectory decreases from zero to - 0.17 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function SN02KMP, the trajectory increases from zero to 0.4 at a
discrete time of 100. For sensitivity function SN02KSP, the trajectory slightly oscillates from zero
then increases to 0.09 in a stable regime then reaches a steady state at a discrete time of 60
and after this value. For sensitivity function SN02KSA, the trajectory decreases from zero to - 1
at a discrete time of 2 then increases to zero reaching a steady state. For sensitivity function
SN02fMA, the trajectory decreases from zero to - 0.02 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function SN02KA, the trajectory follows an S-shaped
curve from zero to - 1.2 at a discrete time of 100.

Figure 9.51: Process variable SSN03 and its sensitivity functions towards the model parameters
The process variables SN03, the trajectory increases from zero to 1000 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SN03f, the trajectory
increases from zero at unstable manner to 0.5 x 10-9 then decreases to 0.1 x 10-9 at a discrete
time of 60 then reaches a steady state after this value. For variable SN03YZH, the trajectory
increases from zero to 1.9 at a discrete time of 60 then reaches a steady state after this value.
For variable SN03YZA, the trajectory increases from zero to 8 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SN03fZBH, the trajectory
suddenly decreases from zero then increases after - 0.04 at a discrete time of 3 back to zero
then reaches a steady state. For sensitivity function SN03muA, the trajectory increases from
zero to 1 at a discrete time of 3 then decreases back to zero reaching a steady state. For
sensitivity function SN03muH, the trajectory decreases from zero to - 0.12 at a discrete time of
60 then reaches a steady state after this value. For sensitivity function SN03KS, the trajectory
increases from zero to 0.18 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function SN03KOH, the trajectory decreases from zero to - 1 at a discrete time of
60 then reaches a steady state after this value. For sensitivity function SN03KNO, the trajectory
increases from zero to 2 xl 0-3 at a discrete time of 7 then decreases to 0.2 x 10-3 at a discrete
time of 60 then reaches a steady state after this value. For sensitivity function SN03KNH, then
trajectory decreases from zero to - 80 at a discrete time of 60 then reaches a steady state after
this value. For sensitivity function SN03KOA, the trajectory suddenly increases from zero to 0.5
at a discrete time of 3 then decreases to zero at steady state. For sensitivity function SN03etag,
the trajectory decreases from zero to - 0.17 at a discrete time of 60 then reaches a steady state
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after this value. For sensitivity function SN03KMP, the trajectory increases from zero to 0.4 at a
discrete time of 100. For sensitivity function SN03KSP, the trajectory follows a reverse S-
shaped curve from zero to 0.09 at a discrete time of 100. For sensitivity function SN03KSA, the
trajectory decreases from zero to - 1 at a discrete time of 2 then increases to zero reaching a
steady state. For sensitivity function SN03fMA, the trajectory decreases from zero to - 0.02 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function SN03KA,
the trajectory follows an S-shaped curve from zero to - 1.2 at a discrete time of 100.

Figure 9.52: Process variable SSS1 and its sensitivity functions towards the model parameters
The process variable SS 1, the trajectory decreases from zero to -680 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS1f, the trajectory
decreases from zero to - 2.2 x l 0-9 then increases to zero at a discrete time of 20 then reaches
a steady state. For variable SS1YZH, the trajectory increases from zero to 600 at a discrete time
of 60 then reaches a steady state after this value. For variable SS1YZA, the trajectory decreases
from zero to - 0.7 X 10-7 then increases to - 0.25 X 10-7 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function SS1fZBH, the trajectory increases from zero
to 1x l 0-7 then decreases to zero at a discrete time of 60 then reaches a steady state after this
value. For sensitivity function SS 1muA, the trajectory slightly decreases from zero to - 1x 10-8

then suddenly back to zero at a discrete time of 100 then reaching a steady state after this
value. For sensitivity function SS 1muH, the trajectory decreases from zero to - 300 at a discrete
time of 60 then reaches a steady state after this value. For sensitivity function SS1 KS, the
trajectory increases from zero to 480 at a discrete time of 60 then reaches a steady state after
this value. For sensitivity function SS 1KOH, the trajectory increases from zero to 0.4 at a
discrete time of 2 then decreases to 0.05 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function SS1 KNO, the trajectory increases from zero to 0.038 at a
discrete time of 3 then suddenly decreases to 0.02 at a discrete time of 5 then increases to 0.04
at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
SS1 KNH, the trajectory increases from zero to 0.05 at a discrete time of 3 then decrease to zero
at a discrete time of 80 then reaches a steady state after this value. For sensitivity function
SS1 KOA, the trajectory decreases from zero to - 1X 10-7 at a discrete time of 5 then increases
to zero at a discrete time of 40 then reaches a steady state after this value. For sensitivity
function SS1etag, the trajectory increases from zero to 4x 10-9 at a discrete time of 5 then
decreases to 0.05 x 10-9 at a discrete time of 60 then reaches a steady state after this value. For
sensitivity function SS1 KMP, the trajectory decreases from zero to - 3.8 x 10-9 at a discrete time
of 5 then increases to - 0.5 X 10-9 at a discrete time of 60 then reaches a steady state after this
value. For sensitivity function SS1 KSP, the trajectory decreases from zero to - 0.5 X 10-9 at a
discrete time of 5 then increases to zero at a discrete time of 40 then reaches a steady state
after this value. For sensitivity function SS1KSA, the trajectory increases from zero to 0.9 x 10-7

at a discrete time of 5 then decreases to zero at a discrete time of 40 then reaches a steady
state after this value. For sensitivity function SS 1fMA, the trajectory increases from zero to
0.8 x 10-10 at a discrete time of 80 then reaches a steady state after this value. For sensitivity
function SS 1KA, the trajectory increases from zero to 5 x l 0-9 at a discrete time of 100.

Figure 9.53: Process variable SSS2 and its sensitivity functions towards the model parameters
The process variable SS2, the trajectory decreases from zero to -800 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS2f, the trajectory
decreases from zero to - 2.2 xl 0-9 then increases to zero at a discrete time of 20 then reaches
a steady state. For variable SS2YZH, the trajectory increases from zero to 1000 at a discrete
time of 60 then reaches a steady state after this value. For variable SS2YZA, the trajectory
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decreases from zero to - 0.7 x 10-7 then increases to - 0.25 xl 0-7 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SS2fZBH, the trajectory increases
from zero to 1.4 xl 0-7 at a discrete time of 5 then decreases to zero at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS2muA, the trajectory
slightly decreases from zero to - 1x 10-8 then suddenly back to zero at a discrete time of 100
then reaching a steady state after this value. For sensitivity function SS2muH, the trajectory
decreases from zero to - 420 at a discrete time of 60 then reaches a steady state after this
value. For sensitivity function SS2KS, the trajectory increases from zero to 750 at a discrete time
of 60 then reaches a steady state after this value. For sensitivity function SS2KOH, the trajectory
increases from zero to 0.4 at a discrete time of 2 then decreases to 0.05 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS2KNO, the trajectory
increases from zero to 0.038 at a discrete time of 3 then suddenly decreases to 0.02 at a
discrete time of 5 then increases to 0.05 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function SS2KNH, the trajectory increases from zero to 0.05 at a
discrete time of 3 then decrease to zero at a discrete time of 80 then reaches a steady state
after this value. For sensitivity function SS2KOA, the trajectory decreases from zero to - 1xl 0-7

at a discrete time of 5 then increases to zero at a discrete time of 40 then reaches a steady state
after this value. For sensitivity function SS2etag, the trajectory increases from zero oscillating to
4 x 10-9 at a discrete time of 5 then decreases to 0.05 x 10-9 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SS2KMP, the trajectory
decreases from zero to - 3.8 x 10-9 at a discrete time of 5 then increases to - 0.5 x 10-9 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function SS2KSP,
the trajectory decreases from zero to - 0.5 xl 0-9 at a discrete time of 5 then increases to zero
at a discrete time of 40 then reaches a steady state after this value. For sensitivity function
SS2KSA, the trajectory increases from zero to 0.9 x 10-7 at a discrete time of 5 then decreases
to zero at a discrete time of 40 then reaches a steady state after this value. For sensitivity
function SS2fMA, the trajectory increases from zero to 0.8 x 10-10 at a discrete time of 80 then
reaches a steady state after this value. For sensitivity function SS2KA, the trajectory increases
from zero to 5 x 10-9 at a discrete time of 100.

Figure 9.54: Process variable SSS3 and its sensitivity functions towards the model parameters
The process variable SS3, the trajectory decreases from zero to - 950 at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS3f, the trajectory
decreases from zero to - 0.5 X 10-9 then increases to zero at a discrete time of 60 then reaches
a steady state. For variable SS3YZH, the trajectory increases from zero to 1000 at a discrete
time of 60 then reaches a steady state after this value. For variable SS3YZA, the trajectory
decreases from zero to - 0.7 x 10-7 then increases to - 0.25 x 10-7 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SS3fZBH, the trajectory increases
from zero to 1.4 x 10-7 at a discrete time of 5 then decreases to zero at a discrete time of 60
then reaches a steady state after this value. For sensitivity function SS3muA, the trajectory
slightly decreases from zero to - 1x l0-8 at a discrete time of 8 then suddenly back to zero at a
discrete time of 60 then reaching a steady state after this value. For sensitivity function
SS3muH, the trajectory decreases from zero to - 500 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function SS3KS, the trajectory increases from zero to
900 at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
SS3KOH, the trajectory increases from zero to 0.4 at a discrete time of 2 then decreases to 0.05
at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
SS3KNO, the trajectory increases from zero to 0.038 at a discrete time of 3 then suddenly
decreases to 0.02 at a discrete time of 5 then increases to 0.05 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function SS3KNH, the trajectory increases
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from zero to 0.05 at a discrete time of 3 then decrease to zero at a discrete time of 80 then
reaches a steady state after this value. For sensitivity function SS3KOA, the trajectory
decreases from zero to - 0.5 X 10-7 at a discrete time of 5 then increases to zero at a discrete
time of 60 then reaches a steady state after this value. For sensitivity function SS3etag, the
trajectory increases from zero to 2.2 x 10-9 at a discrete time of 10 then decreases to 0.8 x 10-9

at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
SS3KMP, the trajectory decreases from zero to - 3.8 X 10-9 at a discrete time of 5 then
increases to - 0.5 x 10-9 at a discrete time of 60 then reaches a steady state after this value. For
sensitivity function SS3KSP, the trajectory decreases from zero to - 0.5 xl 0-9 at a discrete time
of 5 then increases to zero at a discrete time of 40 then reaches a steady state after this value.
For sensitivity function SS3KSA, the trajectory increases from zero to 0.5 x 10-7 at a discrete
time of 5 then decreases to zero at a discrete time of 40 then reaches a steady state after this
value. For sensitivity function SS3fMA, the trajectory increases from zero to 0.8 x 10-10 at a
discrete time of 80 then reaches a steady state after this value. For sensitivity function SS3KA,
the trajectory increases from zero to 5 x 10-9 at a discrete time of 100.

Figure 9.55: Process variable Ssads1 and its sensitivity functions towards the model parameters
The process variable Sads1, the trajectory decreases from zero to - 180 at a discrete time of 40
then reaches a steady state after this value. For sensitivity function Sads1f, the trajectory
decreases from zero to - 1.5 X 10-9 at a discrete time of 5 then increases to zero at a discrete
time of 40 then reaches a steady state after this value. For variable Sads1YZH, the trajectory
increases from zero to 500 at a discrete time of 40 then reaches a steady state after this value.
For variable Sads1YZA, the trajectory decreases from zero to - 0.5 X 10-7 at a discrete time of 5
then reaches - 0.25 x 10-7 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Sads1fZBH, the trajectory increases from zero to 0.6 x 10-7 at a discrete
time of 5 then decreases to zero at a discrete time of 100. For sensitivity function Sads1 muA,
the trajectory initially remains constant then decreases to - 0.8 xl 0-7 at a discrete time of 5 then
increases to zero at a discrete time of 20 then reaches a steady state after this value. For
sensitivity function Sads1 muH, the trajectory increases from zero to 2.4 x 10-9 at a discrete time
of 7 then decreases to 0.4 x 10-9 at a discrete time of 60 then reaches a steady state after this
value. For sensitivity function Sads1KS, the trajectory decreases from zero to - 2xl0-9 at a
discrete time of 5 then increases - 0.6 x 10-9 at a discrete time of 60 then reaches a steady
state after this value. For sensitivity function Sads1 KOH, the trajectory increases from zero to
4.8 at a discrete time of 3 then decreases to zero at a discrete time of 60 then reaches a steady
state after this value. For sensitivity function Sads1 KNO, the trajectory rapidly increases from
zero to 0.014 at a discrete time of 3 then slightly increases to 0.016 at a discrete time of 100. For
sensitivity function Sads1 KNH, the trajectory rapidly increases from zero to 0.1 at a discrete time
of 5 then decreases zo' zero at a discrete time of 40 then reaches a steady state after this

value. For sensitivity function Sads1 KOA, the trajectory decreases from zero to - 0.75 xl 0-7 at
a discrete time of 5 then increases to zero at a discrete time of 40 then reaches a steady state
after this value. For sensitivity function Sadsietag, the trajectory decreases from zero to - 0.75
at a discrete time of 60 then reaches a steady state after this value. For sensitivity function
Sads1 KMP, the trajectory decreases from zero to - 300 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Sads1 KSP, the trajectory rapidly increases
from zero to 200 at a discrete time of 2 then decreases to - 50 at a discrete time of 100. For
sensitivity function Sads1 KSA, the trajectory increases from zero to 5 x 10-9 at a discrete time of
5 then decreases to zero at a discrete time of 40 then reaches a steady state after this value.
For sensitivity function Sads1fMA, the trajectory increases from zero to 20 at a discrete time of
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60 then reaches a steady state after this value. For sensitivity function Sads1 KA, the trajectory
increases from zero to 1200 at a discrete time of 60 then reaches a steady state after this value.

Figure 9.56: Process variable SSads2 and its sensitivity functions towards the model parameters
The process variable Sads2, the trajectory decreases from zero to - 180 at a discrete time of 40
then reaches a steady state after this value. For sensitivity function Sads2f, the trajectory
decreases from zero to - 1.5 x 10-9 at a discrete time of 5 then increases to zero at a discrete
time of 40 then reaches a steady state after this value. For variable Sads2YZH, the trajectory
increases from zero to 980 at a discrete time of 60 then reaches a steady state after this value.
For variable Sads2YZA, the trajectory decreases from zero to - 0.5 xl 0-7 at a discrete time of 5
then reaches - 0.25 x 10-7 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Sads2fZBH, the trajectory increases from zero to 0.8 xl 0-7 at a discrete
time of 5 then decreases to 0.02 x l 0-7 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function Sads2muA, the trajectory initially remains constant then
decreases to - 0.8 xl 0-7 at a discrete time of 5 then increases to zero at a discrete time of 20
then reaches a steady state after this value. For sensitivity function Sads2muH, the trajectory
increases from zero to 2A xl 0-9 at a discrete time of 7 then decreases to OA xl 0-9 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function Sads2KS,
the trajectory decreases from zero to - 2 xl 0-9 at a discrete time of 5 then increases -
0.6 x l0-9 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Sads2KOH, the trajectory increases from zero to 5 at a discrete time of 3 then
decreases to zero at a discrete time of 60 then reaches a steady state after this value. For
sensitivity function Sads2KNO, the trajectory rapidly increases from zero to 0.019 at a discrete
time of 3 then slightly increases to 0.02 at a discrete time of 60 then reaches a steady state after
this value. For sensitivity function Sads2KNH, the trajectory rapidly increases from zero to 0.1 at
a discrete time of 5 then decreases zo' zero at a discrete time of 40 then reaches a steady state
after this value. For sensitivity function Sads2KOA, the trajectory decreases from zero to -
0.6 x l0-7 at a discrete time of 5 then increases to zero at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Sads2etag, the trajectory decreases from
zero to - 1 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Sads2KMP, the trajectory decreases from zero to - 420 at a discrete time of 60 then
reaches a steady state after this value. For sensitivity function Sads2KSP, the trajectory rapidly
increases from zero to 250 at a discrete time of 3 then decreases to - 100 at a discrete time of
100. For sensitivity function Sads2KSA, the trajectory increases from zero to 0.7xl0-7 at a
discrete time of 5 then decreases to zero at a discrete time of 40 then reaches a steady state
after this value. For sensitivity function Sads2fMA, the trajectory increases from zero to 39 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function Sads2KA,
the trajectory increases from zero to 2000 at a discrete time of 60 then reaches a steady state
after this value.

Figure 9.57: Process variable SSads3 and its sensitivity functions towards the model parameters
The process variable Sads3, the trajectory decreases from zero to - 180 at a discrete time of 40
then reaches a steady state after this value. For sensitivity function Sads3f, the trajectory
decreases from zero to - 1.5 x 10-9 at a discrete time of 5 then increases to zero at a discrete
time of 40 then reaches a steady state after this value. For variable Sads3YZH, the trajectory
increases from zero to 980 at a discrete time of 60 then reaches a steady state after this value.
For variable Sads3YZA, the trajectory decreases from zero to - 0.5 x 10-7 at a discrete time of 5
then reaches -- 0.25 x 10-7 at a discrete time of 60 then reaches a steady state after this value.
For sensitivity function Sads3fZBH, the trajectory increases from zero to 0.8 x l 0-7 at a discrete
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time of 5 then decreases to 0.02 xl 0-7 at a discrete time of 60 then reaches a steady state
after this value. For sensitivity function Sads3muA the trajectory initially remains constant then
decreases to - 0.8 X 10-7 at a discrete time of 5 then increases to zero at a discrete time of 20
then reaches a steady state after this value. For sensitivity function Sads3muH, the trajectory
increases from zero to 2.4 x 10-9 at a discrete time of 7 then decreases to 0.4 x 10-9 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function Sads3KS,
the trajectory decreases from zero to - 2 x 10-9 at a discrete time of 5 then increases -
0.6 x 10-9 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Sads3KOH, the trajectory increases from zero to 2 at a discrete time of 5 then
decreases to zero at a discrete time of 100. For sensitivity function Sads3KNO, the trajectory
rapidly increases from zero to 0.019 at a discrete time of 3 then slightly increases to 0.02 at a
discrete time of 60 then reaches a steady state after this value. For sensitivity function
Sads3KNH, the trajectory rapidly increases from zero to 0.1 at a discrete time of 5 then
decreases zo' zero at a discrete time of 40 then reaches a steady state after this value. For

sensitivity function Sads3KOA, the trajectory decreases from zero to a minimum of - 3.8 x 10-9

at a discrete time of 8 then increases to zero at a discrete time of 100. For sensitivity function
Sads3etag, the trajectory decreases from zero to - 1 at a discrete time of 60 then reaches a
steady state after this value. For sensitivity function Sads3KMP, the trajectory decreases from
zero to - 500 at a discrete time of 60 then reaches a steady state after this value. For sensitivity
function Sads3KSP, the trajectory rapidly increases from zero to 250 at a discrete time of 3 then
decreases to - 100 at a discrete time of 100. For sensitivity function Sads3KSA, the trajectory
increases from zero to 0.7 x 10-7 at a discrete time of 5 then decreases to zero at a discrete time
of 40 then reaches a steady state after this value. For sensitivity function Sads3fMA, the
trajectory increases from zero to 49 at a discrete time of 100. For sensitivity function Sads3KA,
the trajectory increases from zero to 3000 at a discrete time of 60 then reaches a steady state
after this value.
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APPENDIX D: SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE
PROCESS VARIABLES OF THE BENCHMARK AND ATHLONE MASS BALANCES MODEL
BASED ON THE REDUCED ASM1 AND UCT BIOLOGICAL MODELS TOWARDS THEIR
PARAMETERS
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SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE PROCESS
VARIABLES OF THE BENCHMARK MASS BALANCE MODEL BASED ON THE REDUCED
ASM1 BIOLOGICAL MODEL TOWARDS ITS PARAMETERS

1.Main program
%PROGRAM BASM1S.m
%Aim - the program calculates the sensitivity model and simulates the
%sensitivity functions for the process variables of the Benchmark process
%based on ASMl reduced biological model towards the model parameters. The
'tprogram call the function subroutine rateASI"ll.m. The calculat.ion uses
%reduced biological model with 3 variables SNH, Sno and SS
%The program uses global definition of the model parameters

global Ks KOH KNO KNH KOA Kx muH etag muA Kh etah iXB YH YA
~;Process pe r-ernet.e r s
f-1.2;YA - 0.24;YH - 0.67;iXB
l;KQA - 0.4;

0.08;muH - 0.4;Ks - 10;KOH - 0.2;KNO 0.5;etag O.B;etah o .8;Kh 3;Kx O.lirnuA = O.5;KNH

a'renks volumes and f Lcw .ret.es
V1 - 1000;V2 - 1000;V3 - 1333;V4 - 1333;V5 - 1333;
Qo = 18446;Qa = 55338;Qr = 18446;Qw = 38S;Sosat = 8;
tAve r e qe va Lue s ot t r.e i.nflow concent.r at.i ona ror dry wczrt hc r
55i=69. 5; SNHi=31. 56; SNOi=Q. 0;
!?Determinë.ltion of the s empLi.nq pe r Lod
DT - 0.01042;days-0.1042*10;K-days!DT
k=Q: DT: days
icAverage i.nfluent concen t.r e.t iona t r e j cct.o r.re s fell: SNH, SNO, ss
Xi =[SNHi*ones(l,K);SNOi*ones(l,K);SSi*ones(l,K))*O.Ol
;:.Ini.tial conditiorJS- et ee dy et.e te values for the ë ch , ~~no,Ss (inc ce r-c for the sensitivity áunc ti.on s
XSO
- [7.918; 5.37; 2.808; zeros [45,1) ; 8.344; 3.662; 1. 459; zeros 145,1) ; 5.548; 6.541; 1. 15; zeros 145, 1) ; 2.967; 9.299; 0.995; zeros 145,1) ; 1. 733; 10.4
15;0.889;zeros(45,ll];'l., init.ial condf.t.d ons for the d.i f f e i-ent LeI equa t i.cn s
~, Steady state values fo r the biomass XBH, ;:BJ:·., xs
XBH = 0.05* [2551. 76*ones (1, xi . 2553. 38*ones (1, xi •2557 .13*ones (1, xi .2559. 18*ones (1, xi . 2559. 34*ones (1, K) ) : ~.~
XBA :: 0.05* [148. 389*ones (1, xi , 148. 309*ones (1, Kl; 148.941 *ones {I, Kl; 149. 527*ones (1, Kl; 149. 797*ones (1, Kll;"l-
eOD/rn"'3
XS :: 0.05*[82.135*ones(1,K);76.386*ones(1,KI;64.855*ones(1,K);55.694*ones{1,K);49.306*ones(1,K»); i XS steady sta~e &11 COD/rnA]
tt.re j ect.c ry of the ccn t.r oI signal
501 :: [0.2*ones(1,K) ;O.2*ones(1,K)] ;S02=[2.0*ones(1,K) ;2.29*ones (I,K) ;1.91*ones (LK) ]*1;
U-[SOl;S02] ;

X1JH steady st.at;e COD/m ·3
XBA s t ee.dy s t.et.e ~; all

'l.; calculation of the initial trajectory fox the s t e te ve ct.c r X and for t.he .sene it.Lv i t y ve ct.o r XS~~
X -[[7.918;5.37;2.808;8.344;3.662;1.459;5.548;6.541;1.15;2.967;9.299;0.995;1.733;10.415;0.889] zerosI15,K)];XSS [XSO
zeros (240,K) J;
'sCe Lcu Le t Lon of t.he s t c t e space process model met r i.ce s
uca i.cur at ron of the matrix P_
lVI = DT/Vl;IV2 = DT/V2;IV3 = DT/V3;IV4 = DT/V4;IV5 = DT/V5;IV=IVl*Qo;IVV=IV*f;Q=Qo+Qa+Qr
IV21=IV2*Q; IV32=IV3 *Q; IV4 3=IV4 *Q; IV54=IVS *Q
IVll-1- IV1 *Q; IV22-1- IV21; IV33-1-IV32; IV4 4-1- IV4 3; IV55-1- IV5 4; IV15=IV1 * IQa+Qr)
A-[[IVll 0.0 0.0;0.0 rvi ; 0.0;0.0 0.0 rvi i i ae ros t a i a) [rV15 0.0 0.0;0.0 IV15 0.0;0.0 0.0 IV15];

[IV21 0.0 0.0;0.0 IV21 0.0;0.0 0.0 IV21] [IV22 0.0 0.0;0.0 IV22 0.0;0.0 0.0 IV22] zerosI3,9);
zerosI3,3) [IV32 0.0 0.0;0.0 IV32 0.0;0.0 0.0 IV32] [IV33 0.0 0.0;0.0 IV33 0.0;0.0 0.0 IV33] zerosI3,6);
zeros(3,6) [IV43 0.0 0.0;0.0 IV43 0.0;0.0 0.0 IV43] [IV44 0_00.0;0.0 IV44 O.OiO_O 0_0 IV44] zeros(3,3);
zerosI3,9) [IV54 0.00.0;0.0 IV54 0.0;0.0 0.0 IV54] [IV55 0.0 0.0;0.0 IV55 0.0;0.00.0 IV55]]

A11-A 11: 3, 1: 3) ; A15-A 11: 3,13: 15) ;A21-A 14: 6,1: 3) ;A22-A I4 : 6,4: 6) ;A32-A 17: 9,4: 6) ;A33-A 17: 9,7: 9)
A43-AI10: 12, 7: 9) ;AH-AI10: 12, 10: 12) ;A54-AI13: 15, 10: 12) ;A55=A 113: 15, 13: 15)

'ë Ce Lcu.l.a t i on of the me t.r Lce 131,13 and Cn and C
B1-[IVV 0.0 0.0;0.0 IV 0.0;0.0 0.0 IV]
B- [lVV 0.0 0.0; 0.0 IV 0.0; 0.0 0.0 IV; zeros 112,3) ]
Cn-OT*[I-iXB) 0.0 1-1!YH);I-iXB) 1-11-YH»/12.86*YH) -1!YH;-liXB+1!YA) l!YA 0.0;0.00.01.0];
C-=[Cn zeros(4,12);zeros(4,3) Cn zeros(4,9);zeros(4,6) Cn zeros(4,6);'2eros(4,9) Cn zeros(4,3);zeros(4,12) en]

rstmute t ion of t.ne s ens i t.áv.i ty model
for k = 1: K

XSSk - XSS I: ,k) ;
Xk-X I:, k);
Uk -U I:, k);
XBHk - XBHI:,k);
XBAk = XBI'.I:, k) ;
XSk XS(:,k);
Xik :-..:Xi ( : , k) ;
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[ROASMl,AS, BS, CS, DS] =rateASMl (Xk, Uk, XBHk, XBAk, XSk, DT,AII,A15,A21,A22,A32,A33,A43,A44,A54,A55, Bl, Cn) ;

XSS{:,k+l) = AS*XSS(:,k) + CS'*ROASM1 + BS*Xi(:,k)+DS;
X ( : ,k+ 1) [XSS (1: 3, k+l) ; XSS (49: 51, k+l) ; XSS (97: 99, k+l) ; XSS (145: 14 7, k- 1) ; XSS (193: 195, k+l) ) ;

end

tvecr cr of s en s i.t.á vi ty for the Ii rst tank variables SNE, SNOr SS
SNH1~XSS(1,:) ;SN01~XSS(2,:) ;SSl~XSS(3,:);
SNHlf~XSS (4, : ) ; SNOlf~XSS (5, : ) ; SSlfoKSS (6, : ) ;
SNH1YH~XSS (7, : I ; SN01YH~XSS (8, : I ; SSl YH~XSS (9, : I ;
SNH1YA~XSS (10, : I ; SN01YA~XSS (11, : I ; SSlYA~XSS (12, : I;
SNHliXB~XSS (13, : I ; SNOliXB~XSS (14, : I ; SSliXB~XSS (15, : I ;
SNHlmuA~XSS (16, : I ; SN01muA~XSS (17, : I ; SSlmuA~XSS (18, : ) ;
SNHlrnuH=XSS(19, ; ) ; SNOlrnuH=XSS (20, : ) ; SSlrnuH=XSS (21, : ) ;
SNH1KS~XSS (22, : I ; SN01KS~XSS (23, : I ; SSlKS=XSS (24, : I ;
SNH1KOH=XSS (25, : I ; SN01KOH=XSS (26, : I ; SSlKOH=XSS (27, : ) ;
SNH1KNO=XSS (28,: I ;SN01KNO~XSS (29,:) ;SSlKNO~XSS (30,: I;
SNH1KNH=XSS (31, : ) ; SN01KNH~XSS (32, : ) ; SSlKNH=XSS (33, : I ;
SNH1KOA=XSS(34, : ) ; SNoIKOA=XSS (35, : ) ; SSlKOA=XSS (36, : ) ;
SNHletag=XSS (37,: I; SNOletag=XSS (38,: I ;SSletag=XSS (39, : I;
SNHletah~XSS (40, : I ; SNOletah=XSS (41, : I ; SSletah=XSS (42, : I ;
SNHlKh=XSS (43, : I ; SN01Kh~XSS (44, : ) ; SSlKh=XSS (45, : ) ;
SNH1Kx=XSS(46,:) ;SN01Kx=XSS(47,:) ;SSlKx=XSS(48,:);

aveouer- of sens it Lv Lt.y ro r t.ne second tank va rLabLe s SNE, SNO, SS
SNH2=XSS (49, : I; SN02=XSS (50, : I ; SS2=XSS (51, : I ;
SNH2f=XSS (52, : I ,SN02f~XSS (53, : I ; SS2f=XSS (54, : I ;
SNH2YH~XSS (55, : I ; SN02YH~XSS (56, : I ; SS2YH=XSS (57, : I ;
SNH2YA~XSS (58, : ) ; SN02YA=XSS (59, : ) ; SS2YA=XSS (60, : I ;
SNH2iXB=XSS (61,:) ;SN02iXB=XSS (62,:) ;SS2iXB=XSS (63,:);
SNH2muA~XSS (64, : ) ; SN02muA=XSS (65, : ) ; SS2muA=XSS (66, : ) ;
SNH2muH=XSS(67, : ) ; SN02muH=XSS (68, : ) ; SS2muH=XSS (69, : ) ;
SNH2KS=XSS (70,: I ;SN02KS~XSS (71,:) ;SS2KS~XSS (72,: I;
SNH2KOH=XSS (73,: I ;SN02KOH=XSS (74,:) ;SS2KOH~XSS (75,: I;
SNH2KNO=XSS(76, : ) ; SN02KNO=XSS (77, : ) ; SS2KNo=XSS (78, : ) ;
SNH2KNH=XSS (79,: I ;SN02KNH~XSS (80,: I ;SS2KNH=XSS (81,: I;
SNH2KOA=XSS (82, : I ; SN02KOA=XSS (83, : I ; SS2KOA=XSS (84, : I ;
SNH2etag=XSS (85, : ) ; SN02etag=XSS (86, : ) ; SS2etag=XSS (87, : ) ;
SNH2etah=XSS (88, : I ; SN02etah=XSS (89, : I ; SS2etah~XSS (90, : I ;
SNH2Kh=XSS (91,:) ;SN02Kh=XSS (92,: I ,SS2Kh=XSS (93,:);
SNH2Kx=XSS (94, : ) ; SNo2Kx=XSS (95, : ) ; SS2Kx=XSS (96, : ) ;

s.vec t.o r of sensitivity for the third 't ank ve rLab Le s SNH, 5NO,SS
SNH3~XSS (97, : I ; SN03~XSS (98, : ) ; SS3=XSS (99, : I ;
SNH3f~XSS (100,:) ;SN03f=XSS (101,: I ;SS3f=XSS (102,: I;
SNH3YH=XSS (103,:) ,SN03YH~XSS (104,:) ,SS3YH~XSS (105,: I'
SNH3YA=XSS (106, : I ; SN03YA=XSS (107, : I ,SS3YA~XSS (108, : I ;
SNH3iXB=XSS (109, : ) ; SN03iXB~XSS (110, : I ; SS3iXB=XSS (111, : I ,
SNH3rnuk=XSS(112,:) ;SN03muA=XSS (113,:) ;SS3rnuA=XSS (114,:);
SNH3muH=XSS (115, : ) ; SN03muH=XSS (116, : I; SS3muH=XSS (117, : ) ,
SNH3KS=XSS (1l8,: I ;SN03KS=XSS (119,: I ,SS3KS~XSS (120,: I,
SNH3KOH=XSS (121, : ) ; SN03KOH=XSS (122, : ) ,SS3KOH~XSS (123, : I ;
SNH3KNO=XSS (124, : ) ,SN03KNO=XSS (125, : ) ; SS3KNO~XSS (126, : I ,
SNH3KNH=XSS (127, : I ; SN03KNH=XSS (128, : ) ,SS3KNH~XSS (129, : I ,
SNH3KOA~XSS (130, : I ; SN03KOA=XSS (131, : ) ; SS3KOA~XSS (132, : I ;
SNH3etag=XSS (133,:) ,SN03etag~XSS (134,:) ,SS3etag=XSS (135,:),
SNH3etah=XSS (136, : ) ; SN03etah=XSS (137, : ) ; SS3etah=XSS (138, : ) ;
SNH3Kh=XSS (139, : ) ; SN03Kh=XSS (140, : I ,SS3Kh=XSS (Hl, : ) ;
SNH3Kx=XSS (142, : ) ,SN03Kx=XSS (143, : ) ,SS3Kx~XSS (144, : ) ,

t-vec t or of sensi t.Lv.i t y for the fourth tank va rdabLes mm, SNrJ;~:iS
SNH4=XSS(145,: I ;SN04=XSS(146,:1 ;SS4=XSS(147,:I,
SNH4 f=XSS (148, : ) ; SN04f=XSS (14 9, : ) ; SS4f~XSS (150, : ) ;
SNH4 YH=XSS (151, : I ,SN04YH~XSS (152, : I ,SS4YH=XSS (153, : ) ,
SNH4 YA~XSS (154, : ) ; SN04YA~XSS (155, : I ; SS4 YA~XSS (156, : ) ;
SNH4iXB~XSS (157, : I ; SN04iXB=XSS (158, : ) ; SS4iXB=XSS (159, : ) ;
SNH4muA=XSS(160, : ) ; SNQ4muA=XSS(161, : ) ; SS4muA=XSS (162, : ) ;
SNH4muH=XSS (163, : I ; SN04muH=XSS (164, : I ; SS4muH=XSS (165, : ) ;
SNH4KS~XSS(l66,:) ,SN04KS=XSS (167,:) ,SS4KS~XSS(168,:),
SNH4KOH=XSS (169, : ) ; SN04KOH=XSS (170, : ) ; SS4KOH=XSS (171, : I ;
SNH4KNO=XSS (172, : ) ; SN04KNO=XSS (173, : I ; SS4KNO~XSS (174, : ) ;
SNH4KNH=XSS (175, : I ,SN04KNH~XSS (176, : ) ; SS4KNH=XSS (177, : I ,
SNH4KOA~XSS (178, : ) ,SN04KOA~XSS (179, : ) ; SS4KOA=XSS (l80, : I ;
SNH4etag=XSS (181,:) ;SN04etag=XSS (182,: I ,SS4etag=XSS (183,: I,
SNH4etah=XSS (184, : ) ; SN04etah=XSS (185, ; ) ; SS4etah=XSS (186, : ) ;
SNH4Kh=XSS (187,:) ;SN04Kh~XSS (188,: I ;SS4Kh=XSS (189,: I;
SNH4Kx=XSS (190, : ) ,SN04Kx=XSS (191, : ) ,SS4Kx=XSS (192, : ) ;

'vector of sensitivity for the fifth tank variables SNH, SNO,SS
SNH5=XSS (193,:) ;SN05=XSS (194,: I ,SS5~XSS (195,: I,
SNH5f=XSS (196, : I ; SN05f=XSS (197, : ) ; SS5f=XSS (198, : ) ;
SNH5YH=XSS (199, : I ,SN05YH=XSS (200, : I ,SS5YH~XSS (201, : ) ;
SNH5YA~XSS (202, : I ; SN05 YA~XSS (203, : I ; SS5 YA=XSS (204, : ) ;
SNH5iXB~XSS (205, : I ,SN05iXB=XSS (206, : ) ; SS5iXB=XSS (207, : ) ;
SNH5muA=XSS (208, : I ; SN05muA=XSS (209, : I ; SS5muA=XSS (210, : ) ,
SNH5muH=XSS (211, : I ; SN05muH=XSS (212, : I ; SS5muH~XSS (213, : I ;
SNH5KS~XSS (214, : ) ; SN05KS=XSS (215, : ) ; SS5KS=XSS (216, : I ,
SNH5KOH=XSS (217, : ) ,SNOSKOH=XSS (218, : I ; SS5KOH=XSS (219, : I ,
SNH5KNO~XSS (220, : ) ; SN05KNO=XSS (221, : I ; SS5KNO=XSS (222, : I ;
SNH5KNH~XSS (223, : ) ,SN05KNH=XSS (224, : ) ,SS5KNH~XSS (225, : I ,
SNH5KOA=XSS (226, : I ,SN05KOA~XSS (227, : ) ; SS5KOA=XSS (228, : I ;
SNH5etag=XSS (229, : ) ,SN05etag=XSS (230, : I ; SS5etag=XSS (231, : ) ;
SNH5etah=XSS (232,:); SN05etah=XSS (233, :); SSSetah=XSS (234, :);
SNH5Kh=XSS (235, : ) ; SN05Kh=XSS (236, : ) ; SS5Kh=XSS (237, : I ;
SNH5Kx=XSS (238,:) ,SN05Kx=XSS (239,:) ,SS5Kx=XSS (240,:),

k=L: 101
:.:GrapJ-.sof tl-le sensitivity f unc t.Lor.s for. the SNH fer the. first tank
figure (1)
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subplot (8, 2, 1) ;p1ot (k, SNH1, •k')
title (' Process va r i ab Le Snhl')
ylabel ( '\ fontsi ze t 8) SUH1' )
xlabel ( '\ fonts i ze (8) c i scr et.e Urne k')

subplot(8,2,'2}; plot{k,SNHlf, 'k')
ti t.Le ( t seus t ti vi ty funct.i.on Snb Lf ")
ylabel (' \fontsize {a) SNHlf' )
xlabel (' \ fout s i ce t 8 l d i s c.re t.e time, k ' )

subplot(8,2,3); plot (k,SNH1YH, 'k')
ti t I e (vva r i eb Le Snh I YH r )
ylabel ( r \fontsize {8} SUR1 YH' )
xlabel ( '\ fontsi zet 8) d i s c r e t;e time, k')

subplot (8, 2, 4); plot (k,SNHIYA, 'k')

title ('Variable Snhl YA' )
ylabel ( ,\ f'ontsize is} SNHIYA' )
xlabel (' '. fontsize {8 j c isc r e t e time, k ' )

subplot (B, 2,5); plot (k, SNH1iXB, 'k' )
ti t.Le ( 'Sens i t t.v i.t y function Snb I iXB' )
ylabel ( I \ fontsize {8} SNHliXB' )
xlabel ( 'discrete time, k' )

subplot(8,2,6); plot(k,SNHlrnuA, 'k')
title ( "Se ne i tivity function. 5nhlnlUA')
ylabel ( , \,font size {8) SNHlmu~'\' )
x Labe L (' Vf'orrt s i ze Lê j d.i s c r e't e time, k')

subplot (B, 2, 7); plot (k, SNH1muH,'k' )
title (' Seu s i t.Lv i t y function Srih Imuli")

ylabel ( '\fontsize {8} SNHlmuH' )
xLabe L('discret.e time, k')

subplot (B, 2, B); plot (k, SNH1KS, . k')
title (' Sensitivity f unc t Lon SnhlKS')
ylabel ( '\ f orrt s Lze {8} ':;iNHll-::S' )

xlabel r ' di ec rer.e t.ine , k' )

subplot(8,2,9); plot {k,SNHlKOH, 'k')

ti t.Le ( •Sen s a ti vi tjo' function SnhlKOH')
ylabel (' \f0ntsi::e {e 1~)HHlKOH')
x Labe I ( '\fontsize {8} discrete time It' )

subplot (8, 2,10); plot (k, SNHIKNO,'k' )
title ('Sertsit.ivitjo' function SnhlKNO')
ylabel ( "Vf ont.s Lae !8} SNHIFJlO' )
xlabel (' \fontsize{8 ld.Lsc r et;e t i.rne, t')

subplot(8,2,11); plot (k,SNHIKNH, 'k')
title( "s ens i.t iv i t y function Snhl.KNH')
ylabel (' v fcn t s a ce {B) SHHIKNH' )
xlabel ( '\fontsize {8) d.Lsc r-et.e ttme , t·)

subplot (8,2, 12); plot (k, SNHlKOA,•k' )
ti t j e ( 'Sensiti vi ty function SnhlKOA')
ylabel (' 'vf ont.s Lce [8) SNHIKO_~')
xlabel {'\font.size {8 }discrete time, Y..')

subplot(B,2,13); plotlk,SNH1etag, 'k')
title ('Sensi.tivity function Snh Let.aq ")
ylabel ( '\ rouc.s i ce [8} SHHletag' )
xlabel ( '\ font size i 8} discrete time, k ' )

subplot IB, 2,14); plot (k, SNH1etag, 'k')
title (' Sen sLt ivi ty function Snhl.ë t.ab ")
ylabel ( . \ ront.s t ce {8} SNHletah' )
xlabel i '\ f onr.s i ce (8) dt sc r er.e time, k ' )

subplot (B, 2, 15); plot (k, SNH1Kh, 'k' )
title (' Sens i t.i v i t y function SnhlKh')
ylabel (' vront.s t ce (8} SNH1Kb! )
xlabel (' vf cn t s Lce {8} dá s c r-et.e time, k ' )

subplot IB, 2,16); plot (k, SNH1Kx, 'l:' )
title t ' Sens i t i vi.ty function Snhl10~')
ylabel ( '\ fon t.s i ce {8} SHHIKx' )
xLabel ( '\ fon t.s dze (8 j d.i s c r e t.e time, k')
~,Graphs o t the s en s i t.Lv i ty functions for t.he SNn f oz the
second t.ank
figure (2)
subplot(8,2,1) ;plot(k,SNH2, 'k')
title (' Process var i aore 5n112')
ylabel (' 'vf ont.s Lae (8 iSNH2I )

xlabel('\fontsize{8)discrete Urne %')

subplot(8,2,2); plot(k,SNH2f, 'k')
title (' Sensitivity function Snh2f')
ylabel (' \fontsi::e (8) SNH2f' )
xlabel ( , \ tont s aze {8} dj ac r e t e t i.me,r:' )

subplot(8,2,3); plot (k,SNH2YH, 'l:')
title( 'Ve r Lab Le ~;nh:YH')
ylabel (' Vf ont.s Lce [8} SNH2YB')
x I abel ( •\ rcnr.s Lce (e} di sc re te ti!'t'J~,}: f)

subplot(8,2,4); plot(k,SNH2YA, '):')
ti t Le L'Ye r Lab Le Snh::YA')

ylabel ( '\ f ont s i ze {8} SNH2Y.A1 )

xlabel ( "vf ont.s i r.e {8}discrete tLme, k ' )

subplot (B, 2, 5); plot (k, SNH2iXE, 'k' )
title (' Sensitivity f unct.Lcn SnhliXB')
ylabel ( '\, f cn t.s i ze {S} SNH2iXB' )
xlabel ('cUser:et.e c Irac , r.:')

subplot(8,2,6); plot (k,SNH2rnuA, 'k')
title( "sens Lt i.v i t.y functi.cn Snh Zmuê")
ylabel (' \ fon t.si z e I 8} SNH2muA' )
xlabel ( '\ tont.sic e {8} d i.e c ret.e time r k ' )

subplot (8, 2, 7); plot (k, SNH2muH,'k')
title (' Sen s I ta.va.r.y f unct.Lon Snb Zmuh")
ylabel ( 'I" f cn ts i ze {8} SNH2muH')
xlabel ( 'di s cr et;e t.Lme , k ' )

subplot (8, 2, 8); plot (k, SNH2KS, 'k')

ti t.Le ( "Se ns i ti vi ty tunerton Snh2KS')
ylabel ('\fontsize{8}SNE2KS')
xlabel ('discrete t Lme , k')

subplot. (8, 2, 9); plot (k, SNH2KOH,"k ")
title (' Sens i t.Lv.i t.y runct.Lcn é:nh2.KOH')
ylabel ( ! \font size \ 8} SN'H2KCH')
xlabel ( '\ f on t s i ze {B} ci.s c r e t.e t 'ime, k ' )

subplot (8, 2, 10); plot (k, SNH2KNO,'k1)

title(
ylabel ( ,
xlabel {' \ ron t.si ze (8 j d i.ecre t.e time, k ' )

subplot 18,2,11); plot (k, SNH2KNH,'k' )
title (' Serie .i ti.v.it.y functi.on ~;nh'::l\JJH')
ylabel ( , \,rcrrts i ae {8} SNH2KNH' )
xlabel (' 'vf'orrt s.i ze I s j o t sc re t e time, k')

subplot (B, 2,12); plot (k, SNH2KOA,'k' )
ti t.Le ( f aens i t dvi. t.y Eunot.d.on SrJh~":KO~\')
ylabel ( • 'vtcnt size {B} é:NH2I-\O.<:"· )
xlabel ( '\ t'orrts.i ze {8} d iaczet;e time, k ' )

subplot IB, 2,13); plot (k, SNH2etag, 'k' )
tit.le (' Sens.i t.Lv.it y function Snh Set aq t )

ylabel ( '\ f'orrts Lz.e {13} SNH'::etag' )
xlabel('\fontsize{8}discrete time,k')

subplot (B, 2, 14); plot Ik, SNH2etah, 'k' )
't Lt.Le I t Sens.i tLv i ty function Snh Ie t ah ")
ylabel (' 'crcnt s i z.e {8} ~;Nrr::etah' )
xlabel ( I v+ont s j.ze {g) d.isc ret c ti.me i k")

subplot (B, 2,15); plot (k, SNH2Kh, •t' )
title( "sene i ti vt t y func't i.on Snb~Eh')
ylabel (' vronr.s a cc (8) SNH~Kh')
xlabel ( 'Yfcrrt sLae I B l d.i s cre t.e t c.rce, y~' )

subplot (8, 2, 16); plot (k, SNH2Kx, 'J,-')
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title ( "Se nsi ti vi. ty f unc t.Lon Snh::K;;,')
ylabel ( '\ fcrrt s i.z e {8} SNH:;t~:{')
xlabel ( '\ fonts i ze {e} di serete time. k ' )
::;GrarJhs of the sensitivity functi.ons for t.he S1\IHfor the
t h.i r-d tank
figure (3)
subplot 18, 2,1) ;plot Ik, SNH3,' k')
title {'Process variable Snh3')
ylabel (' \fontsi::e{8 }5Jm3')
xlabel('\fontsi:::.e{8}discret.e time k ")

subplot 18, 2, 2); plot Ik, SNH3f, 'k')
ti t.Le (' Se n s i ti vi r.y function Snh3f ')
ylabel (' \ font s i ze {8} SUH3f' )
x Label ( '\ Ecnt.s i ce ; EIl dd s c.re t.e time. k ' )

subplotI8,2,3); plotlk,SNH3YH, 'k')
title ('Variable Snh3YH ')
ylabel (' \ fontsi z e i 8} SNH3Y'H')
xlabel ( '\ fontsi:::.e (S Jdi sc ret.e time, k' )

subplot{B,2(4); plot(k,SNH3YA, 'k')
title ('Véiriable Snh3YJ;.')
ylabel ( I \, fontsize {8} SNH3YA' )

xlabel ( , \ fontsi ce {8) di sc.cet.e time, k ' )

subplot (8, 2, 5); plot (k, SNH3iXB, 'k' )
ti t j.e ( I Sens i t.i vj. ty function Snb3i.X.B·)
ylabel ( I \ fontsize {8} SNH3iXB' )
xlabel ( 'discrete time , k ' )

subplot (B, 2, 6); plot (k,SNH3muA, 'k')
title (' Sensitivity runct.t.on SnbSmuê")
ylabel ( '\ fontsize {8} SNH3ml.:.A' )
xlabel (' \ rcncs j ze{ 8 l d t s cr e t.e t.Lme s k ")

subplot (B. 2,7); plot (k, SNH3muH,'k' )
ti tle ( "se ns i ti vi ty function Snh3muH')
ylabel (! vforrt s Lee! 8 }SNH3!!iUH')
xlabel ('discrete time, k')

subplot (B, 2, 8); plot (k, SNH3KS, 'k')
ti t Le ( "Sens Lti vi ty function Snh3KS')
ylabel ( "vrcnt s rae {8} SNH3KS' )
xlabel ('discret.e t Lme, k')

subplot 18, 2, 9); plot Ik, SNH3KOH,'k')
title( 'Sensiti.vity function Snh3KOH')
ylabel ( '\fontsize {ii) SNH:~EOH' )
xlabel ( I \, fontsize {8} d i s c re't e time, k ' )

subplotI8,2,lO); plotlk,SNH3KNO, 'k')
title('Sensitivity function Snh3KNO')
ylabel ( '\fontsize {8} SNIBKNO ' )
xlabel ( I 'vfcrrt s Lae {8} d.i s cr et e time, k' )

subplotI8,2,11); plotlk,SNH3KNH, 'k')
ti tle ( "Se ns i.ti vi ty f unc't ion f::inhJKNH')
ylabel ( '\fontsize {8} SNH:H~nH')
xlabel ( '\fon:tsize {£1} d.i.sczet e time. k' )

subplot (8,2,12); plot (k, SNH3KOA,',~' )
title( "Sens i t.i v i t v functi.on Sn.h3KOJ.;,')
ylabel ( ! \fontsize {8} SNH:H;OA ')
x Labe L (' Vront s.i ae t a lrusc ret e time. r_')

subplot(8,2,13); plot(k,SNH3etag, 'k')
title ( "Sens i.t.i vi ty funct ion Snh Set.aq' )
ylabel ( '\fontsi::e [:3} SH!·I?etag f)

xlabel ( '\ tontsize {8} dj.sc r et e time, r_' )
subplot(8,2,14); plot(k,SNH3etah, 'k')
title (' senai t a v it v function Snh Set.ab' )
ylabel ( I \ fon t s Lce {8} SNHJetê'.lh')
xlabel ( , 'vront s ize {\)}df.sc ret;e time, Y..' )

subplot (8,2,15); plot (k, SNH3Kh, '}:' )
title (' s ens i.t ivi ty function Snh3K.h')
ylabel ( '\ f ont s f ce t ij} ::;NH3Kb')

xlabel ( , \ f ont.s Lze {81 df.s c r e t;e ttme , Y..' )

subplot(B,2,16); plot(k,SNH3Kx, '}:')
title('3ensitivity function Snh3Kx')
ylabel (' 'vf on t s Lze (8) SNH3Kx')
xlabel ( t \font.si2€ (8) dz.sc ret;e time, k ' )

~:Graph3 for the sens i t i.v i t y f unc t Lons for SHE in the tank <1

figure (4)
subplotI8,2,1) ;plotlk,SNH4, 'r:')
title (' Process variable Snh4')
ylabel (' \fontsize {t3} SNH4' )
xLabel ('\,fontsize{8}disr_-:rete time 'k.')

subplot 18,2,2); plot Ik, SNH4f, '»' )
title (' Sensitivity f unct.Lon Snh·if')
ylabel (' Vf on t.s Lce {lj) SHH4f')
xlabel ( I \fontsize i 8}d.i sc re t e t fme , k' )

subplot 18,2,3); plot Ik, SNH4YH, '):' )

title( 'Va r i ab I Snh4.YH')
ylabel('\fonts ze{8}SNH4YH')
xlabel ( , \ fonts ze {S} c t scr e te t.i.me , k ' )

subplot (B, 2,4); plot (k, SNH4YA, 'k' )
title ('Variable Snh·1YT·.')
ylabel ( I 'vf on t s i.z e {8} SNH4 Yl',,' )
xlabel ( '\fontsize {8} discrete time, k ' )

subplot (B, 2,5); plot (k, SNH4iXB, 'k' )
tLt.Le t t aeus i t Lvj.t.y funct i on Snh4iXE')
ylabel ( I \font size {f.l} SNIft! i,XB' )
xlabel ('discrete time, k')

subplot(B,2,6); plot (k,SNH4muA, 'k')
ti t.Le ( "Sens Lt.L vi ty function Snh4m1.1A. f )

ylabel ( 'Yt'ont size {f3} SNR4muJ..')
xlabel ('\fontsize{f3}di.::;cret.e tt.me , r~')

subplotI8,2,7); plotlk,SNH4muH, 'k')
title( "Se ns i t.Lv.it y function Snh4muH')
ylabel (' \fontsize {(j} SNH4rnuH' )
xlabel (' dd s cz et;e time, k')

subplotI8,2,B); plotlk,SNH4KS, 'k')
ti t Le ( "Sen s i,t.i vi ty function Snh4KS')
ylabel I' vront s t ae I 8) c.'NIHES' )
xlabel ( "o is c re't e time, k! )

subplot(8,2,9); plot (k,SNH4KOH, '1-:-.')
title( "Se ns i t.LvL'ty function Snh,lKOH')
ylabel (' 'c r onr.s Lce (8) SNH4KOH')

x Labe L (' vt onr s Lae t s j dá scret e time, 'r~')

subplot(8,2,10); plot (k,SNH4KNO, 'k')
title (' sens i r.i.v it v function Sn.h4KNO')
ylabel ( '\£r.mt.si::E' {8} GHH4:r-NO' )
xlabel (' vr ont s Lze t e j d.t sc re te ttme , t')

subplot(8,2,11); plot (k,SNH4KNH, 'k')
title (' SerrsLt.Lv i.t.y funct.Lon Snh4KNU')
ylabel ( I 'vf ont.s i ce {8) S1-JH4KNH')
xlabel ( '\fontsize (e 1discrete time, k ' )

subplot(B,2,12); plot (k,SNH4KOA, 'L')
title( "SerrsLt.Lv it.y f'unc tLcn Snh·1KOA')
ylabel {'\ f ont.s f xe {tJ} SNH4KOA' )
xlabel ( I 'x fcn t sf.ze {(1) dfs cr-e t;e t.trne , k ' )

subplot(B,2,13); plot (k,SNH4etag, 'kl)

title('
ylabel I '
xlabel (' \£ont.si::e[B}discrete t.Lme , k ")

subplot(B,2,14); plot {k,SNH4etah, 'v.:')
title (' Sen.s i.t i.v i t y function Snh-t et.ab ")
ylabel ( , \.fonts i ze {S} SNH·letah' )
xlabel (f\£ont~:::i:::'f':{8}dis(.'rete time, k ")

subplotI8,2,15); plotlk,SNH4Kh, 'k')
title (' Sen s nt i v.i t.y funct.Lon Snh4Kh')
ylabel {, \ rcnt.s t ::;e{e i SNH4Kb ' )
xlabel ( '\ fon r.s I ce {a} di s cre t e time, k ' )

subplotIB,2,16); plotlk,SNH4Kx, 'k')
t.L't Le t t Sens i t iv.i t.y f uncr.Lcn Snh4K~~')
ylabel ( '\ fonts]. ze {8} SNH·1Kz ' )
xlabel ( '\ font.s i c e {8 l d.i.scre t.e time, j.,: 1 )

ê Grap f for the s ens t tLv.i.t y functions of the variable SNH in
the 't enk ':j
figure (5)
subplotI8,2,1) ;plotlk,SNH5, "k ")
ti tle ( 'Precess ve r i.ab Le SnhS')
ylabel ( "vr ont si.ae {(~J ~;H}J5')
xlabel('\fon"t:size{8}discr'ete time k")

subplot IB, 2, 2); plot Ik, SNH5f, ',')
t Lt Le t t Ser.s it.Lv i t y function S!!l15f')
ylabel ( "vf crrt sf.ze {(~}SNH5f')
x Labe L (' 'vf on't si ze Lê j d.i sc re t e 'ti.më , k")

subplotI8,2,3); plotlk,SNH5YH, 't')
title ('Vë<.riable SnhSYH')
ylabel ( "vf onr.s Lce (B) SNH5YH' )
x Labe I ( '\fonts:i.z.€ {8} discrete time, Y.' )

subplot(B,2,4); plot(k,SNH5YA, 'k')
title ('Vó.riable Sr ..hbYA ..')
ylabel ( '\font s i ce (8) 3NH~lY~;" )
xlabel ( '\, f orrt s Lze {B} discrete t.fme i k ")

subplot(B,2,5); plot(k,SNH5ixB, 't')
title (' Sen sLti.v it.y function Snh5:i.XB')
ylabel ( I \ .ï'ont.sLc e [El1SHH~,iXB')
xlabel {vd i s cr-e t.e time,}.:')

subplot(8,2,6); plot(k,SNH5muA, '):')
title( "Sen sLt.Lv it.y function Snh5muA')
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ylabel ( , vr ont s t ze! El}SNHSmufl.')
xlabel('\fontsize{8}discretE:: t Ime , k')

subplot (8,2,7); plot (k, SNH5muH, 'k' )
title! "sens i t.iv i t.y function Snh5muH')
ylabel ( '\,fontsize {8 j SNH5rouH' )
xlabel ( , di s c.ret.e t.i rae , k ' )

subplot (8, 2, 8); plot (k, SNH5KS, 'k')
title (' ser.s i t.i vi ty function Snh5KS')
ylabel ( '\fontsize (8} SNH-5ES 1 )

x Labe L ( 'di sc rer.e time, k' )

subplot(B,2,9); plot (k,SNH5KOH, 'k')

title t ' sens t rt vi ty function Snh5KOH')
ylabel {'\ f'on t.s Lze (8) SNH5KOH')
xLabe L ( , \ forrt sLz e I 8} d.i scr et e t.Lme s k")

subplot(B,2,lO); pIot(k,SNH5KNO, 'k')

ti t.Le ( "seus i ti vi ty function Snh5KNO')
ylabel (' 'vf on t.s Lce (8) SNH5KNO')
xlabel (' 'ir cnt.sr ze j s j df.s c r e t;e time, J.:.')

subplot (9, 2, 11); plot (k, SNH5KNH,'k')
ti t Le ( "sencr t t vi ty function Snh5KUH')
ylabel ( • \ fontsi::e (8:) SNH5KNH')
xlabel (' 'vf orrt s Lze It3 Id.i.s c r-et e time,}:')

subplot IB, 2,12); plot Ik, SNHSKOA,'k' )
ti t.Le ( I Sensi ti vi ty function Snh5KOA')
ylabel ( "vf ont.s Lce (8) SNH5KO.l;.')
xl abel ( •\ fon t.s Lce (81 d.Ls c r-et;e time, k ' )

subplotIB,2,13); plotlk,SNHSetag, 'k')
ti t.Le ( "Seris Lti vi ty function Snh5etag ')
ylabel ( • \ f cn t.s Lr;e {8:} SNH5etacr')
xlabel (' Vf ont.s i ce {8:) discn~t.~ time, k')

subplot IB, 2, 14); plot Ik, SNH5etah, ',-' )
ti t.Le ( "Se ns i ti vi t y funct.ion Snh Se't ah ")
ylabel ( , \ fonts i ze (e) SNH5etah' )
xlabel ( • 'vf on t.s Lce (8) discrete time, k ' )

subplotI8,2,lS); plotlk,SNH5Kh, 'lo')
ti t Le ( I Se n s Lti v-i ty function Snh Skh ")
ylabel ( '\ Eon t.s i ze {8) SNH5Kb' )
xl abel ( '\ ront s t ce {8} di sc rer.e t Ime , k ' )

subplot(8,2,16); plot(k,SNH5Kx, 'k')

title (' Sensitivity function Snh5K}:')
ylabel ( '\ f ont.s i ze {8} S!m5K:r.:' )
xlabel ( • \ tont s i :;E::{e} di sc.rer.e time, k ' )

tGr-e ph.s of t.he sensitivity functions for t.he SNO
'·(i:r&phs of the sens irLv l ty runct t ons of the va r iab l.e SHO in
the tank 1
figure (6)
subplot IB, 2, 1) ;plot Ik, SNOl, 'l:')
title (' Process ve r i ab Le SnOl')
ylabel (' v r ont s Lze t 8} SNOl' )
xlabel (! 'c forrt s i.z e Lê j d.i s c re t e t.dme k')

subplot(8,2,2); plot (k,SNOlf, 'v..')
title ('Sensitivit.y function ~:;N01.f')
ylabel ( , \ fontsize {O} ~iN01:E I )

x Labe I ( ,\ f on'ts i ae {8} d.i sc r et e time, k ' )

subplotI8,2,3); plotlk,SN01YH, 'k')
title( "va r i ab.Le SNOliH')
ylabel ( '\fontsize.{ 8 t SNOl YH' )
xlabel ( '\fontsize{ 8} dj.sc re t e time, k' )

subplot(8,2,4); plot (k,SNOIYA, 'k')
title L'Va r ieb Le SN01"fA')
ylabel ( '\, f orrt.s a ze {8} SNOl YA I )

x.l abe L {'\ font size {8} discrete time, k ' )

subplot(8,2,5); pIot(k,SNOliXB, 'k')
ti tle ( 1 ser.s t ti vi ty function SNOliXB')
ylabel ( "Vfon t a Lze {t3} SNOl i:"'B' )
x Label ( 'di s c re t.e t.tme , k ' )

subplot 18, 2, 6); plot Ik, SNOlrnuA, "Jc "}
title (' g ens t r t v t t y func t i.on ~'NOlmuJi.')
ylabel (' \fontsi::e [8) SHOlmuJi.' )
xlabel ( '\font.size {8} discrete time, %')

subplot(8,2,7); plot(k,SNOlmuH, 'k')

t i t.Le t t sensi t.i vt t y function SNOlmIlH')
ylabel ( '\ fon t.s a ce {8) SNOlml..:_H'}
x Labe L (' di ec ret;e time, k ')

subpl.ot{B,2,8); plot (k,SN01KS, 'l:')
ti t Le ( "Sens Lti vi ty function SNOlKS')
yl abel ( "vf on tsLce (:-3 J SHOIKS')
x Labe Lf t d.i s c re t e time,k')

subplot(B,2,9); plot (k,SNOIKOH, 'k')
title ('::lerlsitivity runct i o» SrW1KOH')

ylabel ( I 'vfont; size {f3} SNOH~()H' )
xLabe L ( '\font s Lae {f3} discrete t trce, r.:' )

subplot(8,2,lO); plot(k,SN01KNO,'k')
title t ' sena i t.Lv.it y function SNOlKNO' )
ylabel ( , VforrtsLz e {8} SNQ1.i:\iJO I )

xlabel ( • 'v forrt s.i.ze {8} discrete tt-ne , k ' )

subpIot(8,2,11); plot(k,SNOlKNH,'k')
ti tLe ( I Sensi.t.i.vlt y function SNOIKNH')
ylabel ( "vfcn t s Lz.e {8} ~;NOIKNH')
xlabel ('\fonts.ize{8}d..i.scret.e time, Y~')

subplot (8,2,12); plot (k, SNOIKOA, 'k' )
title( "Sen.sLt.Lv Lt y cucct ion SN01KOJ\')
ylabel ( 1 'vfon t.s i c e (8) ~;NOIKOA' )
xLabe L ( '\font size {(l} cuscret.e tLme , r.:' )

subplot(B,2, 13); plot (k,SNOletag, 'k')
title (' senstt.avttv function SNOletaq ')
ylabel (' \tent.5i:::€' (8) SNOletag' ) ..
xlabel ( '\ font sf.z e {8} discrete t.ime f k ' )

subplot IB, 2, 14); plot Ik, SNOletag, 'k')
title ( function SNOletah ')
ylabel ( , 8) SNOlet:ah' )
xlabel ( "Vf orrt s Lze {8 j discrete time, k ' )

subplot (B, 2,15); plot (k, SNOIKh, ']:' )
title( "Serrs Lt.Lv Lt y f'unc t Lon SNQ1Kh')
ylabel (' \fontsi:::e[8}SNOlKh ')
xlabel ( '\ f onr.s i ce {8) dd sc r e t;e t tme , k ' )

subplot(8,2,16); plot (k,SNOIKx, '):')
ti 't Le ( I Sensitivity function SN01K:r.:!)
ylabel ( '\fOlit.si ce (a} SNOIKX')
xlabel ( '\ f ont.s Lce (8) discrete time, k! )

r Gr-aph s of the sene it Lv.Lt.y functions for the ve r f abLe SNO in
t.he tank 2
figure (7)
subplot IB, 2, 1) ;plot Ik, SN02, 'I:' )
title (' Process ve i-Lab Le SN'02')
ylabel ( "Vfon't si.z e {8} SN02')
xlabel (' 'vforrt s i ze Lê j d.is cr e t e time k')

subplot(8,2,2); plot(k,SN02f, 'r.,')
ti t.Le ( , Sens i t i.v.i. t.y function. 5NO':f')
ylabel ( "vf orrt sf.ae {(j} SNOZ.t' )
xlabel ( "Vf'ont s i ze {S} discrete time r k ' )

subplot(B,2,3); plot (k,SN02YH, 'r.:')
title L'Va r i ab.Le SN02'fH')
ylabel ( '\fontsiz.e {8} SNO~YH' )
xlabel ( 'Yrorrt s Lze {B} di scrct.e t.t.me, y~' }

subpIot(8,2,4); plot(k,SN02YA, 'k'}
title ('Variabl;,: SN02YA')
ylabel ( ! \. f on t s Lz e {ti} SNO~:YA' )
xLabe L ( 'Vront sLz c {f3} dfs c're t.e t:i.rne,}:,')

(k, SN02iXB, 'k')

func't Lon SNOlii:B')
ylabel (' \fontsize{(qSN02:i..t-:B')
xlabel ( "d Lec r et;e trme , k ' )

subplot (8, 2, 6) i plot (k, SN02muA, '}:')
title (' function SN02mu}\')
ylabel ( ! 8) SNO~muJl..! )

xlabel ( ! 'vf on t s Lac {8} d.i s c r e t.e time, k ' )

subplot (B, 2,7); plot (k, SN02muH, 'J:' )
title( "Serrs Lt.Lv Lt y runcc rcn SN02muH')
ylabel (' \fontsi::e{8}SNO:muH')
xlabel (' dd.s c r-et.e ti.me , k ' )

subplot (8, 2, 8); plot (k, SN02KS, , k')
title (' function SN02KS')
ylabe.l ( I a} SN02KS' )
xlabel ( •di.sc re t.e time, k t )

subplot 18,2,9); plot Ik, SN02KOH, 'I:' )
ti t Le ( , Serrs Lt.t v it y function SN02KOH')
ylabel ( "vronts i ce (8) SNOKOE' )
x.Labe L {'\, font.s Lce (8) discrete time, k f )

subplotIB,2,lO); plotlk,SN02KNO, '1:')
ti 't Le ( "Sen s Lti vi ty Eunc t.Lon SN02Kl'lO')
ylabel ( '\ f onr.st ce {8} SN02KNO' )
xlabel ( "Vf ont.s Lc e (e.) discrete time, k ' )

subplot IB, 2, 11); plot Ik, SN02KNH, 'lo' )
title (' s ens t t Lvd r.y func t.Lon SN02KHH')
ylabel ( '\ forrts i ze {El}SN02KNUI )

xlabel ( "vf orit.s i ce {8} discrete time, k' )

subplot IB, 2,12); plot Ik, SN02KOA, 'y_' )
t i t Le t t sen s tt ivi t.y funcr.Lon SN02KOA_')
ylabel ( '\ fon t s i ze {S} SN02KO/t' )
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xlabel ( '\ fontsize {8} discrete time, r.:' )

subplot (8,2,13); plot (k, SN02etag, , k' )
ti t Le ( 'Sensiti vi ty function SN02et.ag')
ylabel ( . .,f'on t.s Lce [8) SN02etag' )
xlabel {' vr ont.s Lze {8 j discrete ttme , k' )

subplot (8, 2,14); plot {k , SN02etah, 'k' )
title (' sensi.t.t v l t y function SN02et.ah')
ylabel ( , \ fonts i ce {8) SN02.etab· )
xlabel ( '\fontsize {8) discrete time, r:' )

subplotI8,2,151; plotlk,SN02Kh, '1:'1
title ( 'Sensi ti vi ty function SNQ2.Kh')
ylabel ( '\ Eon t.s Lce {8} SN02Kh' )
xlabel (' 'v f on t.s Lze [8 Id Lsc r e r.e time, k')

subplot(B,2,16); plot(k,SN02Kx, 'k')
ti t Le {"Sen.sf.t i vi ty function SN02Kx')
ylabel ( , \ t'ont.s i ce {8) SN02Kx 1 )

xlabel ( "vfon r s Lce (8) da s c re t.e time, k' )

\:Graphs for the va r Lab.Le SNO in the tank
figure (B)
subplot 18,2,1 I ; plot Ik, SN03, 'l'e' I
title (' Pr-cce s s va.r i.ab Le SN03')
ylabel ( '\ forrt s Lz.e (8) ~;NO:~')
xlabel ( I \ font size {8} discrete time Y~')

subplotI8,2,21; plotlk,SN03f, 'l:'1
title('Sensit.ivity function SN03f')
ylabel (' 'vf on t.s Lze (8) SH03f')
xlabel ( '\fontsize {8}discrete time, Y.:' )

subplot(B,2,3); plot (k,SN03YH, 'l:')
title ('Variable SN03YH')
ylabel ( "Vf onr.s a ce (8) SN03YH')
xlabel ( '\ f orrt sLz e {8}discrete time, k ' )

subplotI8,2,41; plotlk,SN03YA, '1:'1
title ('VêIiable SN03YA')
ylabel (' vf ont.s Lce (8} SN03YA' }
xl abel ( '\ f ont.s Lce {8}da s c re t.e time, k' )

subplot 18,2,5 I; plot Ik, SN03iXB, 'I:' I
title (' sensitivity function SN03iXB')
ylabel ( , \ tcnt;s i ce [tJ) SN03iXB I )

xlabel ( 'di ecr e t e time, k ' )

subplot (8,2,6); plot (k, SN03rnuA, ').:' )
title (' Sens Lt.i.vi ty function SNQ3muA')
ylabel ( '\ ront s t ce [ti) SN03mu]l_1 )

xlabel ( '\ f on t s a ae (8) d i s c re t;e time, k ' )

subplotI8,2,71; plotlk,SN03rnuH,'k'l
ti t Le ( "Se nsf.t ivi ty function SN03muH')
ylabel ( '\ f ont.e i ze {8} SN03muH' )
xl abel {'discz.ete time, k')

subplotI8,2,81; plotlk,SN03KS, 'k'i
ti t Le ( 'Sensi ti vi ty function SN03KS')
ylabel ( '\ tont.s i ce {El}SN03KS' )
xLabel ('discrete time, k')

subplotI8,2,91; plotlk,SN03KOH, 'k'i
title( 'Sensitivity function SN03KOH')
ylabel ( '\ fonts i ze {S}SN03KOH')
xlabel (' \ fon t s i ce {8 l dLscre t.e time, k ' }

subplotI8,2,lOI; plotlk,SN03KNO, 'l'_' I
title (' Sensitivity function SN03KNO')
ylabel ( , \ fonts i ze {8} SN03KNO')
xlabel ( • \ ront.s i ce {El}di s c r et.e time, k ' )

subplot 18,2,11 I; plot Ik, SN03KNH, '%' I
ti t.Le ( 'Sensi ti e-i Ly function SN03KHH')
ylabel ('\fontsize{8}SN03KNH')
xlabel (' \ f ont.s i ce {8}d t s c re t,e time, k ' )

subplot (B, 2,12); plot (k, SN03KOA, 'Y:.' )
title( "s ens i t i vi.r y function SN03I\:O.l'...')
ylabel ('\fontsize{8}SJ:103KOA')
xlabel (' \ fontsi ze I8 j dt scr et.e time, k' )

subplot(B,2,13); plot (k,SN03etag, 'k')
ti tLe ( "Sena á t f.v.i ty funct.i.on :':.N03etag I )

ylabel ( '\, fontsize {8} SN03etag" )
xlabel ( '\. fontsize {8 ~o.t sc ret e time, k' )

subplot (B, 2, 14); plot {k, SN03etah, 'k' )
title (' se ns i t Lv.Lt.y function SrW:~etar:')
ylabel ('\fontsize{~l}SN03eta..h,')
xlabel ( '\ ront s .iae {8}discrete c tmc , k ' )

subplot(8,2,15); plot(k,SN03Kh, "k "]
title t ' sens i t rv i.t y function SH03Kh')
ylabel ( '\f ont s.i ae {8}SN03Y,h' )
xl abel ( . \ f orrt s.i ze {B}d.i s c r e t e t.Lme, k ' }

subplot(8,2,16); plot (k,SN03Kx, 'k')
ti t.Le ( 'Sens Lti vi t.y Eunct.Lon ~m03K,;.:·)
ylabel (' \ tont s i ze {S} SN03Kz' )
xlabel ('\fontsize{S}disc,rete time,k')

!.,Graphs for the sensitivity functions for ;jNO in the tank
figure (9)
subplot (8,2, 1) ;plot (k, SN04, 'k')
title ( 'Pr.'ocess variable, SN04')
ylabel ( • \ f'cnt.s i ce {8} SN04 I )

xlabel I '\ fcn t si.z e I 8 Id.i s c r e t e tdme k' I

subplot (B, 2, 2); plot (k, SN04f, 'k')
title ( "Sen.s f.t.Lv i ty func t Lon SNQ-1 f')
ylabel {' Vf ont.s i ce {8} SN04 f' )
xlabel ('\£ont.si:::e{8}discrete tLmes k ")

subplot (B, 2, 3); plot (k, SN04YH, 'k')
title ('Va,:r.i..:ible ~'1I'I04YH')
ylabel (' 'vf onr.e I ce I 8} SN04YH' )
xlabel ( '\ Eonr.s i.c e (8) discrete t Lroe, k' )

subplot 18, 2, 4 I; plot Ik, SN04YA, 'k' I
title ('Variable SN04YA')
ylabel (' vr ont.at ce t fllSNN4Y.A.')
xlabel {' Vfont.s i ce {8}discrete time, k' )

subplotI8,2,51; plotlk,SN04iXB, 'k'i
ti t.Le ( 'Sensi ti v-ity f'unct.Lon SN04iXB' )
ylabel ( , \ tont.s i ze {tJ} SNO-iiXR' )
xlabel ('disc!_'ete time, k ")

subplotI8,2,61; plotlk,SN04rnuA, 'k'i
title{ "Se ns dt ivd ty f unc r.Lon SN04muA')
ylabel ( '\, ront s i ze {S}SNQ4muA')
xlabel ( '\, font.s i ce {e} discrete time, J.;:' )

subplot{8,2,7); plot(k,SN04muH, 'k')
ti t Le ( "se ns i ti vi t.y f unct.Lon SN04muH')
ylabel {'\ font si ze {8}SN04muH' )
xlabel ( 'discrete time, k' )

subplot (B, 2, B); plot (k, SN04KS, 'k')
ti t.Le ( •Sens i ti vt Ly fur.ct.Lon SN04KS' )
ylabel ( "vf'on t s i ze {8}SN04KS' )
xlabel ('disc::ret.e tf.me , k')

subplot (8, 2,9); plot (k, SN04KOH,1 k' )
ti t.Le ( 'Sens i.ti vi, ty function ~;NO'~EOR')
ylabel {'\font size {8} SN04KOH')
xlabel (' vront.s i ae t a j o i s cr.e t e time, k')

subplot (8,2,10); plot (k, SN04KNO,Ik' )
ti t.Le ( "scne t ti vi ty function SN041\NO')
ylabel (I \:font5i.7.J;~{8}SN04KHG')
xlabel (' 'vf on t.s i ze {8 Id i.s cr e t;e time, k ' )

subplot(B,2,11); plot (k,SN04KNH, "k ")
title(
ylabel {,
xlabel {'\, f'on t size {8}d i.s cze te 't Lrne, k ' )

subplot 18,2, 12 I; plot Ik, SN04KOA, 'k' I
title (' Se ns i tivi ty funct Lon SN04i\OA')
ylabel ( • 'vront s j.z c {13} SNCl4KOP_l )

xlabel ( I \, ron t size {8}d.is c r e t.e time, k ' )

subplot (B, 2,13); plot (k, SN04etag, Ik' )
ti 'tLe ( "Sen s i.t.f vi ty function SN04etag 1 )

ylabel ( "vfcrrt s i.z e {B}SN04etag l )

xlabel ( "Vf orrt size {8}d.is cr et.e t.Lme , k' )

subplot 18, 2,14 I; plot Ik, SN04etah, 'k' I
title{ "Sen s i t.Lv.it y f-unc't i on SN04~~tah')
ylabel (' 'vr ont sa.ae {(1}~;IW4etall' )
xlabel ( 1 \, f-crrts i ze {8}d i.s cr e t e time, k ' )

subplotI8,2,151; plotlk,SN04Kh, 'k'i
title (' Sens i.t.dv it y function SN04Kh!)
ylabel ( "Vf orrt s Lae t 8:) SN04Eh')
xlabel ( 1 'x font size {8}c.iscrete time, Y.:' }

subplot{8,2,16}; plot (k,SN04Kx, 'k')
title( "Sena i t.Lvi t y func't i.on SN04Kx')
ylabel (' \fonu3i:.::.e (e J SH04Kx' )
xlabel (' vt ont siae t a j d.iscret.e t.trce , k")

~Gr':ïpf fOl·tbc s en s Lt LvLt.y runc tLona ')I the ve rLab Le SHO in
the t.a nk 5
figure (10)
subplot 18, 2, li ;plot Ik, SN05, '~' I
ti t.Le ( I Process ve r LabLe SNOS')
ylabel ( 'Yfont si ze {8} SHQS' )
xlabel('\fontsize{8}discIete time k' )

subplotI8,2,21; plotlk,SN05f, 'k'i
title (' Se ne i 't.i o.i r v function SNO:!:f')
ylabel ( "v f orrt a i ze {8; SNo5f' )
xLabe L( , \ f on t a i. ze {3}di s c r e t;e time, k ' )
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subplotI8,2,3) plotlk,SN05YH, 'k')
title ('V{:I:riabl ~;N05YH')
ylabel ( • \ fonts ze {8} SNQ5YF 1 )

xlabel ( •\ fonts ce {B}discrete time r k ' )

subplotI8,2,4); plotlk,SN05YA, 'k')
title ('Variable SN05YA')
ylabel (' \ rcnr.s t ce {b} SN05YJ'I.' )
xlabel ( •\ fo nt.s i ce {ti} di sc re t.e time, k ' )

subplot 18, 2, 5); plot Ik, SN05iXB, 'k')
ti t.Le ( I Se n s i,ti v i,ty function SNOSiXB')
ylabel (' \ fontsi ze{ 8) SN05iXB' )
xlabel (' discrete time, k' )

subplot(8,2,6l; plot (k,SN05muA, 'r.')
title t ' Sensitivity f unc t.Lcn SNOSmuA')
ylabel ( I \ fon ts i ze {8} SN05muA' )
xlabel ( , \ fonts i ce {ti} di sc re t.e time, k ' )

subplot (8,2,7); plot (k, SN05muH, 'k ')
ti t.Le ( "Sen s i.ti vi ty function SN05muH 1 )

ylabel ( I\. f'ont s i ze {8} SN05muH' )
xlabel ('discrete time,}:')

subplot(8,2,8); plot (k,SN05KS, 'k')
ti t Le ( "Se ne iti vi ty tunetion SNO~JKS')
ylabel ( I \ fonts ize {8} SN05KS' )
xlabel ('di.screte time, k')

subplot (8,2,9); plot (k, SNOSKOH,'k' )
title ( I Se ns i. 't Lv.i t.y function SNO.:'·KOH')
ylabel ( I \ fontsize {8} SNOSKOH' )
xlabel ( '\ f ont.s i ze {9} di ec r e t.e ti ime, k ' )

subplot(B,2,10); plot(k,SNOSKNO, 'k')
ti tle (' Sens i t.i.v.itv f'unctLon SN05KNO')
ylabel ( I \fontsize {.8) SNOSKNO'}
xlabel ( '\, t crrt a i ze {8} discrete time, k' )

subplot (8,2,11); plot (k. SN05KNH, 'k' )
t.Lt Le t t Sena i t.a vf t y function SN05KNH')
ylabel ( , \ fontsize {8} S1'1OSKJ.JH' )
xlabel ( ,\ fontsize {a} d.is c r e.t e time, k' )

subplot 18,2,12); plot Ik, SN05KOA,'k' )
ti t.Le ( "Se ns I t.i.v.i.ty function SN05KOA')
ylabel ( "vf ont.s Lz.e {B) SN05EOA' )
xlabel ( I '. f orrt s i ze {8} d i s c r e't e time, k' )

subplot 18,2,13); plot Ik, SN05etag, ' k ' )
title (' Sensitivity function SNOSct.ag!)

ylabel ( '\ f ont.s f.ze {8} SNO.5etag' )
xlabel (' 'c ront s Lae Lë j dj.sc re t e time, V')

subplot 18, 2, 14); plot Ik, SN05etah, 'k')
ti tle ( "sens i t.i vi ty tunet ion SH()5et.i:ih')
ylabel ( . \ font s Lae (8) f.jNO~'etab I )

xlabel ('\fontsize.(8}discrete t.f.me , };")

subplot (8, 2, 15); plot (k, SN05Kh,' k!)
title('Sensitivity f'unc't i on SN05Kh')
ylabel ( '\font.size {8} ~;1'105Eh' )
xlabel (' vfont s Lze La j cu.sc re t e time, r.:')

subplot(8,2,16); plot(k,SN05Kx,'k')
ti t.Le (' Sens i ti vi ty function SN05Kx I )

ylabel (' \fontsi::e (8) SNOSKx' )
x l abel (' vrorrt s Izej s ; d.i sc z-et e time, r.')

!;;Graph~ of the aen s Lt.Lv.i.t.y unc t Lons fen: t.he SS
:'!'GraprlS of t.he sens f.t.t v i t v func t Lons fOl: t.be SS in the tant

figure (11)
subplot 18,2,1) ; plot Ik, SSl, "k ' )
title ('Procfoss ve r Leb.l.e SSl')
ylabel (' 'c ron-n t ce {n} SSI ' )
xI abel ( '\ f on t s i ce {8} di s cr e t.e time k ")

subplotI8,2,2); plotlk,SSlf, 'k')
title('Sensitivity func t.Lon SS1f')
ylabel (' vrcnt.e i ae! 8 ISSlf')
x Labe L(' 'vfon t.s Lce (:3} discrete timet k ' )

subplotI8,2,3); plotlk,SSlYH, 'k')
ti t Le ('Va.r·iable 551 YB I)

ylabel ( '\ fontsize {8} SSl YB:' )
x Labe L( '\ fonts i ce {8} di sc.ret.€. time, k ' )

subplot(8,2,4); plot(k,SSlYA, 'k')
title ('Variable SSlYA')
ylabel ( '\fontsize {8} SS1YAl )

x l abe L (' Vront.e i ae! 8}disc.rete time. k ")

subplot(8,2,5); plot(k,SSliXB, 'k')
t.Lt.Le I t Sea s t t i.vd.t.y func t.Lcn SSli.X.B'}
ylabel ( '\ f ont s i.ae {8} SSliXB' )
xlabel ('discrete time, y;')

subplotI8,2,6); plotlk,SSlmuA, 'k')
title( "Sen.s f.t.Lv i t y function SSlmu.ii.')
ylabel ( '\ fonts]. ze {8} s s unua )
xlabel (' 'vf ont.s Lce (8) d.i s c re t e time, k ' )

subplot(8,2,7); plot(k,SSlmuH,'k')
ti 'tLe ( "Se ns Lt I v-i t.y func t i.on SSlmuE')

ylabel ( '\ ront.s i ce {(3} SSlmuH')
xlabel ('discre.te time, k')

subplot 18,2,8); plot Ik, SSlKS, ' k' )
title (' Sen s á t i v.i r.y Euncr.Lon SSlK.S')
ylabel (' \,font.size{ 8} SSIKS' )
xlabel ('cl.i.screte 't i.me , k')

subplot(8,2,9); plot (k,SSlKOH, 'k')
t i t.Le t t senslt i vi.r.y f ur.ct.Lon SSlKOH')
ylabel ('\font.size{8}SSlKOH')
xlabel (' vfo nt.s Lce f Bl d i.s c re t.e time, kt)

subplot(8,2,lO); plot {k,SSlKNO, 'k')
title (I Sen s á t i v'i ty rnnct.aon SSlYJ:W')
ylabel { 1 'vf onts i ze {8} SSlYJW' )

xlabel ( '\ font.si ce {8) c i.ecret.e t.i me, k' )

subplot (S, 2, 11); plot (k, SSlKNH, 'k')
t Lt Le t t sens t t i vi t.y runct.Lon SSlKNH')
ylabel ( '\ font size {8} SSlKNH I)

xlabel (' \ tcnt s i z e I 8 j o i.sc r et.e time, k' )

subplot(8,2,12); plot (k,SS1KOA, 'k')
title (' sens lt Lvt.t.y func t.Lon SSlKOA')
ylabel ( ! vt ont size {8} SS lKO.iV )
x Lebe L ( , \ fon t.s á ze {S} dd.e cxe t.e time, k' )

subplot (B, 2, 13); plot (k, SSletag, 'k' )
title (' Sen s i t Lv.it y function SSletag')
y Labe ; { I vt ont s.i.ze {8} SS Let.aq ' )
xlabel ( "vf'on t ei.ae {8} d.i ec re t.e time, k' )

subplot (a, 2, 14); plot (k , SSletag, I k I)
title ( "Sena.i r.Lv Lty runc't Lon s s i eteb ")
ylabel ( '\font sLz e {13} S~; let-ah' )
x Labe L ( I \ f ont s i ze {8} discrete t i.me, k ' )

subplot 18,2,15); plot Ik , SSlKh, ',' )
ti t Le ( "sensitLvf.t.y funcrti.on S~::1.Kh I)

ylabel ( "vf orrt s Lze {8} SS lKh' )
x Labe L ( '\ f'on't s i z e {8} d is c re t;e time, k' )

subplot(8,2,16); plot(k,SSlKx, 'kl)
title( "Sen s.i ti vdt y function ~.;GIK}-;I)
ylabel ( "vfcn t sLz e {El}~;;:;lK:-;:' )
xlabel ( "vf otrt s.i.ze {8} df.sc rct.e t.Lme, k ' )

c ar apn s of t.he s en.sLt.Lv it y func t.Lona of t.tl€": ve.rf.b.Le SS in
the t.ank 2
figure (12)
subplot(8,2,1) ;plot(k,SS2, 'r"')
ti tle ( "Pr-oc-e s s variable SS:;')
ylabel (' vï'ont.s tce t a j s s r ")
xlabel('\font..sj.::",e{B}discrete tLme k')

subplot(8,2,2); plot{k,SS2f, 'k')
title( "Sen s i t i v i.t.y function ~;S2f')
ylabel (' \,t'on t.s i ze I fl} SS2f' )
xlabel ( '\ tont.si ::12 {t1} d i.s cr et;e time, k ' )

subplot (8,2,3); plot (k, SS2YH, , k' )
title ('Variable SS:.:~y:H')
ylabel {, \ forrt.si ze {8} SS2YH' )
xlabel (' vront.sdce t e j o i.scr-e-;c t.i.me , k')

subplot(8,2,4); plot(k,SS2YA, 'k')
ti tle t vvert anï e SS:::YA 1 )

ylabel ( I vfon t s i ze {8} S~~2YA' )
xlabel (' \ rcnr.s tce {e} d i.sc.r ct.e t.Lrne s k ")

subplot(8,2,5); plot(k,SS2iXB, 'k')
title ( 'Sens i ti vi ty funct.i.on SSliXB')
ylabel ( ,\ font size {8} SS2i:>{B' )

x Labe L ( 'di s cr e t e t.Lme , k' )

subplot(S,2,6); plot (k,SS2muA, 'k')
ti t.Le ( •sens i t Lv.i t.:y' functi.on S::",:::::mui;')
ylabel (I \font~:;ize{8}SS2mDA'}
xlabel ('\fontsize{S}discr·ete time,k')

subplot(8,2,7); plot(k,SS2muH,'k')
title ('
ylabel ( !

xlabel ( 'di sc r e t e t.LmeIk' )

subplot (8, 2,8); plot (k, SS2KS, 1 k ' )
title (' Sens Lt.LvLt y function SS:KS')
ylabel ('\fGJltsize{~j}SS2KS')
x Labe L (' discrete time, k')
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subplot{8,2,9); plot {k,SS2KOH, 'k')
ti t.Le ( "Se ns Lti vi ty function SS2r<OH')
ylabel {'\ ronts i ze {8} SS2KOH' )
xlabel {'\ fontsi ze [B} di screte time. k ' 1

subplotI8,2,lO); plotlk,SS2KNO,'k')
title (' Sensiti vi r y function SS2t.'NO')
ylabel ( '\ fontsize {8} SS2KHO' )
xlabel ( , \ fonts i ce {8} di sc ret.e time, k ' )

subplot(8,2,11l; plot(k,SS2FrnH, 'k')
ti tle ( "Se ns Lti vi ty fu.nction SS2KN"H')
ylabel ( ,\ font size {8} SS2KNH')
Klabel ( '\ f'on t.s i ze {8} di acz e t.e time. k' )

subplot (8,2, 12); plot (k, SS2KOA,, k' )

title ( 'Sensi ti vt.r.y function SS2KOA')
ylabel ( I \fontsize {El} 5S21<0]'-:,' )
xlabel (' \ fontsi ee ] 8 j o i s cr.e-t.e t.Lme , k ' )

subplot (8,2,13); plot (k, SS2etag, "k ' )
ti tle ( 'Sens i t.f.vd, ty funct Lcn SS':etf:l,g')
ylabel ( '\ fontsize {8} SS2etag' )
xlabel ( I \ fontsize {a} discrete 't dme, k ' )

subplot (8,2,14); plot (k, SS2etah, 'k' )
title (' sens i c rvttv function (;,S2etah')
ylabel ( I Vf orrt sLze '{!.l} ss zer.en ' )
xlabel (' vr onts Lae t a j d.isc rer e time. k')

subplotIB,2,15); plotlk,SS2Kh, 'k')
title (' Seu sLt.Lvi t y f unc't Lon SS:h"h')
ylabel (' \fontsize {8} SS2!~h')
Klabel ( ,\. fontsize {8} discrete time, k ' )

subplotI8,2,16); plotlk,SS2Kx, 'k')
ti t Le ( ~Sensi ti vi ty function SS~Kx!)
ylabel ( "vr ont s r.ae {8} SS':Ex' )
xlabel ( ! \ f orrt sLze {8} dj.sc re t e time, k' )

!"Graphs for SS ve r LabLe Lr, t.he t.ank :}
figure (13)
subplot (8,2,1) ;plot (k, 883, 'J:' )
title ( , Process va r i ab Le SS3')
ylabel (I Vf crrt s i ze I 8} SS3' )
xlabel('\fontslze{8}discxete tit'!'.€: k'j

subplotI8,2,2); plotlk,SS3f, 'k')
title (' sene i t Lvt.t.y function SS3f')
ylabel (' \fontsize{ 8 }SS3f')
Klabel ( '\ f ont.s i zet 8 I d i s c r et;e t.Lme , k ' )

subplot{B,2,3); plot(k,SS3YH, 'k')
title ('Variable SS3YH')
ylabel ( "vrcrrt s i ae Ul} ::;S3YH' )
xLabel ( • \ f'on te i ze {8}d.i s cr e t.e that, k ' )

subplotI8,2,4); plotlk,SS3YA, 'k')
title ('Variable SS3Y1'~')
ylabel ( '\ font size {8) SS3YA' )
xlabel ('\forltsize{8}discr.ete time, k')

subplotI8,2,5); plotlk,SS3iXB, 'k')
ti tle ( "Se ns i ti vi tv Eunc ti.on .sS3i~B')
ylabel ( ! \fontsize{ ti} SS3i{~B')
xlabel ( ! d'i sc.re t;e time, k ' )

subplot 18,2,6); plot Ik, SS3muA, 'k' )
ti tle ( •Sena i.ti vi ty function SS3ffiuF.')
ylabel ( ! \. font size {~}SS3wuP.' )
xlabel ( , \f ontsize f 8} dá s c re t e time, k ' )

subplot(8,2,7); plot(k,SS3muH,'k')
title t ' Se ns a t.Lvdt y f unc't Lon SS3muH ')
ylabel ( 'Yr ont.s i.ae {B} SS3muH')
x Labe L ( ! dd s c re t.e time, k ' )

subplot 18,2,8); plot Ik, SS3KS, 'y_' )
ti tle ( "Sen sLti vi tv function SS3KS')
ylabel (' \fQnt~i.ze{ 1'3) $$31\$' )

x Labe I ( I dl sc r et.e time, k ' )

subplot (8,2,9); plot (k, SS3KOH,'}:' )
ti t.Le ( "sens t t..i vi tv tunet Ion SS3KOH')
ylabel (' vfon t.s Lae (S} SS3KOFl')
xlabel ( , \fontsize {8 icu.sc rer.e t Ime ( k ' )

subplot (8, 2,10); plot (k, SS3KNO,'}:' )
t'Lt Le t t Sens t t.i v l t y function SS:~KNO')
ylabel ( '\£ontsi::.e (ij) SS3ENO' )
x Labe L( '\ tontsi.ze {il} c.t sc rct e ti.me, -,: )

subplot(8,2,11); plot(k,SS3KNH, I}:')
title (' Sen.s i.t.av i t y f unc t Lon SS3KNH')
ylabel (' \fontsi:::e (8 iSS3ENH ')
xlabel ( "x rcnt s i ce [lj) da.s c.re t.e time .r.: )

subplot(8,2,12); plot(k,SS3KOA, '}:')
title (' sens i t ivt ty funct.Lon SS3,K01',.')

ylabel ( I 'ircnt size {8} SS3KOP.')
xlabel ('\font5iv.~{8}discn~:te time, v:')

subplot(8,2,13); plot (k,SS3etag, 'k')
title (' Sensitivity function SS3etag')
ylabel ( '\ f orrt sf.ze {e} S'S'Se t aq ' )
xlabel ( ! 'itcrrt s Lae 1.8) oiscre te 't i.me , k ' )

subplot (8, 2, 14); plot (k, SS3etah, •k')
title (' s ensi.r.i.v it v function SS3etah f)

ylabel (' \fontsi.ze {(1} s s aet.an ' )
xlabel (' vront s Lze t aj ctiscrct.e til'I;Le,}';:')

subplot (8, 2,15); plot (k, SS3Kh, 'k' )
title (' Sen s Lt.Lvi tv function SS3Kh')
ylabel (' \fontsize-j ti) :-:;S3Kh')
xlabel ( "vf'orrt s Lze {13} d.l.ac.r e t.e time,}'~')

subplot(8,2,16); plot(k,SS3Kx, '%')

title ( function SS3K:r.')
ylabel ( , 8) SS3Kx I)

xlabel (' 'vr cnc sLae (8 j dds cr-et.e t.:i.me, k' )

~Graphs for the sensitivity fUIlctions for SS in the tank 4
figure (14)
subplot 18, 2, 1) ;plot Ik, SS4, 'k')
title (' Process ve riebLe SS4')

ylabel I ' s së ' )
k' )

subplot 18,2,2); plot Ik, SSH, 'l:' )
t.Lt ï.e t t sens i tav i tv funct i.on S54£')
ylabel ('\fonts.i.z.f.;~{.fj}SS4f')
xlabel ( '\. font size {8} d.is c re t.e tinte. k' )

subplotI8,2,3); plotlk,SS4YH, 'k')
title t tve r.i ac.ï e SS4YH')
ylabel ( '\fonts.ize {(1) ~~E:;4YH' )
x Labe L ( "Vf on t sLz e {B} discrete 't i.me , };")

subplot (8, 2,4); plot (k, SS4YA, 'r..' )
ti tle L'Va ri ab Le SS4 YA' )
ylabel (' 'vf ont.s aze {8) SS4Yl ...' )
Klabel ( '\ font size {.8} di sere te t.á.rne , k' )

subplot (8, 2, 5); plot (k, SS4iXB, •%')

title ( "Sens.iti.v it y function SS4 :LXB!)
ylabel {"vfont sLae {8} SE:;4iXB')
xlabel('discr:ete t i.mev k ")

subplot(8,2,6); plot(k,SS4rnuA, ''t')
title( "aensLr.i.vit v func t i.on SS4rrnJA')
ylabel (' \font.si::e {8} [~;S4mtL""")
Klabel (' vr ont s iae {8 j das cr-et.e t:i.me,}':,')

subplot(8,2,7); plot(k,SS4muH,''t')
title (' function SS4nmH')
ylabel (' SS4muH ')
xlabel ( "dd.s c r-et.e cime , k ' )

subplotIB,2,B); plotlk,SS4KS, 'k')
ti tle ( SS4KS' )
ylabel I' , )
xlabel ( "d i.sc ret;e time, k ' )

subplotI8,2,9); plotlk,SS4KOH, 'k')
title( 'Sensitivity function SS4KOH')
ylabel ( '\, ront.atce {8} SS4KOH ')
xLabe L ( "Vfonr.s i ce (8} discrete time, k ' )

subplotIB,2,lO); plotlk,SS4KNO, 'k')
title ('Sensitivity function SS"\KN()')
ylabel (' 'vf ont.s r ce {13} SS4KNO' )
xlabel ( , vf onr.s t ce (8} discrete time, k ' )

subplotI8,2,1l); plotlk,SS4KNH, '1:')
title( "Se ns Lt i vi.t.y funcr.Lon SS4Klm')

ylabel ( '\ t on t.e i c e {e} SS4KNH')
xlabel (I 'vfont.slc e {8) discrete t.tme , k' )

subplot(8,2,12); plot(k,SS4KOA, 'k')
ti t.Le ( "Sen s t ti vi t.y funct.Lon SS4 KOP.')
ylabel ( '\.fonL,:i.ze {8} SS4KOA' )
x Labe L ( "Vfcnt.s Lce {8} discrete time, k ' )

subplot{8,2,l3); plot(k,SS4etag, 'k')
title ('Sensitivity f unct.Lon SS4etag')
ylabel ( '\ fontsize {S}SS4~~tag' )
x Labe I (' vf orir.s i ce I s j d is c i-e t e t.i.me, k')

subplot(8,2,14); plot (k,SS4etah, 'k')
title (' Sens I tivi.r.y fur.ct.Lon SS4et,ah')
yLebe L ( '\fontsi ze {8} SS4 e ta h ' )
x Labe L ( '\ tonts i ze {8} d.i.ac.r e t.e time, k ' )

subplot(8,2,15l; plot(k,SS4Kh, 'kl)
title (' senst t i.vi.t.y funct.i.cn SS4Y.h')
ylabel ('\:fontsize{8}SS4Kh')
xlabel {'\ fonta i ze {3}discrete 'ti.me , k ' )
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subplot(B,2,16); plot(k,SS4Kx, 'k')
title( 'Sensitivity function SS4Kx')
ylabel ( , \ fonts ize {e) SS4K:y.' )
x Labe L ( , \ Eont.s Lce {B) da sc r-et;e time, k ' )

ylabel('\faTltsize{B}SS5KS'1
x Labe L ( ! c i ec ret e time, kj)

¥Grapf for 't he sensitivity functions of' t.he va ri ë.LLe SNH in
t.he tank 5
figure (15)
subplot (B, 2,1) ; plot (k, SSS, 'k' )
title (' Process va r i ab.Le SS5')
ylabel ( '\fontsize{ 8) SS5' }
xlabel (' \fcntsize{B I d.i s c r e't e time k' )

subplot(8,2,9); plot (k,SS5KOH, 't.')
ti t.Le ( 'Sens! ti vi ty funct Lon SS5KOH')
ylabel (' Vf orrt.s f.z e {e} $:S~)KOH' )
x Labe L ( 1 \font size {B} df.ac re t.e time, y_' )

subplot(8,2,lO); plot (k,SS5KNO, 'k')
title( "Sens.i t.t.v it y function SSSKNO!)
ylabel ( '\fonts.ize {8} ~;Ë:5KNO ')
xlabel ( '\fontsize {f3} d.I s c r e t.e time_,}':')

subplot(B,2,2); plot(k,SSSf, 't')
title (' Sensitivitv function SSS£')
ylabel ( '\fontsize{ 8} SS5f' )
xlabel ( . \ f-crrt s Lze {8} d.i.s c r-e't e t..ime,·k')

subplot(8,2,11); plot (k,SS5KNH, 'l:.')
ti tle ( "Ser.s i.t.Lv i ty function SS5KN'"ri')
ylabel (' 'vf o n t.s á c e [e 1 SS5KNH' )
xlabel ( '\ font size f. 8} cj.se re te t.Lme , y~' )

subplot(B,2,3); plot(k,SSSYR, 'r,')
ti t.Le ( 'Variable SS5YB' )
ylabel ( "vf'on t sf.z e {8) SS5YH')
xlabel ( I \ fontsize {8} discrete time, k' )

subplot (B, 2,12) i plot (k, SSSKOA,'k' )
title (' aensi t.t.v tt y f unc t i.on SS5KOh')
ylabel ( "Vfont.s f Z(: (8) SS5KDA '}
xlabel (' vr ont s Lze t e j cns cr-e t.e t.Lme , 1-:.')

sUbplot(B,2,4); plot (k,SS5YA, 't')
title t ive r i eo.ï.e SS5YA')
ylabel ( '\ f on t sLae {8} ~;S5YA' )
xlabel (' \fontsi.ze{8 j d.i sc ret e time, k')

subplot(8,2,13); plot (k,SSSetag, '}:')
title (' Sen .sj.t.Lv Lt y runc raon SS5eta~I')
ylabel (' vr cnrs i ce {8) s s Se.tac ' )
xlabel (' \fonts.i.ze{ 8 ld.is c r e t.e time, k')

subplot{8,2,5); plot(k,SS5iXB, 'k')
title( 'Sensitivity function SS5iXB')
ylabel ( "Vf on t.s Lc e (8) ~)SSi>:B' )
xlabel ( 'di sc r et.e time Ik' )

subplot (B, 2,14); plot {k , SSSetah, 'l:')
title (' Sens Lt.Lv Lt y function SS5et>:ih')
ylabel ( , \ font-size {t:) SS5etah 1 )

xlabel (' vf onr.sa ce {e 1 di s c i-e't e time, k' )

subplot (8, 2,6); plot (k, SS5muA, '1-:.')
ti t.Le ( "sens t t.i vi tv function SS5muA')
ylabel ( '\ fontsi:::e -(8 J SS~lmuA' )
xlabel ( I 'vf'orrt s Lz e {8}discrete t.ime,}:')

subplot(B,2,lS); plot (k,SSSKh, 'k')
title( "Sens a.ti.v it y function SS5Kh')
ylabel (' vfcn t.s f.ce {8} SSSKl"J! )
x Labe I ( "Vfont.s Lc e {8) discrete t Lme, k')

subplot(B,2,7); plot(k,SSSmuH, 'J:')
title (' Sensiti vj.t y function SS5muH')
ylabel ( 'Yr ont s t ce (8l SS5muH ')
xlabel ('discrete time, k')

subplot(B,2,16); plot(k,SS5Kx, 'k')
t i t ï e t t sens tt ivi ty funct.Lon ~iS5Kx')
ylabel (' \ fo nt.ai ze {S I SS':·y,_z' )
xlabel (' 'vf cn t.s Lc e [8} discrete t i.me , k ' )

subplot (8,2,8); plot (k, SSSKS, "k ' )

ti tie ( "Se ns L t.i. vi ty function SS5K~:;')

2. Subprogram
%SUBPROGRl'.M rateFISMl. m
'tAIM:The program function rateASr.n.m calculates the process rates, der i vati ves of the process
rates t.owar ds t.he model parameters and variabl.es and. forms the seris it i.v i.t y model matri.ces
necessary for simulation of the process va ri ab Le s and the sensi ti vi ty functions for the BenchInark
process based on the reduced ASMl biological model.
%The program uses global definition of the mod.el. parameters

function [ROASM1,AS,BS,CS,DS] =rateASM1(Xk,Uk,XBHk,XBAk,XSk,DT,All,A15,A21,A22,A32,A33,A43,A44,A54,A55,B1,Cn)
:'!'Calculatioll of t.he prc,C8SS rates at every moment of the time

global Ks KOHKNOKNHKOAKx muH etag muA Kh etah iXB YH YA

cPr-oce s ë r e t e s fer ever-y tank
ROASMl (1) ~muR* (Xk (3) I (Ks+Xk(3))) * (Uk (1) I (KOR+Uk(l))) *XBRk(l);
ROASM1(2)~muR* (Xk(3)1 (Ks+Xk(3)))* (KOHl (KOR+Uk(l)))* (Xk(2)/(KNO+Xk(2)) )*etag*XBRk(l);
ROASMl (3) ~muA* (Xk (1) I (KNH+Xk (1))) * (Uk (1) I (KOA+Uk Il))) *XBAk(l) ;xl~XSk (1) IXBHk (1) ;
ROASMl (4) ~Kh*XBRk (1) * (xli (Kx+xl) ) * ( (Uk (1) I (KOR+Uk (1) ) ) +etah* IKORI (KOR+Uk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) ) ;

ROASM1 (5) =mufi" (Xk (6) I (Ks+Xk (6) ) ) * (Uk (2) I (KOH+Uk (2) ) ) *XBRk (2) ;
ROASMl (6) "'ffiuR* (Xk (6) I (Ks+Xk (6) ) ) * (KORI (KOR+Uk (2) ) ) * (Xk (5) I (KNO+Xk (5) ) ) *etag*XBHk (2) ;
ROASMl (7) =muê.e (Xk (4) I (KNR+Xk (4))) * (Uk (2) I (KOA+Uk (2))) *XBAk (2) ;xl~XSk (2) IXBHk(2);

ROASMl (B) ~Kh*XBRk (2) * (xli (Kx+xl) ) * ( (Uk (2) I (KOH+Uk (2) ) ) +etah* (KORI (KOR+Uk (2) ) ) * (Xk (5) I (KNO+Xk (5) ) ) ) ;

ROASMl (9) =rnuft" (Xk (9) I (Ks+Xk (9) ) ) * (Uk (3) I (KOR+Uk (3) ) ) *XBRk (3) ;
ROASM1 (10) =mu+l+ (Xk (9) I (Ks+Xk (9) ) ) * (KOHl (KOR+Uk (3) ) ) * (Xk (B) I (KNO+Xk (B) ) ) *etag*XBRk (3) ;
ROASMl (11) "'ffiuA* (Xk (7) I (KNH+Xk (7) ) ) * (Uk (3) I (KOA+Uk (3) ) ) *XBAk (3) ;x1~XSk (3) IXBRk (3) ;
ROASMl (12)~Kh*XBHk (3) * (xli (Kx+x Ll ) * ((Uk (3) I (KOH+Uk(3)) )+etah* (KORI (KOR+Uk(3))) * (Xk(B) I (KNO+Xk(B))));

ROASMl (13)~muH* (Xk (12) I (Ks+Xk (12)) ) * (Uk (4) I (KOH+Uk (4))) *XBHk(4);
ROASM1(14)~muR* (Xk(12)/(Ks+Xk(12)) )*IKOHI (KOR+Uk(4)))* (Xk(l1)1 (KNO+Xk(ll)) )*etag*XBRk(4);
ROASMl (15) =muê.e (Xk( 10) I (KNH+Xk(lO))) * (Uk (4) I (KOA+Uk (4))) *XBAk (4) ;xl~XSk (4) IXBRk (4);
ROASMl (16) ~Kh*XBRk (4) * (xli (Kx+x1) ) * ( lUk (4) I (KOR+Uk (4) ) ) +etah* (KORI (KOR+Uk (4) ) ) * (Xk (11) I (KNO+Xk (11) ) ) ) ;

ROASM1 (17) -mux- (Xk (15) I (Ks+Xk (15) ) ) * (Uk (5) I (KOR+Uk (5) ) ) *XBHk (5) ;
ROASMl (lB) =rnufi " (Xk (15) I (Ks+Xk (15) ) ) * (KORI (KOR+Uk (5) ) ) * (Xk (14) I (KNO+Xk (14) ) ) *etag*XBRk (5) ;
ROASM1(19)~muA* (Xk(13)/(KNH+Xk(13)))* (Uk(S)1 (KOA+Uk(S)) )*XBAk(S) ;x1~XSk(S) IXBRk(S);
ROASM1(20)~Kh*XBRk(5)* (xli (Kx+xl) )*1 (Uk(5)/(KOR+Uk(5)) )+etah* (KOHl IKOR+Uk(5) ))* (Xk!14!1 (KNO+Xk(14))));
ROASM1~ [ROASMl (1) ROASM1 (2)"--ROASMl (3) ROASMl (4) ROASMl (5) ROASMl (6) ROASMl (7) ROASMl (B) ROASM1 (9) ROASMl (10) ROASMl (11) ROASMl (12)
ROASMlI13) ROASMl (14) ROASMl (15) ROASMlI16) ROASMl (17) ROASMl (lB) ROASMl (19) ROASMl (20) ) ' ;

e Ce Lcu La t i.ons for t.he Serrs Lt i v i t y Ana l ysLs
:; ce ï cue i er i on of t.he de r Lva t.Lve s or the process ra t.es toward the p.r cce ss ve ri.e b Ies f o r the 'I'e nk

rSNH1SNH1~- (iXB+l/YA) *muA*XBAk (1) * (Uk (1) I (KOA+Uk (1) ) ) * (KNHI (KNH+Xk (1) ) '2) ;
rSNR1SN01~-iXB*muR* (Xk (3) / (Ks+Xk (3) ) ) * (KORI (KOR+Uk (1) ) ) *XBHk (1) * etag* (KNOl (KNO+Xk (2) ) '2) ;

rSNR1SS1~-iXB*muR*XBHk (1) * (Uk (1) I (KOR+Uk (1) ) ) * IKsl (Ks+Xk (3) ) '2) ;
rSN01SNR1~ (11YA) *muA*XBAk (1) * (Uk (1) I (KOA+Uk (1) ) ) * (KNHI (KNH+Xk (1) ) '2) ;
rSN01SN01~- ( (l-YH) 12. 86··YH) 'XBRk (1) *muH*etag* (Xk (3) I (Ks+Xk (3) ) ) * (KOHl (KOH+Uk (1) ) ) * (KNOl (KNO+Xk (2) ) '2) ;
rSN01SS 1~- ( (l-YR) 12, B6*YH) *XBRk (1) *muR*etag* (KORI (KOR+Uk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) * (Ksl (Ks+Xk (3) ) '2) ; rSS1SNH1~0;
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rSS1SN01~-
11/YH) *rnuH* IXk (3) I IKs+Xk (3) ) ) *Kh*etah* I IXSk I 1) IXBHk I 1)) I IKx+ IXSk Il) IXBHk I 1) ) ) ) *XBHk (1) * IKOHI IKOH+Uk Il) ) ) * IKNOI IKNO+Xk (2) ) "2) ;
rSS1SS1~- I l/YH) *rnuH*XBHk Il) * I lUk I 1) I IKOH+Uk I 1) ) ) + IXk (2) I IKNO+Xk (2) ) ) * IKOHI IKOH+Uk Il) ) ) ) * IKsl IKs+Xk (3)) ) ;
;;" Ca Lcu Le t.Lcn of the ce.r avatt ves of the process Tates towar d t.t,e pr cce ss ve.r Labl.e s for the Tank 2
rSNH2SNH2~- liXB+1/YA) *rnuA*XBAk (2) * lUk (2) I IKOA+Uk (2) ) ) * IKNHI IKNH+Xk (4) )"2) ;
rSNH2SN02~-iXB*rnuH* IXk (6) I IKs+Xk (6) ) ) * IKOHI I KOH+Uk (2) ) ) *XBHk (2) *etag* IKNOI IKNO+Xk 15) ) "2) ;
rSNH2SS2~-iXB*rnuH*XBHk (2) * lUk (2) I IKOH+Uk (2) ) ) * IKs I IKs+Xk I 6) ) "2) ;
rSN02SNH2~ 111YA) *rnuA*XBAk (2) * (Uk (2) I IKOA+Uk (2) ) ) * IKNHI IKNH+Xk I 4) ) '2) ;
rSN02SN02~- I I l-YH) 12. 86*YH) *XBHk (2) *rnuH*etag* IXk I 6) I IKs+Xk I 6) ) ) * IKOHI IKOH+Uk (2) ) ) * IKNOI IKNO+Xk 15) ) "2) ;
rSN02SS2~- I I l-YH) 12. 86*YH) *XBHk (2) *rnuH*etag* IKOHI IKOH+Uk (2) ) ) * IXk (5) I IKNO+Xk (5) ) ) * IKsl IKs+Xk (6) ) '2) ; rSS2SNH2~O;
rSS2SN02=-
I l/YH) *rnuH* IXk (6) I IKs+Xk I 6) ) ) *Kh*etah* I IXSk (2) IXBHk (2) ) I IKx+ IXSk (2) IXBHk (2) ) ) ) *XBHk (2) * IKOHI IKOH+Uk (2) ) ) * IKNOI IKNO+Xk IS) ) '2) ;
rSS2SS2~- I l/YH) *rnuH*XBHk (2) * I lUk (2) I IKOH+Uk (2) ) ) + IXk (5) I IKNO+Xk (5) ) ) * IKOHI IKOH+Uk (2) ) ) ) * IKsl IKs+Xk I 6) ) ) ;
,,'.Calculation of the de.rivati ves cf the process r at.c e t.cwer d t.he process ve.rLabLes for the Tank 3
rSNH3SNH3~- liXB+1/YA) *rnuA*XBAk (3) * lUk (3) I IKOA+Uk (3) ) ) * IKNHI IKNH+Xk (7) ) "2) ;
rSNH3SN03~-iXB*muH* IXk (9) I IKs+Xk (9) ) ) * IKOHI IKOH+Uk I 3) ) ) *XBHk (3) *etag* IKNOI IKNO+Xk (8) ) '2) ;
rSNH3SS3~-iXB*muH*XBHk (3) * lUk (3) I IKOH+Uk (3) ) ) * IKs I IKs+Xk I 9) ) "2) ;
rSN03SNH3= 111YA) *rnuA*XBAk (3) * lUk (3) I IKOA+Uk I 3) ) ) * IKNHI IKNH+Xk (7) ) "2) ;
rSN03SN03~- I I l-YH) 12. 86*YH) *XBHk (3) *rnuH*etag* IXk I 9) I IKs+Xk I 9) ) ) * IKOHI IKOH+Uk (3))) * IKNOI IKNO+Xk (8) ) '2) ;
rSN03SS3=- I (l-YH) 12. 86*YH) *XBHk (3) *rnuH*etag* IKOHI IKOH+Uk (3) ) ) * IXk I 8) I IKNO+Xk I 8) ) ) * IKsl IKs+Xk (9) ) "2) ; rSS3SNH3=O;
rSS3SN03~-
11/YH) *muH* IXk I 9) I IKs+Xk (9))) *Kh*etah* I IXSk I 3) IXBHk (3) ) I IKx+ IXSk (3) IXBHk (3) )) ) *XBHk (3) * IKOHI IKOH+Uk (3) )) * IKNOI IKNO+Xk (8) ) "2) ;
rSS3SS3=- I l/YH) *rnuH*XBHk (3) * I lUk (3) I IKOH+Uk (3) ) ) + IXk (8) I IKNO+Xk (8) ) ) * IKOHI IKOH+Uk (3) ) ) ) * IKsl IKs+Xk I 9) ) ) ;
:i. CeLcu Le t.Lon of t.he de r Lve t i ves of tbc process rates t.owa r-d t.he process ve r Lab Le s for the Tank 4
rSNH4SNH4~- liXB+1/YA) *rnuA*XBAk (4) * lUk (4) I IKOA+Uk (4) ) ) * IKNHI IKNH+Xk (10) )"2) ;
rSNH4SN04=-iXB*rnuH* IXk (12) I IKs+Xk I 12) ) ) * IKOHI IKOH+Uk (4) ) ) *XBHk (4) *etag* IKNOI IKNO+Xk I 11) )' 2) ;
rSNH4SS4=-iXB*muH*XBHk (4) * (Uk (4) I IKOH+Uk (4) ) ) * IKsl IKs+Xk I 12) ) '2) ;
rSN04SNH4~11/YA)*rnuA*XBAkI4)* IUk(4)/IKOA+UkI4)))* IKNHI IKNH+XkllO) )"2);
rSN04SN04~- I I 1-YH) 12. 86*YH) *XBHk (4) *rnuH*etag* IXk I 12) I IKs+Xk I 12) ) ) * IKOHI IKOH+Uk (4) ) ) * IKNOI IKNO+Xk Ill) ) '2) ;
rSN04SS4~- I (l-YH) 12. 86*YH) *XBHk (4) *muH*etag* (KOHl IKOH+Uk (4) ) ) * IXk I 11) I IKNO+Xk I 11) ) ) * IKsl (Ks+Xk I 12) ) "2) ; rSS4SNH4~0;
rSS4SN04~-
I 1/YH) *muH* IXk I 12) I IKs+Xk I 12) ) ) *Kh*etah* I IXSk (4) IXBHk (4) ) I IKx+ IXSk (4) IXBHk (4) ) ) ) *XBHk I 4) * IKOHI IKOH+Uk (4) ) ) * IKNOI IKNO+Xk I 11) ) '2) ;
rSS4SS4=-11/YH)*rnuH*XBHkI4)*( IUk(4) I IKOH+Uk(4)) )+IXklll)/(KNO+Xklll)))*IKOH/IKOH+UkI4)) ))*IKsl IKs+Xk(12)));
t; Calculation of the de r Lve t i.ve s cf the process rates t owar-d the- process ve r Lab Le s for 'the Tank
rSNH5SNH5=- (iXB+l/YA) *muA*XBAk (5) * (Uk (5) / (KOA+Uk (5) ) ) * (KNHI (KNH+Xk (13) ) '"'2) ;

rSNH5SN05~-iXB*rnuH* IXk I 15) I IKs+Xk I 15) ) ) * IKOHI IKOH+Uk I 5) ) ) *XBHk (5) *etag* (KNOl IKNO+Xk I 14) ) "2) ;
rSNH5SS5~-iXB*muH*XBHk (5) * lUk (5) I IKOH+Uk (5) ) ) * IKsl IKs+Xk I 15) ) "2) ;
rSN05SNH5~ 111YA) *muA*XBAk 15) * lUk IS) I IKOA+Uk IS) )) * (KNHI IKNH+Xk I 13)) '2) ;
rSN05SN05=- I I 1-YH) 12. 86*YH) *XBHk 15) *muH*etag* IXk I 15) I IKs+Xk I 15) ) ) * IKOHI IKOH+Uk 15) ) ) * IKNOI IKNO+Xk I 14) ) '2) ;
rSN05SS5=- I I 1-YH) 12. 86*YH) *XBHk IS) *muH*etag* IKOHI IKOH+Uk (5) ) ) * IXk (14) I IKNO+Xk I 14) ) ) * IKsl IKs+Xk I 15) ) '2) ; rSS5SNH5=0;
rSS5SN05=-
11/YH)*muH* IXk(15)1 IKs+Xk(15)) )*Kh*etah* I IXSk(5)/XBHkI5))1 IKx+IXSk(5) IXBHk(5))) )*XBHkI5)* IKOHI IKOH+Uk(5)) )*IKNO/IKNO+XkI14) )"2);
rSS5SS5=- I l/YH) *muH*XBHk IS) * I lUk 15) I IKOH+Uk I 5) ) ) + IXk (14) I IKNO+Xk (14) ) ) * IKOHI IKOH+Uk I 5) ) )) * IKsl (Ks+Xk I 15) ) ) ;

'" CeLcu l e t.Lon of the de r dve t ives of the process r-et e s t.owe r d t.he process pe xerne t e r YH for the t.enk 1.
rSNHlf=O. 0; rSNOlf=O. 0; rSSlf=O. 0; rSNHl YH~O;
rSN01YH~-muH*etag*XBHk I 1) * IXk (3) I IKs+Xk (3) ) ) * IKOHI IKOH+Uk I 1) ) ) * IXk (2) I IKNO+Xk (2) ) ) * 11/2. 86*YW2) ;
rSSl YH~ 11/YW2) *muH*XBHk (1) * (Xk (3) I IKs+Xk (3) ) ) * I lUk I 1) I IKOH+Uk Il) ) ) + IXk (2) I IKNO+Xk (2) )) * IKOHI IKOH+Uk I 1))) ) ;
" Calculation of the derivatives o f the process rates t.cwa r d t.he process pe reraere r 'fA for the tan): 1
rSNHl YA~ I l/YA'2) *muA* lUk Il) I IKOA+Uk I 1) ) ) * IXk I 1) I IKNH+Xk I 1))) *XBAk (1) ;
rSN01 YA=- 11/YA'2) *muA* lUk Il) I IKOA+Uk I 1) ) ) * IXk I 1) I IKNH+Xk I 1)) ) *XBAk I 1) ; rSSlYA=O;
:1,: Calculation o f the de r Lva t.Lve s of the process rar.es toward the p r oce s s pa rame t.e.r i~~B tor tbc tank 1
rSNHliXB=-muH*XBHk I 1) * IXk (3) I IKs+Xk (3) ) ) * I lUk I 1) I IKOH+Uk I 1) ) ) + IXk (2) I IKNO+Xk (2)) ) * IKOHI IKOH+Uk I 1) ) ) *etag)-
muA* lUk Il) I IKOA+Uk Il) ) ) * IXk Il) I IKNH+Xk Il) ) ) *XBAk (1) ; rSNOliXB~O; rSS liXB~O;
'., CaLcu Let.Lon of the de r Lva t ive s of the pz-cce s s rates toward t.he process pe rame t.e r mul\. f o r: t.b e tank I
rSNHlmuA~- liXB+1/YA) * lUk I 1) I IKOA+Uk I 1) ) ) * IXk Il) I IKNH+Xk Il) ) ) *XBAk I 1) ;
rSNOlmuA= 111YA) * lUk I 1) I IKOA+Uk (1) ) ) * IXk Il) I IKNH+Xk I 1) ) ) *XBAk Il) ; rSSlmuA=O;
,; Calculation of the derivatives of the p r-oce ss re.t.e s t.or ...-er d t.he p r ocee s ne rerne t.er mnR for the tank]
rSNHlmuH~-iXB*XBHk Il) * (Xk (3) I IKs+Xk (3) ) ) * I lUk I 1) I IKOH+Uk I 1) ) ) +etag* IXk (2) IKNO+Xk (2) ) ) * IKOHI IKOH+Uk I 1) III ;
rSNOlmuH~- I I 1-YH) 12. 86*YH) *XBHk I 1) * IXk (3) I IKs+Xk I 3) ) ) * IKOHI IKOH+Uk I 1) ) ) * IXk (2) I IKNO+Xk (2) ) ) ;
rSSlmuH=- I l/YH) *XBHk I 1) * IXk (3) I (Ks+Xk (3) ) ) * I lUk I 1) I IKOH+Uk (1) ) ) + IXk (2) I IKNO+Xk (2) ) ) * IKOHI IKOH+Uk I 1) ) ) ) ;
~ Calculation of the de r Lvat.i ves of the process rates t owa rd the process pe.r-ame t.e r KS for t he tank 1.
rSNH1KS~iXB*muH*XBHk I 1) * IXk (3) I IKs+Xk (3) ) '2) * I lUk Il) I IKOH+Uk I 1) ) ) +etag* IXk (2) I IKNO+Xk (2))) * IKOHI IKOH+Uk I 1) ) ) ) ;
rSN01KS~1 Il-YH) 12.86*YH)*XBHkll)*rnuH* IXk(3) I IKs+Xk(3))) * (KOHl (KOH+Ukll) ) )*IXkI2)/IKNO+XkI2)) )*etag;
rSS1KS~ I 1/YH) *rnuH*XBHk Il) * IXk (3) I IKs+Xk (3) ) '2) * I lUk Il) I IKOH+Uk I 1) ) ) + IXk (2) I IKNO+Xk (2) ) ) * IKOHI I KOH+Uk I 1))) ) ;
~ CaLcu I e t.Lcn of. the de r Lve t ive s of the pr oce s s r at.e e t.owa r-d t he process pe r ame t.e r KOH f o r the tank
rSNH1KOH~iXB*muH*XBHkll) *IXk(3)/IKs+XkI3) ))* IUkll)1 IKOH+Ukll) )A2)* Il-etag* IXk(2) I (KNO+XkI2) )));
rSN01KOH~- I I 1-YH) 12. 86*YH) *XBHk I 1) *muH* IXk (3) I IKs+Xk (3) ) ) * lUk I 1) I IKOH+Uk Il) ) A2) * IXk (2) I IKNO+Xk (2) ) ) ;
rSS1KOH~ I l/YH) *muH*XBHk I 1) * IXk (3) I IKs+Xk (3) ) ) * lUk Il) I IKOH+Uk I 1)) A2) * Il-
IXk (2) I IKNO+Xk (2)))) +Kh*XBHk Il) * I IXSk Il) IXBHk Il)) I IKx+ IXSkil) IXBHk (1)))) * lUk Il) I IKOH+Ukll)) A2) * I-l+etah* IXk(2) I IKNO+Xk (2))));

',>, CaLcu l e t.Lon of the de r Lva t i ve s o f the proc e s s r a t.e s t.ov .saz d the process pe.r emet e r- KNO for the t.e.nk 1
rSNH1KNO~iXB*rnuH"XBHkll)*etag* IXk(3)1 IKs+Xk(3)))* IXk(2)1 IKNO+Xk(2))A2)* IKOH/IKOH+Uk(1)));
rSN01KNO~ I I l-YH) 12. 86*YH) *muH*XBHk I 1) *etag* IXk (3) I IKs+Xk (3) ) ) * IXk (2) I IKNO+Xk (2) ) A2) * IKOHI IKOH+Uk 11) ) ) ;
rSS1KNO~ I l/YH) *muH*XBHk I 1) * IXk (3) I IKs+Xk (3) ) ) * IXk (2) I IKNO+Xk (2) ) '2) * IKOHI IKOH+Uk (1)))-
Kh*XBHkll) *etah* I IXSk Il) IXBHk Il)) I IKx+ IXSkil) IXBHk Il)))) * IXk (2) I IKNO+Xk(2)) A2) * IKOHI IKOH+Uk Il)) );

CeLcu La t Lcn of t.he dezLva't ives of the process rates t.owar-d the process pa r amete r KNHfor the t.anl; 1
rsNH1KNH~ liXB+1/YA) *muA* lUk I 1) I IKOA+Uk I 1) ) ) * IXk (1) I IKNH+Xk I 1) ) ) *XBAk I 1) ;
rsN01KNH=- 111YA) *muA* lUk Il) I IKOA+Uk I 1) ) ) * IXk Il) I IKNH+Xk Il))) *XBAk (1) ; rSS1KNH=0;
1, CeLcu Let i on of the de r i.ve.t.Lves of the p rcce s a r-e.t.es t.owe xd the p.r oc e s s pa r-emet er t-\OI'~for the tank J
rSNH1KOA~ liXB+1/YA) *muA* lUkil) I IKOA+Ukll)) A2) * IXkll) I IKNH+Xkll))) *XBAk(1);
rSN01KOA~- 111YA) *muA* lUk Il) I IKOA+Uk Il) ) A2) * IXk Il) I IKNH+Xk I 1)) ) *XBAk (1) ; rSslKOA=O;
!.: CaLcu l e t f on of the de r Lve t.Lve s of the p roce s s r a t.e s toward t.he pr-ooe s s pe r.amet.e r e taq fOI: t.he t.e nk 1.
rSNHletag~-iXB*muH* IXk (3) I IKs+Xk (3) ) ) * IXk (2) I IKNO+Xk (2) ) ) * IKOHI IKOH+Uk I 1) ) ) *XBHk Il) ;
rSNOletag~- I I l-YH) 12. 86*YH) *muH* IXk (3) I IKs+Xk (3) ) ) * IXk (2) I IKNO+Xk (2) ) ) * (KOHl IKOH+Uk 11) ) ) *XBHk I 1) ; rsSletag~O;
1, Calculation of the ce r tvat.r.ve s of t.ne process re t.e s t.owe r d the process parameter e t.ah for the t.an k J
rSNHletah=O; rSNOletah=O:
rSS1etah~Kh* I IXSkll)/XBHkll))1 IKx+(XSkll)/XBHkll))) )*IUkll)/IKOH+Ukll)))* IXk(2)/IKNO+XkI2) ))* IKOHI IKOH+Ukll)) )*XBHkll);
:~ Calculation of t he de r tver.t ves of the process r ar.e s-rt oward the process pe.ramet.e rXh for t he t.ank ]
rSNHIKh=Q; rSNOIKh=Q;
rSS1Kh~1 (xsx t i ) IXBHk(l) )/IKx+IXSkl1)/XBHkll))))* I IUkll)/IKOH+Ukll) ))+etah* IXk(2)/IKNO+XkI2) ))* IKOHI IKOH+Ukll))) )*XBHkl1);
'Z' Cë Lcu La t.Lon of the derivatives (Jf the. p rcce s s rates tOH~1:d t.he p roce e s pa ramet er K~ for the tank 1
rSNH1Kx=O; rSNOIKx=O;
rSS1Kx~-Kh* I lUk I 1) I IKOH+Uk I 1) ) ) +etah* IXk (2) I IKNO+Xk (2) ) ) * IKOHI IKOH+Uk Il) ) ) ) *XBHk I 1) * I IXSk Il) IXBHk I 1)) I IKx+ IXSk I 1) IXBHk Il) ) ) ) ;

:j, CeLcu.La't Lon of the de r i.va t.Lve a of the precess ra t.e s t.owa r d the process pe r ame t.er YB for t.he tank 2
rSNH2f~0. 0; rsN02f~0. 0; IsS2f~0. 0; rSNH2YH=0;
rSN02YH~-muH*etag*XBHk (2) * IXk (6) I IKs+Xk I 6) ) ) * IKOHI IKOH+Uk (2) ) ) * IXk (5) I IKNO+Xk (5) ) ) * 11/2. 86*YW2) ;
rSS2YH~ I 1/YW2) *rnuH*XBHk (2) * IXk (6) I IKs+Xk I 6) ) ) * I lUk (2) I IKOH+Uk (2) ) ) + IXk IS) I IKNO+Xk IS) ) ) * IKOHI I KOH+Uk (2) ) )) ;
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'f: Ce.LcuLat.Lon of t.he de rave.t Lve s of the p rcce se rates t.ower d the pnoce ss pe r'emet er YA for r.he tank
rSNH2YA~ (1/YAA2) *muA* (Uk (2) I (KOA+Uk (2) ) ) * (Xk (4) I (KNH+Xk (4) ) ) *XBAk (2) ;
rSN02YA~- (1/YAA2) *muA* (Uk (2) I (KOA+Uk (2))) * (Xk (4)1 (KNH+Xk (4) )) *XBAk (2) ; rSS2YA~O;
~\ Ca Lcu l e t.Lon of the derivatives of the process rates toward t.he process pa r ame t.e r JXB for the ta.nk ~,
rSNH2iXB~-muH*XBHk (2) * (Xk (6)1 (Ks+Xk (6))) * ( (Uk (2)1 (KOII+Uk (2) ) ) + (Xk (5)1 (KNO+Xk (5))) * (KOHl (KOH+Uk (2))) *etag)-

muA* (Uk (2)1 (KOA+Uk (2) ) ) * (Xk (4)1 (KNH+Xk (4) ) ) *XBAk (2) ; rSN02iXB~O; rSS2iXB~O;
'i: Cë.Lcul.a t.i on of the de r.ive.t.Lves of the process rates t.owe rd the process parameter mul~ for the tank 2
rSNH2mllA~- (iXB+1/YA) * (Uk (2)1 (KOA+Uk (2))) * (Xk (4)1 (KNH+Xk (4) ) ) *XBAk (2) ;
rSN02muA~ (11YA) * (Uk (2)1 (KOA+Uk (2))) * (Xk (4)1 (KNH+Xk (4))) *XBAk (2) ; rSS2muA~O;
)1 Ca.LcuLe t Lon of the derivat.i ves of" the process z-at.e s t cwa rd the process parameter muli for the t.ank 2
rSNH2muH~-iXB*XBHk (2) * (Xk (6)1 (Ks+Xk (6)) ) * ( (Uk (2)1 (KOH+Uk (2))) +etag* (Xk (5)1 (KNO+Xk (5))) * (KOHl (KOH+Uk (2)))) ;
rSN02muH~- ( (l-YH) 12. B6*YH) *XBHk (2) * (Xk (6) I (Ks+Xk (6))) * (KOHl (KOH+Uk (2))) * (Xk (5)1 (KNO+Xk (5))) ;
rSS2muH~- (l/YH) *XBHk (2) * (Xk (6) I (Ks+Xk (6) ) ) * ( (Uk (2)1 (KOH+Uk (2)) ) + (Xk (5) I (KNO+Xk (5))) * (KOHl (KOH+Uk (2)))) ;
l;; Calculation of the de r Lva t i ves of the process rates toward t.he process pe.r eme t.e r KS for the tan): 2
rSNH2KS~iXB*muH*XBHk (2) * (Xk (6)1 (Ks+Xk (6)) A2) * ((Uk (2)1 (KOH+Uk(2))) +etag* (Xk (5)1 (KNO+Xk (5))) * (KOHl (KOH+Uk (2))));
rSN02KS~ ( (l-YH)/2. B6*YH) *XBHk (2) *muH* (Xk (6)1 (Ks+Xk (6))) * (KOHl (KOH+Uk (2))) * (Xk (5) I (KNO+Xk (5))) *etag;
rSS2KS~(1/YH)*muH*XBHk(2)* (Xk(6)1 (Ks+Xk(6))A2)* ((Uk(2) I(KOH+Uk(2)))+(Xk(5) I(KNO+Xk(5)))* (KORI (KOR+Uk(2))));
., Ce.LcuLa t.d on of the de rive.t i.ves of. the process rates t.owerd t.he pncce es per-ernet er EOH for t.he t ank 2
rSNH2KOH~iXB*muH*XBHk (2)' (Xk (6) I (Ks+Xk (6))) * (Uk (2) I (KOH+Uk (2)) A2) * (l-etag* (Xk (5) I (KNO+Xk (5)))) ;
rSN02KOH~- ( (1-YH)/2. B6*YH) *XBHk (2) *muH* (Xk (6) I (Ks+Xk (6))) * (Uk (2) I (KOH+Uk (2)) A2) * (Xk (5)1 (KNO+Xk (5))) ;
rSS2KOH~ (l/YH) *muH*XBHk (2) * (Xk (6) I (Ks+Xk (6)) ) * (Uk (2)1 (KOH+Uk (2) ) A2) * (1-
(Xk (5) I (KNO+Xk (5) )) ) +Kh*XBHk (2) * ( (XSk (2) IXBHk (2)) I (Kx+ (XSk (2) IXBHk (2) )) ) * (Uk (2) I (KOH+Uk (2)) A2) * (-l+etah* (Xk (5) I (KNO+Xk (5) )) ) ;

\: CeLcuLat.Lon of the derivatives of the process rates t.cvarc t.he process parameter KNOfor the tank ~
rSNH2KNO~iXB*muH'XBHk (2) *etag* (Xk (6) I (Ks+Xk (6)) ) * (Xk (5) I (KNO+Xk (5) ) A2) * (KOHl (KOH+Uk (2) )) ;

rSN02KNO~ ( (1-YR)/2. 86*YH) *muR'XBHk (2) *etag* (Xk (6) I (Ks+Xk (6) )) * (Xk (5) I (KNO+Xk (5)) '2) * (KOHl (KOH+Uk (2))) ;
rSS2KNO~ (l/YH) *muH*XBHk (2) * (Xk (6) I (Ks+Xk (6))) * (Xk (5) I (KNO+Xk (5)) A2) * (KOHl (KOH+Uk (2)))-
Kh*XBHk (2) *etah* ( (XSk (2) IXBHk (2)) I (Kx+ (XSk (2) IXBHk (2)) )) * (Xk (5) I (KNO+Xk (5) ) A2) * (KOHl (KOH+Uk (2))) ;

f Cë.Lcu l.a t.I on of the deriva.tives of the process r at es t.o, ..ar:d t.he pz-oce s s parameter KHH for t.he tank 2
rSNH2KNR~ (iXB+l/YA) *muA* (Uk(2)1 (KOA+Uk (2))) * (Xk (4) I (KNH+Xk(4))) *XBAk (2);
rSN02KNH~- (11YA) *muA* (Uk (2)1 (KOA+Uk (2)) ) * (Xk (4) I (KNH+Xk (4) ) ) *XBAk (2) ; rSS2KNH~O;
~ Calculation of the derivatives of t.he prcce.s s r at.es toward the process pe r eme t.e r KOAfor the lank 2
rSNH2KOA~ (iXB+1/YA) *muA* (Uk (2) I (KOA+Uk (2)) A2) * (Xk (4) I (KNH+Xk (4))) *XBAk (2) ;
rSN02KOA~- (11YA) *muA* (Uk (2) I (KOA+Uk (2)) A2) * (Xk (4) I (KNH+Xk (4))) *XBAk (2) ; rSS2KOA~O;
~: CaLcuLat.Lonof t.he derLva't i ve s {Jf the process r et es t cwa.rd t.he process pa ramet e r- etaq f or t he tanl; 2
rSNH2etag~-iXB*muH* (Xk (6) I (Ks+Xk (6))) * (Xk (5) I (KNO+Xk (5))) * (KOHl (KOR+Uk (2))) *XBHk (2) ;
rSN02etag~- ( (l-YH) 12. B6*YH) *muH* (Xk i6) I (Ks+Xk (6))) * (Xk (5) I (KNO+Xk (5)) ) * (KOHl (KOH+Uk (2))) *XBHk (2) ; r s sze t aq=u ,
~ Calculation of the ...der.i ve t.Lve s of the proc e s s rates t owar d the pr oce s s pe r-ernet.e.r e t eh f or t.he tank 2
rSNH2etah=O; rSNQ2etah=O;
r sszet enexn- ( (XSk (2)/XBHk (2))1 (Kx+ (XSk (2) IXBHk (2)))) * (Uk (2) I (KOH+Uk (2))) * (Xk (5) I (KNO+Xk (5))) * (KOHl (KOH+Uk (2))) *XBHk (2) ;
1- Ce Lcu La t.t on f o r- Kb for t.he tan): ~
rSNH2Kh=0; rSN02Kh=O;
rSS2Kh~ ( (XSk (2) IXBHk (2) )1 (Kx+ (XSk (2) IXBHk (2) ) ) ) * ( (Uk (2) I (KOH+Uk (2) ) ) +etah* (Xk (5) I (KNO+Xk (5) ) ) * (KOHl (KOH+Uk (2) )) ) *XBHk (2) ;
* Calculation of the de r ive t ave s of the process za t e s 't cwa r d the process pe r-amet.e r Kx for t.he tank 2
rSNH2Kx=0; rSN02Kx=O;
rSS2Kx~-Kh* ( (Uk (2) I (KOH+Uk (2) ) ) +etah* (Xk (5) I (KNO+Xk (5))) * (KOHl (KOR+Uk (2)))) *XBHk (2) * ( (XSk (2) IXBHk (2)) I (Kx+ (XSk (2) IXBHk (2)))) ;

1; Ca.lculation of the de r Lvat.Lve a of the process r-e.t.e s t.owe r d the pzoc ee e pa r eme t.e r YB. for the te nk :3
rSNH3f=O. 0; rSN03f=0 _0; rSS3f=0 _0; rSNH3YH=0;
rSN03YH~-muH*etag*XBHk (3) * (Xk (9) I (Ks+Xk (9))) * (KOHl (KOH+Uk (3))) * (Xk (B) I (KNO+Xk (B III * (1/2. 86*YHA2) ;
rSS3YH~ (1/YW2) *muH*XBHk (3) * (Xk (9) I (Ks+Xk (9) ) ) * ( (Uk (3) I (KOH+Uk (3) ) ) + (Xk (8) I (KNO+Xk (8)) ) * (KOHl (KOR+Uk (3) ) ) ) ;

~~Calculation of the derivatives of the proce s s rates toward t he p rcce s s pe.rerne t.e r YA jo r the t.emk 3
rSNH3YA~ (1/YAA2) *muA* (Uk (3) I (KOA+Uk (3))) * (Xk (7) I (KNH+Xk (7) ) ) *XBAk (3) ;
rSN03YA~- (1/YAA2) *muA* (Uk (3) I (KOA+Uk (3) )) * (Xk (7) I (KNH+Xk (7))) *XBAk (3) ; rSS3YA~O;
l· CeLcuLat.i on of the deri.ve t Lves of the pr cce ss ret es t.o,..ee r d the proccs s perame'ter iXB r'or t.he tank 3
rSNH3iXB~-muH*XBHk (3) * (Xk (9) I (Ks+Xk (9) )) * ( (Uk (3) I (KOH+Uk (3))) + (Xk (B) I (KNO+Xk (8))) * (KORI (KOH+Uk (3))) *etag)-
muA* (Uk (3)1 (KOA+Uk (3))) * (Xk (7)1 (KNH+Xk (7))) *XBAk (3) ; rSN03iXB~O; rSS3iXB~O;
% Calculation of the de r i ve t.Lve s of the p r oce s s ra t.e s toward the process pë r-arne t.e r mu..t\ for t.he tank 3
rSNH3muA~- (iXB+1/YA) * (Uk (3) I (KOA+Uk(3))) * (Xk (7) I (KNR+Xk (7))) *XBAk (3);
rSN03muA~ (11YA) * (Uk (3)1 (KOA+Uk (3))) * (Xk (7) I (KNH+Xk (7)) ) *XBAk (3) ; rSS3muA~O;
:.: Ce Lcu Le t.Lon of t.he derivatives (";f the p r oc e s s rates t owe r-d t.he process pe r amet e r mull for the tan]: 3
rSNH3muH~-iXB*XBRk(3) * (Xk(9)1 (Ks+Xk(9)))* ((Uk(3) I (KOH+Uk(3)))+etag* (Xk(8)1 (KNO+Xk(8)))*(KOH/(KOH+Uk(3))));
rSN03muH~- ( (l-YH) 12. B6*YH) *XBHk (3) * (Xk (9) I (Ks+Xk (9))) * (KOHl (KOH+Uk (3))) * (Xk (B)I (KNO+Xk (8) )) ;
rSS3muH~- (l/YH) *XBHk (3) * (Xk (9) I (Ks+Xk (9))) * ( (Uk (3) I (KOH+Uk (3))) + (Xk (8) I (KNO+Xk (8) ) ) * (KOHl (KOR+Uk (3)))) ;

'i.- Calculation of the de rive t Lve s of the. p rocc es race s t owar c the parameter KS for t.he tank 3
rSNH3KS~iXB*muH*XBHk (3) * (Xk (9) I (Ks+Xk (9)) A2) * ( (Uk (3) I (KOH+Uk (3)) +etag* (Xk (8) I (KNO+Xk (B))) * (KOHl (KOH+Uk (3)))) ;
rSN03KS~ ( (l-YH) 12. 86*YH)'XBHk (3) *muH* (Xk (9) I (Ks+Xk (9))) * (KOHl (KOR+Uk (3))) * (Xk (8) I (KNO+Xk (8))) *etag;
rSS3KS~ (l/YH) *muH*XBHk (3) * (Xk (9)1 (Ks+Xk (9)) A2) * ( (Uk (3) I (KOH+Uk (3) ! )+ (Xk (B)/ (KNO+Xk (B III * (KOHl (KOH+Uk (3)))) ;
'1, Calculation o f the der i va t.Lve s of the process r e t.e s t.owe r d the pr(;ce::,;s pa rerne t.e r KOF!fo r the tank
rSNH3KOH~iXB*muH*XBHk (3) * (Xk (9) I (Ks+Xk (9))) * (Uk (3)1 (KOH+Uk (3)) A2) * (l-etag* (Xk (8) I (KNO+Xk (B III) ;
rSN03KOH~- ( (l-YH) 12. B6*YH) *XBHk (3) *muH* (Xk (9) I (Ks+Xk (9))) * (Uk (3) I (KOH+Uk (3)) A2) * (Xk (B)I (KNO+Xk (B III ;
rSS3KOH~ (l/YH) *muH*XBHk (3) * (Xk (9)1 (Ks+Xk (9))) * (Uk (3) I (KOH+Uk (3)) A2) * (1-
(Xk (8) I (KNO+Xk (8) ) ) ) +Kh*XBHk (3) * ( (XSk (3) IXBHk (3))/ (Kx+ (XSk (3) IXBHk (3) )) ) * (Uk (3) I (KOH+Uk (3) ) '2) * (-l+etah* (Xk (B) I (KNO+Xk (8) ) ) ) ;

:j_; Calculation of the der i va t.Lve s of the P!:C(;"~~>3r-at.e s toward the pz'oce ss pe rerne te r KNOfor the t.ank 3
rSNH3KNO~iXB*muH*XBHk (3) *etag* (Xk (9) I (Ks+Xk (9))) * (Xk (8)1 (KNO+Xk (8)) '2) * (KOHl (KOH+Uk (3))) ;
rSN03KNO~ ( (l-YH) 12. 86*YH) *muH*XBHk (3) *etag* (Xk (9) I (Ks+Xk (9) )) * (Xk (8) I (KNO+Xk (B)) A2) * (KOHl (KOH+Uk (3))) ;
rSS3KNO~ (l/YH) *muH'XBHk (3) * (Xk (9) I (Ks+Xk (9))) * (Xk (8) I (KNO+Xk (8)) A2) * (KOHl (KOH+Uk (3)) )-
Kh*XBHk (3) *etah* ( (XSk (3)/XBHk (3)) I (Kx+ (XSk (3) IXBHk (3)))) * (Xk (8) I (KNO+Xk (8)) A2) * (KOHl (KOH+Uk (3))) ;
~ Ca Lcu Le ti.i cn of the de r Lvat.i ve s of the p rcces s r ar.e s 't owazd the p roce s s pë r-ame t.e r KNH for t.he tank ~1
rSNH3KNH~ (iXB+l/YA) *muA' (Uk (3) I (KOA+Uk (3))) * (Xk (7) I (KNH+Xk (7))) *XBAk (3) ;
rSN03KNR~- (11YA) *muA* (Uk (3) I (KOA+Uk (3))) * (Xk (7) I (KNH+Xk (7)) ) *XBAk (3) ; rSS3KNH~O;
:~ Calculation of the de r i.ve t ive s of the process rates t.ov .... a r d t.he process pe rarne t e r KOAfor: UH::·tan]: 3
rSNH3KOA~ (iXB+1/YA) *muA* (Uk (3) I (KOA+Uk (3)) A2) * (Xk (7) I (KNH+Xk(7)))'XBAk (3);
rSN03KOA~- (11YA) *muA* (Uk (3) I (KOA+Uk (3)) A2) * (Xk (7) I (KNH+Xk (7)) ) *XBAk (3) ; rSS3KOA~O;
% Calculation of the de r i ve t.Lvea of the proce ss rates toward t.he p.roce s s pe ramet.e r et.ec for t.he tank 3
rSNH3etag~-iXB*rnuH* (Xk (9) I (Ks+Xk (9))) * (Xk (8)1 (KNO+Xk (B III * (KOHl (KOH+Uk (3))) *XBHk (3) ;
rSN03etag~- ( (l-YH) 12. 86*YH) *muH* (Xk (9) I (Ks+Xk (9))) * (Xk (8) I (KNO+Xk (8)) ) * (KOHl (KOH+Uk (3))) *XBHk (3) ; rSS3etag~O;
1: Calculation of the derivatives (If the prc ce s s r at.e s t.cwar d the pz oce s s parameter et ah for the t.ank ::.
rSNH3etah=O; rSN03etah=O; r
rSS3etah~Kh* ( (XSk (3) IXBHk (3)) I {Kx+ (XSk (3) IXBRk (3) ) ) ) * (Uk (3) I (KOH+Uk (3) ) ) * (Xk (8) I (KNO+Xk (8) ) ) * (KORI (KOH+Uk (3)) ) *XBHk (3) ;

I.i Calculation of the de r i ve.t Lve s of the pzcce s s r er.e s t.cwe r d the process pa r'eme t.e r Eh fo.r t.he tank :~
rSNH3Kh~O; rSN03Kh~O;
rSS3Kh~ ( (XSk (3) IXBHk (3) ) I (Kx+ (XSk (3) IXBHk (3) ) ) ) * ( (Uk (3) I (KOH+Uk (3) ) ) +etah* (Xk (8) I (KNO+Xk (B) ) ) * (KOHl (KOH+Uk (3) )) ) *XBHk (3) ;
~:: Ce Lcu La t.Lcn ot the de r Lva ti ves of the process r at.es to'. ..iar-d the process pe.r ernet.e r Ky. fo r the t ank 3
rSNH3Kx=O; rSN03Kx=O;
rSS3Kx~-Kh* ( (Uk (3) I (KOH+Uk (3) )) +etah* (Xk (B)I (KNO+Xk (8))) * (KOHl (KOH+Uk (3)))) *XBHk (3) * ( (XSk (3) IXBRk (3)) I (Kx+ (XSk (3) IXBHk (3)))) ;

ii: CeLeu Lat.Len of' t he derivatives of the process rates t.cwe r d t.he process pa r eme.t e r YH for t.he tenk lJ
rSNH4f~O. 0; rSN04 r-o , 0; rSS4 e-o , 0; rSNH4 YH~O;
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rSN04 YH~-muH'etag'XBHk (4)' (Xk (12) I (Ks+Xk (12) ) ) , (KOHl (KOH+Uk (4) ) ) , (Xk (11) I (KNO+Xk (11) ) ) , (1/2. 86'YH'2) ;
rSS4 YH~ (1/YH'2) 'muH*XBHk (4) , (Xk (12) I (Ks+Xk (12) ) ) * ( (Uk (4) I (KOH+Uk (4) ) ) + (Xk (11) I (KNO+Xk (11) )) * (KOHl (KOH+Uk (4)) ) ) ;

~ CeLcul e t.Lon of the derivatives of the pro ce s s rates t.owerd t.he process pe r amet.e r YA for the t.ank 4
rSNH4YA~ (1/YA'2) 'muA' (Uk (4) I (KOA+Uk (4)))' (Xk (lO) I (KNH+Xk (10 III *XBAk (4) ;
rSN04YA~- (1/YA'2) 'muA* (Uk (4) I (KOA+Uk (4))) * (Xk (lO) I (KNH+Xk (10))) *XBAk (4) ; rSS4YA~0;

'i;. Ce.Lcu La t i on of the de r i vat t ves of the p roce s s r-e.t.e s t.cwe r d the p rccee s parameter i;"":Bfor the tank cl
rSNH4iXB~-muH*XBHk (4) * (Xk (12) I (Ks+Xk (12))) * ( (Uk (4) I (KOH+Uk (4))) + (Xk (11) I (KNO+Xk (11))) * (KOHl (KOH+Uk (4))) *etag)-
muA* (Uk(4)/(KOA+Uk(4)))* (Xk(10)1 (KNH+Xk(10)))*XBAk(4) ;rSN04iXB~0;rSS4iXB~0;

!~ ce ï.cut e t Lon of tbe derivatives of the proces s .rat.es toward the process pë.rerne t.e r mul", for. the t.ë.nk 4
rSNH4muA~- (iXB+l/YA)' (Uk (4) I (KOA+Uk (4))) * (Xk (lO) I (KNH+Xk (10 III *XBAk (4) ;
rSN04muA~ (11YA)' (Uk (4) I (KOA+Uk (4)))' (Xk (lO) I (KNH+Xk (10 III *XBAk (4) ; rSS4muA~0;
'to Calculation. of the de ri ve t Lves of the process r-at e a t.owe rd the process parameter mug for t.he tank 4
rSNH4muH~-iXB*XBHk (4) * (Xk (12) I (Ks+Xk (12)))' ( (Uk (4) I (KOH+Uk (4))) +etag' (Xk (11) I (KNO+Xk (11)) )' (KOHl (KOH+Uk (4)))) ;
rSN04muH~-( (1-YH)/2.86'YH)'XBHk(4)' (Xk(12)1 (Ks+Xk(12)))'(KOH/(KOH+Uk(4)))' (Xk(l1)/(KNO+Xk(l1)));
rSS4muH~- (l/YH) *XBHk (4) * (Xk (12) I (Ks+Xk (12))) * ( (Uk (4) I (KOH+Uk (4) ) ) + (Xk (11) I (KNO+Xk (11)) ) * (KOHl (KOH+Uk (4)) )) ;
~ Calculation of the de rLve t.Lves c f the pz-oce s s r-e t.es toward the p r oce s s parameter KS for the tank 4
rSNH4KS~iXB'muH'XBHk (4)' (Xk (12) I (Ks+Xk (12)) '2)' ( (Uk (4) I (KOH+Uk (4))) +e t aq- (Xk (11) I (KNO+Xk (11)))' (KOHl (KOH+Uk (4)))) ;
rSN04KS~ ( (l-YH) 12. 86*YH) *XBHk (4) *muH* (Xk (12) I (Ks+Xk (12))) * (KOHl (KOH+Uk (4))) * (Xk (11) I (KNO+Xk (11))) *etag;
rSS4KS~ (l/YH) 'muH'XBHk (4) , (Xk (12) I (Ks+Xk (12) ) '2) , ( (Uk (4) I (KOH+Uk (4))) + (Xk (11) I (KNO+Xk (11) ) ) , (KOHl (KOH+Uk (4) ) ) ) ;
~ Ce Lcu I a't i.on (If t ue derivatives of' t.he process r-ar.es t owar-d the p r'oce s s përeme t.e r KOH for the t.enk 4
rSNH4KOH~iXB*muH*XBHk (4) * (Xk (12) I (Ks+Xk (12))) * (Uk (4) I (KOH+Uk (4)) '2) * (l-etag* (Xk (11) I (KNO+Xk (11)))) ;
rSN04KOH~- ( (l-YH) 12. 86*YH) *XBHk (4) 'muH* (Xk (12) I (Ks+Xk (12))) , (Uk (4) I (KOH+Uk (4)) '2)' (Xk (11) I (KNO+Xk (11))) ;
rSS4KOH~ (l/YH) *muH*XBHk (4) * (Xk (12) I (Ks+Xk (12))) * (Uk (4) I (KOH+Uk (4)) '2) * (1-
(Xk(l1) I (KNO+Xk (11)))) +Kh*XBHk (4)' «XSk (4) /XBHk (4)) I (Kx+ (XSk (4) IXBHk (4)))) * (Uk (4) I (KOH+Uk (4)) '2) * (-l+etah* (Xk (11) I (KNO+Xk (11))));
~1Ce Lcu Let Lon of the de r.i.ve t i ve s of" the process r at.e.s t cward 'the p roces s pe.r amet.e r KNO for. t.he t.ank IJ
rSNH4KNO~iXB*muH*XBHk (4) *etag* IXk (12) I (Ks+Xk (12)) ) * (Xk (11) I (KNO+Xk (11)) '2) * (KOHl (KOH+Uk (4) ) ) ;
rSN04KNO~ ( (l-YH) 12. 86*YH)'muH*XBHk (4)'etag* (Xk (12) I (Ks+Xk (12)))' (Xk (11) I (KNO+Xk (11)) '2)' (KOHl (KOH+Uk (4))) ;
rSS4KNO~ (l/YH) *muH*XBHk (4) * (Xk (12) I (Ks+Xk (12))) * (Xk (11) I (KNO+Xk (11)) '2) * (KOHl (KOH+Uk (4)))-
Kh*XBHk(4)*etah* «XSk(4)/XBHk(4))1 (Kx+(XSk(4)/XBHk(4))))*(Xk(11)1 (KNO+Xk(l1)) '2)* (KOH/(KOH+Uk(4)));
':' Ca Lcu Le t.Lon of t.he derivatives of the proce s s r-a t.e e toward t.he pro ce s s pe zame t.e r Kl'm for t.he t.ank 4
rSNH4KNH~ (iXB+l/YA) *muA* (Uk (4) I (KOA+Uk (4))) * (Xk (10) I (KNH+Xk (10))) *XBAk (4) ;
rSN04KNH~- (11YA) *muA* (Uk (4) I (KOA+Uk (4))) * (Xk (lO) I (KNH+Xk (10))) *XBAk (4) ; rSS4KNH~0;

" Cë.Lcu La t.Lon of" the derivatives of the. p rocess rates t.owe rd t.he proce s s pe rame t e r KO!>.for t.he t ank
rSNH4KOA~ (iXB+1/YA) *muA' (Uk (4) I (KOA+Uk (4)) '2) * (Xk (lO) I (KNH+Xk (10 III *XBAk (4) ;
rSN04KOA~- (l/YA)'muA' (Uk (4) I I KOA+Uk (4)) '2) , (Xk (10) I (KNH+Xk (lO)) ) 'XBAk (4) ; rSS4KOA~0;
% Ce Lcu Lë t Lon of the derivatives of the process rates t oi...ard the p rcce s s par amet.e r et.ac for t.he 't e nk 4
rSNH4etag~-iXB*muH* (Xk (12) I (Ks+Xk (12))) * (Xk (11) I (KNO+Xk (11))) * (KOHl (KOH+Uk (4))) *XBHk (4) ;
r srroë e t aq-i- ( (l-YH) 12. 86*YH) 'muH' (Xk (12) I (Ks+Xk (12)))' (Xk (11) I (KNO+Xk (11))) * (KOHl (KOH+Uk (4)))'XBHk (4) ; rSS4etag~0;
'i· Ce.Leu.Lat.Lor, of the deri vat i ves of the process r a't e a r.cwsro t.he process J...arameter e t ah for the t.ank 4
rSNH4etah=O; rSNQ4etah=O;
rSS4etah~Kh' «XSk(4)/XBHk(4)) I (Kx+(XSk(4)/XBHk(4))))* (Uk(4)/(KOH+Uk(4)))' (Xk(l1) I (KNO+Xk(l1)))' (KOHl (KOH+Uk(4)))*XBHk(4);
$, Calculation of t.he derivatives of t he process re t e s toward the process pe r arne t.e r Kh for the t.ank 4
rSNH4Kh=O; rSNQ4Kh=O;

rSS4Kh~ «XSk(4) IXBHk(4)) I (Kx+ (XSk (4) IXBHk(4)))) * «Uk(4) I (KOH+Uk (4))) +etah* (Xk (11) I (KNO+Xk (11)))' (KOHl (KOH+Uk(4))))'XBHk (4);
't: Calculation of the derivatives (Jf the process rates t.owar-d the process parameter K:~ for the tanl: IJ
rSNH4Kx=O; rSNQ4Kx=O;
rSS4Kx~-Kh' I (Uk (4) I (KOH+Uk (4))) +etah* (Xk (11) I (KNO+Xk (11)))' (KOHl (KOH+Uk (4)))) *XBHk (4) * ( (XSk (4) IXBHk (4)) I {Kx+ (XSk (4) IXBHk (4)))) ;

1; Calculation of the derivatives of t.he proce s s ce te s t.ower d the process parameter YB for. the t.e nk S
rSNH5f~0. 0; rSN05f~0. 0; rSS5f~O. 0; rSNH5YH~0;
rSN05YH~-muH*etag*XBHk(5) * (Xk(15) I (Ks+Xk(15))) * (KOHl (KOH+Uk(5)))' (Xk(14) I (KNO+Xk(14)))' (1/2.86'YH'2);

rSS5YH~ (1/YW2) *muH'XBHk (5) * (Xk (15) I (Ks+Xk (15))) * ( (Uk (5) I (KOH+Uk (5))) + (Xk (14) I (KNO+Xk (14))) * (KOHl (KOH+Uk (5))) ) ;
~ CeLcu Le t i cn of the de r.i ve t.a VE.·S of the process r-a t.e s toward the process pa reme t e r Y"F.for t.he tank 5
rSNH5YA~ (1/YA'2)'muA' (Uk (5) I (KOA+Uk (5))) , (Xk (13) I (KNH+Xk (13)))'XBAk (5) ;
rSN05YA~- (1/YA'2) *muA* (Uk (5) I (KOA+Uk (5))) * (Xk (13) I (KNH+Xk (13))) 'XBAk (5) ; rSS5YA~0;
'i. CaLcuLet.Lon of t.be derivatives of the p r oce s s rates toward t.h e process pe r emet ez .i.XBfor t.he t.enk .5
rSNH5iXB~-muH'XBHk(5)'(Xk(15) I(Ks+Xk(15)))' «Uk(5)1 (KOH+Uk(5)))+(Xk(14)1 (KNO+Xk(14)))* (KOH/(KOH+Uk(5)))*etag)-
"uA* (Uk (5) I (KOA+Uk (5))) * (Xk (13) / (KNH+Xk (B))) *XBAk (5) ; rSN05iXB~0; rSS5iXB~O;
1.;Calculation or the de r i.ve t.Lvea of the p roce sa re t es towe r d the pr ocee s pa r-emet.er muê, for the t.an k
rSNH5muA~- (iXB+1/YA) * (Uk (5) I (KOA+Uk (5))) * (Xk (13) I (KNH+Xk (13)))'XBAk (5) ;
rSN05muA~ (11YA) * (Uk (4) I (KOA+Uk (5))) * (Xk (13) I (KNH+Xk (13))) *XBAk (5) ; rSS5muA~0;

;~ Ce Lcu Le t Lon of the de r f.ve t.i ve s of the pxcces s r et.es toward the process pe rame t.e r muH for the tank S
rSNH5muH~-iXB*XBHk (5) * (Xk (15) I (Ks+Xk (15))) * ( (Uk (5) I (KOH+Uk (5))) +etag* (Xk (14) I (KNO+Xk (14))) * (KOHl (KOH+Uk (5)))) ;
rSN05muH~- ( (l-YH) 12. 86*YH) 'XBHk (5) * (Xk (15) I IKs+Xk (15)))' (KOHl (KOH+Uk (5))) * (Xk (14) I (KNO+Xk (14))) ;
rSS5muH~- (l/YH)'XBHk (5)' (Xk (15) I (Ks+Xk (15))) * ( (Uk (5) I (KOH+Uk (5))) + (Xk (14) I (KNO+Xk (14)))' (KOHl (KOH+Uk (5)) )) ;
:.; Calculation of the derivatives of the process rates t.owaz-d t.he process pa r ernet e r KS for the tan}: S
rSNH5KS~iXB*muH'XBHk (5) , IXk (15) I (Ks+Xk (15)) '2)' ( (Uk (5) I (KOH+Uk (5))) +e t eq- (Xk (14) I (KNO+Xk (14))) , (KOHl (KOH+Uk (5)))) ;
rSN05KS~ ( (l-YH) 12. 86*YH)'XBHk (5) *muH* (Xk (15) I (Ks+Xk (15) )) * (KOHl (KOH+Uk (5))) * (Xk (14) I (KNO+Xk (14))) *etag;
rSS5KS~ (l/YH) *muH*XBHk (5) * (Xk (15) I (Ks+Xk (15) ) '2) * ( (Uk (5) I (KOH+Uk (5))) + (Xk (14) I (KNO+Xk (14))) * (KOHl (KOH+Uk (5))) ) ;

s- Calculation of the derivatives (;f the p roce a s r at es t owë r d t.he process pe remet.e r KGH for the tank 5
rSNH5KOH~iXB*muH*XBHk (5) * (Xk (15) I (Ks+Xk (15))) * (Uk (5) I (KOH+Uk (5)) '2) * (l-etag* (Xk (14) I (KNO+Xk (14)))) ;
rSN05KOH~- I (l-YH) 12. 86*YH) *XBHk (5) 'muH* (Xk (15) I (Ks+Xk (15))) , (Uk (5) I (KOH+Uk (5)) '2)' (Xk (14) I (KNO+Xk (14))) ;
rSS5KOH~ (l/YH) 'muH*XBHk (4) * (Xk (15) I (Ks+Xk (15))) * (Uk (5) I (KOH+Uk (5)) '2) * (1-
(Xk (H) I (KNO+Xk (14)))) +Kh*XBHk (5)' «XSk (5) IXBHk (5)) I (Kx+ (XSk (5) IXBHk (5)))) * (Uk (5) I (KOH+Uk (5)) '2) * (-l+etah* (Xk (H) I (KNO+Xk (14))));

1;; Ce.Lcu Le t i on of the de ri vat.j.vc s of the p ccce s.s r e t.e a t.owe r d the pr oces s pa reme t.e r 1{N"(.)for the tan k 5
rSNH5KNO~iXB*muH'XBHk (5) *etag' (Xk (15) I (Ks+Xk (15))) * (Xk (14) I (KNO+Xk (14)) '2) * (KOHl (KOH+Uk (5))) ;
rSN05KNO~ ( (l-YH) 12. 86*YH)'muH*XBHk (5) *etag* (Xk (15) I IKs+Xk (15))) * (Xk (14) I (KNO+Xk (14)) '2)' (KOHl (KOH+Uk (5))) ;
rSS5KNO~ (l/YH) *muH*XBHk (5)' (Xk (15) I (Ks+Xk (15)))' (Xk (14) I (KNO+Xk (14)) '2)' (KOHl (KOH+Uk (5)))-
Kh*XBHk (5) *etah* ( (XSk (5) IXBHk (5)) I (Kx+ (XSk (5) IXBHk (5)))) * (Xk (14) I (KNO+Xk (14)) '2) * (KOHl (KOH+Uk (5))) ;

1, Ce Lcu.la t i cn of the de r-dva t Lve s (lf the process r-e.te a t.owe z d the procee s parameter ·KWi for the tank 5
rSNH5KNH~ (iXB+1/YA) *muA* (Uk (5) I (KOA+Uk (5))) , (Xk (13) I (KNH+Xk (13))) *XBAk (5) ;
rSNO.5KNH~- (11YA) *muA* (Uk (5) I (KOA+Uk 15))) * (Xk (13) I (KNH+Xk (13))) *XBAk (5) ; rSS5KNH~0;
~ CaLcu Le t.Lcn of the de r Lvat.i ve s of" the process rates t.owa rd t.t,e process pa ..rerne t.e r KO]\. for the tanj- ':J
rSNH5KOA~ (iXB+1/YA) *muA* (Uk (5) I (KOA+Uk (5)) '2) * (Xk (13) I (KNH+Xk (B))) *XBAk (5) ;
rSN05KOA~- (11YA) 'muA* (Uk (5) I (KOA+Uk (5)) '2) '(Xk (13) I (KNH+Xk (13))) 'XBAk IS) ; rSS5KOA~0;

~; Ce.Lcu La t.ion of the ce r ave t i.ves of the process rates t.owe r d the process parameter etfiq for the tank 5
rSNI!5etag~-iXB*muH* (Xk (15) I (Ks+Xk (15)))' (Xk (14) I (KNO+Xk (14))) * (KOHl (KOH+Uk (5))) *XBHk (5) ;
rSN05etag~- ( (l-YH) 12. 86'YH)'muH' (Xk (15) I (Ks+Xk (15)))' (Xk (H) I (KNO+Xk (14)))' (KOHl (KOH+Uk (5))) 'XBHk (5) ; r ss set aq-c ,
;~ Ca.Lcu I ë t Lon of t'b e de r f.ve t.i ves of the Py,)C{?SS rat.e s toward t ae process paraweter et-ah fo.r r.he 't e nk .:.' ....-
rSNH5etah=O; rSN05et ah=O;
rSS5etah~Kh' ( (XSk (5) IXBHk (5)) I (Kx+ (XSk (5) IXBHk (5)))) * (Uk (5) I (KOH+Uk (5))) * (Xk (14) I (KNO+Xk (14))) , (KOHl (KOH+Uk (5))) *XBHk (5) ;
~. Cë Lcu La t.d or. of the de r i.ve t i.vea of t he p rc-ces s r e.t e s t.owe rd the procee s parameter Kh tor the tank S
rSNH5Kh=O; rSNQ5Kh=O;
rSS5Kh~( (XSk(5)/XBHk(5))/(Kx+ (XSk(5)/XBHk(5))))* «Uk(S)1 (KOH+Uk(5)))+etah* (Xk(14)/(KNO+Xkl14)))'(KOHI (KOH+Uk(5)))) *XBHk(5);
:~ CaLc c Le t i cn of the der ive t.Lve s of the p roces s rates toward the p rc ce s e pa rame t.e.r Kx f'o r the t.ank 5
rSNH5Kx=O; rSNQ5Kx=O;
rSS5Kx~-Kh* ( (Uk (5) I (KOH+Uk (5))) +e t ah" (Xk (14) I (KNO+Xk (14))) * (KOHl (KOH+Uk (5)))) *XBHk (5)' ( (XSk (5) IXBHk (5)) I (Kx+ (XSk (5) IXBHk (5)))) ;

J;o Development of the me tr Lx AS cf t.he s ens i t ivi.t y model
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Alf= [All (1,1) +DT*rSNHISNHl DT*rSNHlSNOl DT*rSNHlSSI;
DT*rSNOlSNH1 All 12,2) +DT*rSN01SN01 DT*rSN01SS1;
DT*rSS lSNHl DT*rSS1SNOl All (3,3) +DT*rSSlSS1] ;

AlS=[All zeros(3,45);zeros(3,3) Alf zeros(3,42);zeros(3,6) Alf zeros(3,39);zeros(3,9) Alf zeros(3,36);zeros(3,12) Alf
zeros(3,33}:zeros(3,lS) Alf zeros(3,30);zeros(3,l8) Alf zeros(3,27);zeros(3,2l) Alf zeros(3,24);zeros(3,24) Alf
zeros(3,2l);zeros(3,27) Alf zeros(3,18);zeros(3,30) Alf zeros(3,1S):zeros{3,33) Alf zeros(3,l2):zeros(3,36) Alf
zeros(3,9);zeros(3,39) Alf zeros(3,6);zeros(3,42) Alf zeros(3,3);zeros(3,45) Alf];
A2t= [A22 (1,1) +DT*rSNH2SNH2 DT*rSNH2SN02 DT*rSNH2SS2:

DT*rSN02SNH2 A22 (2,2) +DT*rSN02SN02 DT*rSN02SS2:
DT*rSS2SNH2 DT*rSS2SN02 A22 13,3)+DT*rSS2SS2);

A2S=[A22 zeros(3,4S):zeros(3,3) A2t zeros{3,42);zeros(3,6) A2t zeros(3,39);zeros(3,9) A2t zeros(3,36);zeros(3,l2) A2f
zeros(3,33);zeros(3,l5) A2f zeros(3,30);zeros{3,l8) AZf zeros(3,27);zeros(3,2l) A2f zeros(3,24):zeros(3,24) A2t
zeros(3,21):zeros(3,27) A2t zeros(3,18);zeros(3,30) AZt zeros(3,lS);zeros(3,33) A2t zeros(3,12);zeros(3,36) A2t
zeros(3,9);zeros(3,39) A2t zeros(3,6);zeros{3,42) A2t zeros(3,3):zeros{3,45) A2f];
A3f= [A33 11,1) +DT*rSNH3SNH3 DT* rSNH3SN03 DT* rSNH3SS3;

DT*rSN03SNH3 A33 (2,2) +DT*rSN03SN03 DT*rSN03SS3;
DT*rSS3SNH3 DT*rSS3SN03 A33 (3,3) +DT*rSS3SS3] ;

A3S=[A33 zeros(3,4S);zeros(3,3) A3f zeros(3,42);zeros(3,6) A3f zeros(3,39);zeros(3,9) A3f zeros(3,36):zeros(3,12) A3f
zeros(3,33);zeros(3,15) A3f zeros(3,30);zeros(3,18) A3f zeros(3,27):zeros(3,21) A3f zeros(3,24):zeros(3,24) A3f
zeros(3,2l);zeros(3,27) A3f zeros(3,18);zeros(3,30) A3t zeros(3,IS):zeros(3,33) A3f zeros(3,12);zeros(3,36) A3f
zeros(3,9);zeros(3,39) A3f zeros(3,6);zeros(3,42) A3t zeros(3,3);zeros(3,4S) A3t];
A4f=[A44 (1, 1}+DT*rSNH4SNH4 DT*rSNH4SN04 DT*rSNH4SS4;

DT*rSN04SNH4 A44 (2,2)+DT*rSN04SN04 DT*rSN04SS4;
DT*rSS4SNH4 DT*rSS4SN04 A44 (3,3)+DT*rSS4SS4]:

A4S:[A44 zeros(3,4S);zeros(3,3) A4f zeros(3,42):zeros(3,6) A4f zeros(3,39):zeros(3,9) A4f zeros(3,36)izeros(3,12) A4f
zeros(3,33);zeros(3,lS) A4t zeros(3,30);zeros(3,18) A4f zeros(3,27);zeros(3,2l) A4f zeros(3,24);zeros(3,24) A4f
zeros(3,2l);zeros(3,27) A4f zeros(3,18);zeros(3,30) A4f zeros(3,lS):zeros(3,33) A4t zeros(3,12);zeros(3,36) A4f
zeros(3,9),zeros(3,39} A4f zeros(3,6);zeros(3,42) A4t zeros(3,3);zeros(3,4S) A4f];
ASt= [ASS (1,1) +DT*rSNHSSNHS DT*rSNHSSNOS DT*rSNHSSSS:

DT*rSNOSSNHS ASS (2,2) +DT*rSN05SNOS DT*rSNOSSS5;
DT* rSS5SNH5 DT*rSS5SN05 A55 13,3) +DT* rSS5SS5) ;

ASS=[ASS zeros(3,4S);zeros(3,3) ASt zeros(3,42);zeros(3,6) ASf zeros(3,39):zeros(3,9) ASf zeros(3,36);zeros(3,12} ASt
zeros(3,33);zeros(3,lS) ASf zeros(3,30);zeros{3,18) ASt zeros(3,27);zeros(3,2l) A5f zeros(3,24):zeros{3,24) ASf
zeros(3,21);zeros(3,27) ASt zeros(3,18);zeros(3,30) A5t zeros(3,IS);zeros(3,33) ASf zeros(3,12);zeros(3,36) A5t
zeros(3,9);zeros(3,39) ASf zeros(3,6):zeros(3,42) ASf zeros(3,3):zeros(3,4S) ASt);

amat.a-d ce s of t.he interconnections
AlSS=[A15 zeros(3,45);zeros(3,3) A15 zeros(3,42);zeros(3,6) AlS zeros(3,39);zeros(3,9) AlS zeros(3,36),zeros(3,12) AIS
zeros(3,33) :zeros(3,15) AIS zeros(3,30) ;zeros(3,18) AIS zeros(3,27) ;zeros(3,2l) AIS zeros(3,24) :zeros(3,24) Al5
zeros(3,2l);zeros(3,27) AIS zeros(3,18);zeros(3,30) AlS zeros(3,lS);zeros(3,33) AIS zeros(3,12);zeros(3,36) AIS
zeros(3,9);zeros(3,39) A15 zeros(3,6);zeros(3,42) AIS zeros(3,3);zeros(3,45) A15];
A2lS=[A2l zeros(3,4S);zeros(3,3) A2l zeros(3,42);zeros(3,6) A21 zeros(3,39);zeros(3,9) A2l zeros(3,36);zeros(3,12) A2l
zeros(3,33);zeros(3,l5) A2l zeros(3,30):zeros(3,18) A21 zeros(3,27):zeros(3,2l) A21 zeros(3,24):zeros(3,24) A21
zeros(3,2l) izeros(3,27) A2l zeros(3,18) izeros(3,30) A21 zeros(3,IS) ;zeros(3,33) A2l zeros(3,12) :zeros(3,36) A21
zeros(3,9);zeros(3,39) A2l zeros(3,6);zeros(3,42) A21 zeros(3,3);zeros(3,4S) A2l];
A32S=[A32 zeros(3,45);zeros(3,3) A32 zeros(3,42);zeros(3,6) A32 zeros(3,39):zeros(3,9) A32 zeros(3,36):zeros(3,12) A32
zeros(3,33);zeros(3,15) A32 zeros(3,30);zeros{3,18) A32 zeros(3,27):zeros(3,2l) A32 zeros(3,24);zeros(3,24) A32
zeros(3,21);zeros(3,27) A32 zeros(3,l8);zeros(3,30) A32 zeros(3,IS);zeros(3,33) A32 zeros{3,12}:zeros(3,36) A32
zeros(3,9):zeros(3,39) A32 zeros(3,6);zeros(3,42) A32 zeros(3,3);zeros(3,4S) A32];
A43S=[A43 zeros(3,45);zeros(3,3) A43 zeros(3,42};zeros(3,6) A43 zeros(3,39);zeros(3,9) A43 zeros(3,36);zeros(3,12) A43
zeros(3,33);zeros(3,l5) A43 zeros(3,30);zeros(3,l8) A43 zeros(3,27);zeros{3,21) A43 zeros(3,24);zeros(3,24) A43
zeros(3,2l);zeros(3,27) A43 zeros(3,18);zeros(3,30) A43 zeros(3,lS);zeros(3,33) A43 zeros(3,12):zeros(3,36) A43
zeros(3,9):zeros(3,39) A43 zeros(3,6);zeros(3,42) A43 zeros(3,3);zeros(3,45} A43);
A54S"'-[A54 zeros(3,45);zeros(3,3) AS4 zeros(3,42):zeros(3,6) AS4 zeros(3,39);zeros(3,9) A54 zeros(3,36);zeros(3,12) AS4
zeros(3,33) ;zeros(3,15) AS4 zeros(3,30) ;zeros(3,18) A54 zeros(3,27) ;zeros(3,21) AS4 zeros(3,24) ;zeros(3,24) A54
zeros(3,2l):zeros{3,27) AS4 zeros(3,18);zeros(3,30) AS4 zeros(3,IS):zeros(3,33) A54 zeros(3,l2);zeros(3,36} AS4
zeros(3,9);zeros(3,39) AS4 zeros(3,6);zeros(3,42) A54 zeros(3,3);zeros{3,45) A54];

tt he met.r d.x of the s t e t.e sensitivity
AS=[AIS zeros(48,144) A15S;A2lS A2S zeros(48,144);zeros(48,48) A32S A3S zeros(48,96);zeros(48,96) A43S A4S
zeros(48,48);zeros(48,144) AS4S A5S);

Stna t.r i.x ot the ra te s of the sensit.ivi ty model
C1S=[Cn zeros(4,4S1):
CS=[CIS zeros(4,192);zeros(4,48) CIS zeros(4,144);zeros(4,96) CIS zeros(4,96): zeros(4,144) CIS zeros(4,48);zeros(4,19Z) CIS):

f" Deve Lopmerrt. of the matrix BS of the sensitivity model
B1theta=[B112,2) OO;zerosI44,3»;
B1S=[B1;B1theta) ;
BS= [B1S; zeros 1192, 3»;

!" Development of the vector DS of t.he s enei t iv.i ty mode]
:~ Ce Lcu Lët Lcn of t.ne first t.ank
DlS= [zeros (1,3) rSNHlf rSNOlf rSSlt rSNHl YH rSNOl YH rSSlYH rSNHl YA rSNOlYA rSSl YA rSNHliXB rSNOliXB rSSliXB rSNHlmuA rSNOlmuA
rSS1rnuA rSNHlmuH rSNOlrnuH rSSlrnuH rSNHlKS rSN01KS rSS1KS rSNH1KOH rSNOIKOH rSS1KOH rSNHlKNO rSN01KNO rSS1KNO rSNHIKNH rSNOlKNH
rSSlKNH rSNHIKOA rSNOlKOA rSSlKOA rSNHletag rSNOletag rSSletag rSNHletah rSNOletah rSSletah rSNHlKh rSN01Kh rSSIKh rSNHlKx rSNOlKx
rSS1Kx] ';
!~ Ca Lcu Let Lon of the secone tank
D2S: [zeros (1,3) rSNH2t rSN02f rSS2f rSNH2YH rSN02YH rSS2YH rSNH2YA rSN02YA rSS2YA rSNH2iXB rSN02iXB rSS2iXB rSNH2rnuA rSN02muA
rSSZmuA rSNH2rnuH rSN02muH rSS2muH rSNH2KS rSNQ2KS rSS2KS rSNH2KOH rSNo2KOH rSS2KOH rSNH2KNO rSN02KNO rSS2KNO rSNH2KNH rSN02KNH
rSS2KNH rSNH2KOA rSN02KOA rSS2KOA rSNH2etag rSN02etag rSS2etag rSNH2etah rSN02etah rSS2etah rSNH2Kh rSN02Kh rSS2Kh rSNH2Kx rSN02Kx
rSS2Kx) , :
lt. CaLcu Le t.Lon of the third tant:
D3S= [zeros 11,3) rSNH3f rSN03f rSS3f rSNH3YH rSN03YH rSS3YH rSNH3YA rSN03YA rSS3YA rSNH3iXB rSN03iXB rSS3iXB rSNH3muA rSN03muA
rSS3muA rSNH3muH rSN03rnuH rSS3muH rSNH3KS rSN03KS rSS3KS rSNH3KOH rSN03KOH rSS3KOH rSNH3KNO rSN03KNO rSS3KNO rSNH3KNH rSN03KNH
rSS3KNH rSNH3KOA rSN03KOA rSS3KOA rSNH3etag rSN03etag rSS3etag rSNH3etah rSN03etah rSS3etah rSNH3Kh rSN03Kh rSS3Kh rSNH3Kx rSN03Kx
rSS3Kx] , ;
:.c Calculation of the .tort.h tank
D45: [zeros (1, 3) rSNH4 f rSN04 f rSS4 f rSNH4 YH rSN04 YH rSS4 YH rSNH4YA rSN04 YA rSS4 YA rSNH4 iXB rSN04iXB rSS4 iXB r5NH4muA rSN04muA
rSS4muA rSNH4rnuH rSN04muH rSS4muH rSNH4KS rSN04KS rS54KS rSNH4KOH rSN04KOH rSS4KOH rSNH4KNO rSN04KNO rSS4KNO rSNH4KNH rSN04KNH
rSS4KNH rSNH4KOA rSN04KOA rSS4KOA rSNH4etag rSN04etag rSS4etag rSNH4etah rSN04etah rSS4etah rSNH4Kh rSN04Kh rSS4Kh rSNH4Kx rSN04Kx
rSS4Kx) , ;
';- Ca Lcu Le t t.on of t.he fifth tank
DSS= [zeros (1, 3) rSNH5f rSN05f rSSSf rSNHSYH rSN05YH rSSSYH rSNH5YA rSNOSYA rSSSYA rSNH5iXB rSN05iXB rSS5iXB rSNHSmuA rSNOSmuA
rSS5muA rSNHSmuH rSNOSrnuH rSSSmuH rSNH5KS rSN05KS rSS5KS rSNHSKOH rSN05KOH rSSSKOH rSNHSKNO rSNOSKNO rSS5KNO rSNHSKNH rSNOSKNH
rSS5KNH rSNHSKOA rSNOSKOA rSS.5KOA rSNHSetag rSNOSetag rSSSetag rSNHSetah rSNOSetah rSSSetah rSNHSKh rSN05Kh rSS5Kh rSNH5Kx rSNOSKx
rSS5Kx] , ;
DS= [D1S; D2S; D3S; D4S; D5S)
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SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE PROCESS
VARIABLES OF THE BENCHMARK MASS BALANCE MODEL BASED ON THE REDUCED
UCT BIOLOGICAL MODEL TOWARDS ITS PARAMETERS

1.Main program

:~PROGRAtJI BUCTS1. m
:tAim .. the program ca.Lcu Lar.e s t.he sensitivity model and simulates the
vaen s i.tLv i t.y functions for the p ro ce s s variables of t.he Benchmark process
ï-be s ed on UCT reduced bd.o Loq.i.ce I model t.owe r ds the modeI parameters. The
'xpr oc r-am ca Lf the function s ubr-out.Lne T.<,teliUCTS.m . The calculation
'ar educ ed bi.o Loqi ceL model with :3 variables SUR, Sno , SS and Se.ds
~The program uses q.Lobë L definition of the model pe rerner;e ..ar s

global Ks KOR KNO KNA KOA rnuH etag muA KMP fZBR YZH YZA KA KSA KSP fMA
c Pr cce s s model parameters
f=1.2;YZA = O.lS;YZH = O.67;fZBH = O.068;muH = a.05;Ks = S;KOH = O.002;KNO
mllA ~ 0.5;KNA ~ O.Ol;KA ~ O.17;KOA ~ 0.002;fMA~1;KSP~0.027;KSA~1;

O. 1; etag = O. 33KMP 1.35 ;

vp rocas s 't anks volumes and f Lowr at.e s
V1 ~ 1000;V2 ~ 1000;V3 ~ 1333;V4 ~ 1333;V5 ~ 1333;00 ~ 18446;Qa ~ 55338;Or 18446;Ow 385;
Uwerage values of the Ln fLuent. variables
SSi=69. 5; SNHi""31. 5 6; SNOi""O. 0; XSi=202. 3;
's De t.e rm ine t Lon ot t.he sampling pe r'Lod
OT ~ 0.01042;days~0.1042*10;
K=days/DT
k=O: DT: days
cLnf Luent; concentrations t r e j ecr.o r i.e sf o r sua. SHDt SS and XS
Xi = [SNHi*ones (1, K) ; SNOi *ones (1, K) i SSi *ones (1, K} ,XSi *ones (1, K) l*1
l.Initial conditions- steady s t.e.t e "values r o r the Sun, 5no,55 and zero ror the sens t t Lva r.y functions
XSO
= [7.918,5.37,2.808,82.135, zeros (68, 1); 8.344; 3. 662; 1. 459;5 .15, zeros (68, 1);5.548; 6. 541; 1.15;5.1; zeros (68, 1) ,2.967; 9. 299:0. 995; 4.8; ze
ros r ëa , 11;1. 733;10.415;0.889;4.2;zerosI68,11];

XBH = 0.02*[255l.76*ones(1,K);2553.38*ones(1,K);2557.13*ones(1,K)i2559.l8*ones(1,K);2559.34*ones(1,Kl];·'i:; XBH s t.ee dy s t.a t.e COD/m"3
XBA = 0.02*[148.3B9*ones (I,K) ;14B.309*ones(l,Kl ;14B.941*ones(1,K) ;149.527*ones(1,K) ;149.797*ones(l,K) 1 ;.~: >:ILl>. s t.e adv state- gall
COD/m· ...3
XS = 0.02*[82.135*ones(1,K):76.386*ones(1,K);64.855*ones(l,K);S5.694*ones(1,K);49.306*ones(1,Kl]: % XS steady state ó).l COD/m·'3
c t xa j ec t o r y of tll€ con t r o L s i qne I
SOl = [0.2*ones(1,K);O.2*ones(1,K)];
S02~[2.0*onesl1,KI;2.29*onesl1,KI;1.91*onesI1,KI] ,
U~[SOl;S02] ;
:;- calculation of tr.e initial t.r-a j e ct.o r y fo r the state vector X and for: the sensitivity vecr.o r }:SS
X ~ [ [7.918; 5.37; 2.808; 5.3; 8.344; 3.662; 1. 459; 5.15; 5.548; 6.541; 1. 15; 5.1; 2.967; 9.299; O. 995; 4 . B; 1. 733; 10.415; 0.889; 4 . 2] zeros 120, KI ] ;
XSS = [XSO zeros(360,K
vce ï.cu i at i c» of the process state space modeI ma.'t rf ces
tce Lcu La t.Lon of the met.r-Lx All
IVl = DT lVI; IV2 = DT IV2; IV3 = DT IV3; IV4 = DT IV4; IVS = DT IVS; IV=IVl *Qo; IVV=IV*f, Q=Qo+Qa+Qr;
IV21~IV2*Q; IV32~IV3 *0' IV4 >IV4 *Q; IV54~IV5*Q; IVll~1-IV1 *Q; IV22~1- IV21; IV33~1- IV32; IV4 4~1- IV4 3; IV55~1-IV54; IV15~IV1 * 10a+Or I ;

AU~[ r rvi i 0.0 0.0 0.0;0.0 IV11 0.0 0.0;0.0 0.0 IVll 0.0;0.0 0.0 0.0 IVll] zerosI4,12] [IV15 0.0 0.0 0.0,0.0 IV15 0.0 0.0,0.0 0.0
IV15 0.0;0.00.00.0 IV15];

[IV21 O. 0 O. 0 O. 0; 0 . 0 IV21 O. 0 O. 0; 0 . 0 O. 0 IV21 O. 0; 0 . 0 O. 0 O. 0 IV21] [IV2 2 O. 0 O. 0 O. 0; 0 . 0 IV22 o. 0 O. 0; O. 0 O. 0 IV22 o. 0; 0 . 0
0.0 0.0 IV22] zerosI4,121;

zerosI4,4) [IV32 0.0 0.0 0.0;0.0 IV32 0.0 0.0;0.0 0.0 Iv32 0.0;0.0 0.0 0.0 IV32] [IV33 0.0 0.0 0.0;0.0 IV33 0.0 0.0;0. 0.0
IV33 0.0;0.0 0.0 0.0 IV33] z e ros t ë i a j •

zerosl4,81 [IVO 0.0 0.0 0.0;0.0 IV43 0.0 0.0;0.0 0.0 IVO 0.0;0.0 0.0 0.0 IVO] [IV44 0.0 0.0 0.0;0.0 IV44 0.0 0.0;0.0 0.0
IV44 0.0;0.00.00.0 IV44] zeros(4,4)i

z e ros t ë v Lz ) [IV54 0.00.00.0;0.0 IV54 0.0 0.0;0.0 0.0 IV54 0.0,0.00.00.0 IV54] [IV55 0.0 0.0 0.0,0.0 IV55 0.0 0.0;0.0 0.0
IV55 0.0;0.0 0.0 0.0 IV55]]
Al1u=Au (1:4,1: 4) ;A15u=Au (1: 4,17: 20) ;A21u=Au (S: 8, 1; 4) ;A22u=Au (5: 8, 5: 8) ;A32u=Au(9: 12, 5: 8) ;A33u=Au(9: 12, 9: 12);
A43u~Au 113: 16, 9: 12) ;A4 ê u=Au I13: 16, 13: 161 ;A54u~Au I 17: 20,13: 161 ;A55u~Au 117: 20,17: 201 ;
1· Development of t.he mat.r Lx Bu
B 1u~ [lVV O. 0 O. 0 O. 0; 0 . 0 IV O. 0 O. 0; 0 . 0 O. 0 IV O. 0, 0 . 0 O. 0 O. 0 IV];
Bu= [Blu; zeros (16,4) ] ;
:.1 Deve Loprnent; of t.ne matr a x Cu
x1~-1/YZH; x2~1/YZA; x'S» I1-YZH I I 12.8 6*YZHI ; x4~x3-fZBH; x5~-x2-fZBH;
Cnu=[-fZBH 0 x L DiD -fZBH x L O;-fZBH -x3 xl OiO x3-fZBH x I O;-fZBH 0 0 xl;O -fZBH 0 xl;-fZBH -x3 0 xl;O x3·-fZBH 0 xI;O 0 0 1;-x2-
fZBH x2 0 0],
Cu=[Cnu zeros(10,I61izeros(10,41 Cnu zeros(lO,12);zeros(10,8) Cnu zeros(IO,B);zeros(10,12) Cnll zeros(10,4);zeros(lO,16) Cnu];
~,E:imulati('n cf the s en s itf.vd ty model
for k = 1: K

XSSk ~ XSS I: ,kl;
Xk~X I:, kl;
Uk =UI:, kl;
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XBHk = XBH(:,k);
XBAk = XBA (:, k) ;
XSk = XS(:,kl;
Xik = Xi(:,kl;

[ROUCT ,ASu, BSu, CSu, DSu) =rateBUCTS (Xk, Uk,XBHk, XBAk, XSk, DT,Allu,A15u,A21u,A22u,A32u,A33u,A43u,A44u,A54u,A55u, B1u, Cnu ) ;

xss (:, k+ll = ASu*XSS (:, kj + CSu' *ROUCT + BSu*Xi (:, kj +DSu;
X (:, k+11 [XSS (1: 4, k+1 I ;XSS (73: 76, k+11 ;XSS (l45: 148, k+1) ;XSS (217: 220, k+11 ;XSS (289: 292, k+l) ) ;

end

~vector cf sensitivity for the first tank XStheta
SNH1=XSS(1,:) ;SN01=XSS(2,: I ;SSl=XSS(3,:) ;Sads1=XSS(4,: I;
SNHlf=XSS (5, : ) ; SNOlf=XSS (6, : ) ; SSlf=XSS (7, :) ; Sadslf=XSS (8, : ) ;
SNHIYZH=XSS (9,:) ;SNOIYZH=XSS (10,:) ;SSIYZH=XSS (11,:) iSadslYZH=XSS (12,:);
SNH1YZA=XSS (13,:) ;SN01YZA=XSS (14,:) ;SSlYZA=XSS (15,:) ;Sads1YZA=XSS (16,:);
SNHlfZBH=XSS (17, : I ; SN01fZBH=XSS (18, : I ; SSlfZBH=XSS (19, : ) ; SadslfZBH=XSS (20, : I ;
SNHlmuA=XSS (21, : ) ; SNOlmuA=XSS (22, : ) ; SSlrnuA=XSS (23, : ) ; SadslmuA=XSS (24, : ) ;
SNH1muH=XSS (25, : ) ; SN01muH=XSS (26, : ) ; SSlmuH=XSS (27, : I ; Sads1muH=XSS (28, : I ;
SNH1KS=XSS (29, : I ; SN01KS=XSS (30, : I ; SSlKS=XSS (31, : I ; Sads 1KS=XSS (32, : I ;
SNH1KOH=XSS (33, : I ; SN01KOH=XSS (34, : ) ; SSlKOH=XSS (35, : I ; Sads1KOH=XSS (36, : I ;
SNH1KNO=XSS (37, : I ; SN01KNO=XSS (38, : I ; SSlKNO=XSS (39, : I ; Sads1KNO=XSS (40, : I ;
SNHIKNH=XSS (41,:) iSNOIKNH=XSS (22,:) iSSlKNH=XSS (43,:) ,SadslKNH=XSS (44,:);
SNH1KOA=XSS (45, : I ; SN01KOA=XSS (46, : I ; SSlKOA=XSS (47, : ) ; Sads1KOA=XSS (48, : ) ;
SNH1etag=XSS (49, : I ; SN01etag=XSS (50, : I ; SSletag=XSS (51, : I ; Sads1etag=XSS (52, : I ;
SNH1KMP=XSS (53, : I ; SN01KMP=XSS (54, : I ; SSlKMP=XSS (55, : I ; Sads1KMP=XSS (56, : I ;
SNH1KSP=XSS (57, : I ; SN01KSP=XSS (58, : I ; SSlKSP=XSS (59, : I ; Sads1KSP=XSS (60, : ) ;
SNH1KSA=XSS (61,: I ;SN01KSA=XSS (62,: I ;SSlKSA=XSS (63,: I ;Sads1KSA=XSS (64,: I;
SNH1fMA=XSS (65, : I ; SN01fMA=XSS (66, : I ; SSlfMA=XSS (67, : I ; SadslfMA=XSS (68, : I ;
SNH1KA=XSS (69, : ) ; SN01KA=XSS (70, : I ; SSlKA=XSS (71, : I ; Sads1KA=XSS (72, : I ;
'svec t.o r of s ene i t.Lv Lt.y for the second t.e nk x St.he t.e
SNH2=XSS (73, : I ; SN02=XSS (74, :) ; SS2=XSS (75, : I ; Sads2=XSS (76, :)
SNH2f=XSS (77, : I ; SN02f=XSS (78, : I ; SS2f=XSS (79, : I ; Sads2f=XSS (80, : I ;
SNH2YZH=XSS (81,: I ;SNOZYZH=XSS (82,:) ;SS2YZH=XSS (83,: I ;Sads2YZH=XSS (84,: I;
SNH2YZA=XSS (85, : I ; SN02YZA=XSS (86, : ) ; SS2YZA=XSS (87, : I ; Sads2YZA=XSS (88, : I ;
SNH2fZBH=XSS (89,;) iSN02fZBH=XSS (90,:) ;SS2fZBH=XSS (91,!) iSads2fZBH=XSS (92,:);
SNH2muA=XSS (93,: I ;SN02muA=XSS (94,:) ;SS2muA=XSS (95,: I ;Sads2muA=XSS (96,: I;
SNH2muH=XSS (97, : I ; SN02muH=XSS (98, : I ; SS2muH=XSS (99, : ) ; Sads2muH=XSS (100, : I ;
SNH2KS=XSS (101,:) ,SN02KS=XSS (102,:) iSS2KS=XSS (103,:) iSads2KS=XSS (104,:):
SNH2KOH=XSS (105, : I ; SN02KOH=XSS (106, : I ; SS2KOH=XSS (107, : I ; Sads2KOH=XSS (lOB, : I ;
SNH2KNO=XSS (109, , I ; SN02KNO=XSS (110, : ) ; SS2KNO=XSS (111, : I ; Sads2KNO=XSS (112, : I ;
SNH2KNH=XSS (113, , I ; SN02KNH=XSS (1l4, , I ; SS2KNH=XSS (115, : I ; Sads2KNH=XSS (116, : I ;
SNH2KOA=XSS (117, : I ; SN02KOA=XSS (118, : I ; SS2KOA=XSS (119, : ) ; Sads2KOA=XSS (120, : I ;
SNH2etag=XSS (121,:) ;SN02etag=XSS (122,:) :SS2etag=XSS (123,:) :Sads2etag=XSS (124,:);
SNH2KMP=XSS (125, : I ; SN02KMP=XSS (126, : I ; SS2KMP=XSS (127, : I ; Sads2KMP=XSS (128, : I ;
SNH2KSP=XSS (129, : I ; SN02KSP=XSS (130, : I ; SS2KSP=XSS (131, : I ; Sads2KSP=XSS (132, : I ;
SNH2KSA=XSS (133, : I ; SN02KSA=XSS (134, : I ; SS2KSA=XSS (135, : I ; Sads2KSA=XSS (136, : I ;
SNH2fMA=XSS (137, : ) ; SN02fMA=XSS (138, : I ; SS2fMA=XSS (139, : I ; Sads2fMA=XSS (140, : I ;
SNH2KA=XSS (l41,: I ;SN02KA=XSS (142,: I ;SS2KA=XSS (143,: I ;Sads2KA=XSS (144,: I;

vvect o r of sens i t i.vLt y for the third t.ank xs rue t e
SNH3=XSS (145, : I ; SN03=XSS (14 6, , I ; SS3=XSS (l47, : I ; Sads3=XSS (l48, : I
SNH3f=XSS (149,: I ;SN03f=XSS (150,: I ;SS3f=XSS (151,: I ;Sads3f=XSS (152,: I;
SNH3YZH=XSS (153, : I ; SN03YZH=XSS (154, : I ; SS3YZH=XSS (155, : I ; Sads3YZH=XSS (156, : I ;
SNH3YZA=XSS (157, : ) : SN03YZA=XSS (158, : ) ; SS3YZA=XSS (159, : ) ; Sads3YZA=XSS (160, : ) ;
SNH3fZBH=XSS (161, : I ; SN03fZBH=XSS (162, : I ; SS3fZBH=XSS (163, : ) ; Sads3fZBH=XSS (164, : ) ;
SNH3muA=XSS (165, , I ; SN03muA=XSS (166, : I ; SS3muA=XSS (167, , I ; Sads3muA=XSS (168, : I ;
SNH3muH=XSS (169, : ) ; SN03muH=XSS (170, : ) ; SS3muH=XSS (171, : ) ; Sads3rnuH=XSS (172, : ) ;
SNH3KS=XSS (173, : ) ; SN03KS=XSS (174, : I ; SS3KS=XSS (175, : I ; Sads3KS=XSS (176, : I ;
SNH3KOH=XSS (177, : I ; SN03KOH=XSS (178, : I ; SS3KOH=XSS (179, , I ; Sads3KOH=XSS (180, : I ;
SNH3KNO=XSS (181, : I ; SN03KNO=XSS (182, : I ; SS3KNO=XSS (183, : I ; Sads3KNO=XSS (lB4, : ) ;
SNH3KNH=XSS (185, : I ; SN03KNH=XSS (186, : I ; SS3KNH=XSS (187, : ) ; Sads3KNH=XSS (188, : I ;
SNH3KOA=XSS (189, : I ; SN03KOA=XSS (190, : I ; SS3KOA=XSS (191, : I ; Sads3KOA=XSS (192, : I ;
SNH3etag=XSS (193, : I ; SN03etag=XSS (194, : ) ; SS3etag=XSS (195, : I ; Sads3etag=XSS (196, : I ;
SNH3KMP=XSS (197, : I ; SN03KMP=XSS (198, , I ; SS3KMP=XSS (199, : I ; Sads3KMP=XSS (200, : I ;
SNH3KSP=XSS (201, : I ; SN03KSP=XSS (202, : I ; SS3KSP=XSS (203, : I ; Sads3KSP=XSS (204, : I ;
SNH3KSA=XSS (205, : ) ; SN03KSA=XSS (206, : I ; SS3KSA=XSS (207, : I ; Sads3KSA=XSS (208, : I ;
SNH3fMA=XSS (209,: I ;SN03fMA=XSS (210" I ;SS3fMA=XSS (211,: I ;Sads3fMA=XSS (212,: I;
SNH3KA=XSS (213,: I ;SN03KA=XSS (214,: I ;SS3KA=XSS (215,: I ;Sads3KA=XSS (216,:);

»vect.cr of sensitivity for the f'ou r-t h tan): xsuncr e
SNH4=XSS (217, : I ; SN04=XSS (218, : I ; SS4=XSS (219, : ) ; Sads4=XSS (220, : I
SNH4f=XSS (221, : I ; SN04f=XSS (222, : ) ; SS4f=XSS (223, , I ; Sads 4f~XSS (224, : I ;
SNH4YZH=XSS (225, : I ; SN04 YZH=XSS (226, : I ; SS4 YZH=XSS (227, : ) ; Sads4 YZH=XSS (228, : I ;
SNH4 YZA=XSS (229, : I ; SN04 YZA=XSS (230, : I ; SS4 YZA=XSS (231, : ) ; Sads4 YZA=XSS (232, : I ;
SNH4 fZBH=XSS (233, : ) ; SN04 fZBH=XSS (234, : ) ; SS4 fZBH=XSS (235, : ) ; Sads4 fZBH=XSS (236, : ) ;
SNH4muA=XSS (237, : I ; SN04muA=XSS (238, : I ; SS4muA=XSS (239, : I ; Sads4muA=XSS (240, : ) ;
SNH4muH=XSS (241,:) ;SN04muH=XSS (242,:) ;SS4muH=XSS (243,:) ;Sads4muH=XSS (244,:);
SNH4KS=XSS (245, : I ; SN04KS=XSS (246, : I ; SS4KS=XSS (247, : I ; Sads4KS=XSS (248, : I ;
SNH4KOH=XSS (249, : I ; SN04KOH=XSS (250, : I ; SS4KOH=XSS (251, : I ; Sads4KOH=XSS (252, : ) ;
SNH4 KNO=XSS (253, : ) ; SN04KNO=XSS (254, : ) ; SS4KNO=XSS (255, : ) ; Sads4KNO=XSS (25 6, : ) ;
SNH4KNH=XSS (257, : I ; SN04KNH=XSS (258, : I ; SS4 KNH=XSS (259, : ) ; Sads4KNH=XSS (260, : I ;
SNH4KOA=XSS (261, : I ; SN04KOA=XSS (262, : I ; SS4KOA=XSS (263, : ) ; Sads4 KOA=XSS (264, : I ;
SNH4etag=XSS (265, : ) ; SN04etag=XSS (266, : ) ; SS4etag=XSS (267, : ) ; Sads4etag=XSS (268, : ) ;
SNH4KMP=XSS (269, : ) ; SN04KMP=XSS (270, : I ; SS4KMP=XSS (271, : I ; Sads4KMP=XSS (272, : ) ;
SNH4KSP=XSS (273, : I ; SN04KSP=XSS (274, : I ; SS4KSP=XSS (275, : I ; Sads4KSP=XSS (276, : I ;
SNH4KSA=XSS (277, : I ; SN04KSA=XSS (278, : I ; SS4KSA=XSS (279, : I ; Sads4KSA=XSS (2 BO, : I ;
SNH4fMA=XSS (281, : I ; SN04fMA=XSS (282, : I ; SS4 fMA=XSS (283, : I ; Sads4 fMA=XSS (284, : ) ;
SNH4KA=XSS (285, : I ; SN04KA=XSS (286, : I ; SS4 KA=XSS (287, : I ; Sads4KA=XSS (288, : I ;

avec t.c r of sensitivity for the. fifth tank Xê t he ta
SNH5=XSS (289, : I ; SN05=XSS (290, : ) ; SS5=XSS (291, : ) ; Sads5=XSS (292, : I
SNH5 f=XSS (293, : ) ; SN05f=XSS (294, : I ; SS5f=XSS (295, : I ; Sads5f=XSS (296, : ) ;
SNH5 YZH=XSS (297, : I ; SN05YZH=XSS (298, : I ; SS5YZH=XSS (299, : I ; Sads5YZH=XSS (300, : I ;
SNH5YZA=XSS (301, : ) ; SN05YZA=XSS (302, : I ; SS5YZA=XSS (303, : I ; Sads5YZA=XSS (304, : I ;
SNH5 fZBH=XSS (305, : I ; SN05 fZBH=XSS (306, : ) ; SS5fZBH=XSS (307, : I ; Sads5 fZBH=XSS (308, : I ;
SNH5muA=XSS (309, : ) ; SN05muA=XSS (310, : ) ; SSSmuA=XSS (311, : ) ; Sads5muA=XSS (312, : ) ;
SNH5muH=XSS (313, : I ; SN05muH=XSS (314, : I ; SS5muH=XSS (315, : I ; Sads5muH=XSS (316, : I ;
SNH5KS=XSS (317, , I ; SN05KS=XSS (318, , I ; SS5KS=XSS (319, : I ; Sads5KS=XSS (320, : I ;
SNH5KOH=XSS (321, : I ; SN05KOH=XSS (322, : ) ; SS5KOH=XSS (323, : I ; Sads5KOH=XSS (324, : I ;
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SNH5KNO~XSS (325, : ) ; SN05KNO~XSS (326, :) SS5KNO~XSS (327, :) Sads5KNO~XSS (328, : ) ;
SNH5KNH~XSS 1329,:); SN05KNH~XSS 1330,:) SS5KNH~XSS 1331,:) Sads5KNH~XSS 1332,:);
SNH5KOA~XSS 1333, : ) ; SN05KOA~XSS 1334, :) SS5KOA~XSS 1335, :) Sads5KOA~XSS 1336, : ) ;
SNH5etag~XSS 1337, : ) ; SN05etag~XSS 1338, ); SS5etag~XSS 1339, : ) ; aads ê et.eq=xs s 1340, : ) ;
SNH5KMP~XSS 1341, : ) ; SN05KMP~XSS 1342, :) ; SS5KMP~XSS 1343, : ) ; Sads5KMP~XSS 1344, : ) ;
SNH5KSP~XSS 1345, : ) ; SN05KSP~XSS 1346, : ) ; SS5KSP~XSS 1347, : ) ; Sads5KSP~XSS 1348, : ) ;
SNH5KSA~XSS 1349, : ) ; SN05KSA~XSS 1350, : ) ; SS5KSA~XSS 1351, : ) ; Sads5KSA~XSS 1352, : ) ;
SNH5fMA~XSS 1353, : ) ; SN05fMA~XSS 1354, : ) ; SS5fMA~XSS 1355, : ) ; Sads5fMA~XSS 1356, : ) ;
SNH5KA~XSS (357, : ) ; SN05KA~XSS 1358, : ) ; SS5KA~XSS 1359, : ) ; Sads5KA~XSS 1360, : ) ;

k=L; 101
~:t;r.apbs of the sens i ti v i ty functions for the SNH
;:Graphs for the first t.enk
figure (1)
subplot 19, 2, 1) ;plot Ik, SNH1, '):')
title (' Process variable Snhl')
ylabel (' 'vforrt s Lz e I B} SNHl' )
xlabel ( 1 \fontsize {B}discrete time k')

subplot(9,2,lB); plot (k,SNH1KA, 'k')
title (' scne t t Lvit.y function ~;nhl.Kl-:.')
ylabel ( "vf'orrt a.i z e {8} SNH1KA' )
xlabel ( •\ f ont.e i. ze {8} d i.s cr e t;e time, k ' )

~Graphs fo r t.he s e cond tank

subplotI9,2,2); plotlk,SNHlf, ',,')
title('Sensitivity function Snhlf')
ylabel ( , \ f cn t s Lae {8} SNHlf' )
xlabel ( I \ fontsize {8}discrete time, k' )

figure (2)
subplot (9, 2,1) ;plot (k, SNH2, 'k')
title (' PnïCe,5S ve.ri.ee ie Snh2')
ylabel ( •Vfonr.s Lc e (8) smr: ')
xlabell'\fontsi.z.e{(l)discret,e time k')

subplot (9,2,3); plot (k, SNHIYZH, 'k ! )

title( "ve r i eb.t e SnhlYZH')
ylabel ( "Vf orrt s Lze {8) SNH! YZH' )
xlabel ( ! \ rout s i ae {8}discrete time, r..' )

subplotI9,2,2); plotlk,SNH2f, 'k')
title( "Sen.si t.d v it y fïunc t Lon Snh2f')
ylabel (' 'vfont.s Lc e (8) SNU:f' )
xlabel ( "vf onr.sLae l ê }discrete t.ime, k ' )

subplotI9,2.3); plotlk,SNH2YZH, '):')
subplot(9,2,4); plot (k,SNHIYZA, 'k')
title (vva r.i acj e SnhlYZA')
ylabel (' \.fontsize f 8) SNHlYZF_' )
xlabel('\'fontsize{8}disc:rete time, yo')

title ('Vt:i.l:iable Snb2YZH')
ylabel ( "Vf ont.s Lc e le) SIm:::YZH' )
xlabel ( "Vf cnr.s i.c e (Ei) discrete time, k' )

subplot(9,2,S); plot (k,SNHlfZBH, 'k')
ti t.Le ( 'Sensiti vi tv function SnhltZBHT

)

ylabel ( •\ fontsi::e -(:3) SNHlfZBH I )

xlabel ( I di seLet€: t ime , k ' )

subplot 19,2,4); plot Ik, SNH2YZA, 'l:' )
title L'Ve.r Leb Le Snb:VZA')
ylabel ( '\, zor.r.s ice {8) SNH2YZA')
xlabel ( • \ f ont.s f ze {8}discrete t Jme , k ' )

subplot (9,2,6); plot {k , SNHlmuA, 1 k ' )
ti t Le ( I Sen.sL ti vi ty function SnhlmuA f)

ylabel (' vf ont.s Lz.e \ 8) !:)NHlmu.._~' )
xLabel ( • 'vfon t s Lce [B) discrete time, k' )

subplot(9,2,5); plot (k,SNH2fZBH, '1'.:')
title (' Se ns L't Lv-i t.y f urrct.Lon Snb2f'ZBH')
ylabel ( '\ f on t s i ze {8} S:r:ln2fZBH' )
x LabeLf t d.is cre t;e time,}:')

subplotI9,2,7); plotlk,SNHlmuH,'l:')
ti t.Le ( •Sens Lti vi ty function SnhlmuH')
ylabel ( • \ rcnt.s i ce {ij) SHHlmuH' )
xlabel l t d.i s cz e t e tilne,k')

subplot(9,2,6); plot(k,SNH2muA, 'k')
title( "gens t t i v i r.y r'enet.Lon Snh2muA')
ylabel (' \fontsize{8}SNH2muA')
x Labe I ( '\ fon t.af.ce {8} discrete time Ik' )

subplot 19,2,8); plot Ik, SNH1KS, 'J:' )
title ('Sensitivity function SnhlK.8')
ylabel (' \ ï ont.s i ce {8} SH'H1KS')
xl abel ('dis!.:rete time,k')

subplot (9, 2, 7); plot (k, SNH2muH,'k')
title('Sensitivity f unct.Lon Snh2muH')
ylabel ( '\ for.t.s i ze {8} SNH2muH' )
xlabel ('di.sc:t·ete tIme , J.::')

subplotI9,2,9); plotlk,SNH1KOH, '):')
title('Sensitivity function SnhlKOH')
ylabel ( '\ fonts i ze {8! SNHIKOH' )
xlabel (' Vf ont.s Lce [8 l dd s c i-et.e t tme , k')

subplot (9, 2, 8); plot (k, SNH2KS, ! k ")
title(
ylabel I' ')
xlabel ('discrete time, k')

subplotI9,2,10); plotlk,SNH1KNO, 't')
title( 'Sensitivity function SnhlKl\fO')
yiabel ( • \ fonts i ce {El} SHH1KNO')
xl abel ( • \ rcnt s i ce [8 }discret.e t.Lme , k')

subplot (9, 2, 9); plot (k, SNH2KOH,! k')

titie ( 'Sens i ti vi ty tuncr.i.cn Snb2KOH')
ylabel ( "vf on ts i ze {8} SNH2KOH' )
x!abel ('\fo~Jt.si~;e{8}discr:ete t.ime,k')

subplot (9,2,11); plot (k, SNH1KNH,'r~' )
ti t Le ( I Sensi ti vi ty funot tcn SnhlKNH')
ylabel ( '\ f ont.s i ze {8} SNHIKNH I )

xlabel ( '\ tont s i ::e {~~}disc ret.e t.Lme r J.;' )

subplotI9,2,10); plotlk,SNH2KNO, 'k')
title{ "rene i t Lv.Lt.y f'unc.t.Lon Sr,h2T:CNO')
ylabel ( •vtont size {8} SNH2YJ\lO' )
xlabel (' 'vronts t ae t a j o iec re te time, k ')

subplot(9,2,12); plot(k,SNHlKOA, 'r_')
title (' gensit i vi.t y funor.i.on ,snhlKOJl.')
ylabel { I \ fonts i ze {8} SNH1KQj\' )
x Labe L ( • \ fon t.s Lce {lj j d i sc ret.e time, k ' )

subplotI9,2,1l); plotlk,SNH2KNH, 'k')
title(
ylabel I '
xlabel (' \ fonta i ze {S j di.s cr et;e time, k ' )

subplot (9,2, 13); plot (k, SNH1etag, , k ' )
title (! Sensitivity func t.Lori Snh l e.t aq' )
ylabel ( ! 'cf on t s i ze {8} SNHletag' }
xlabel ( '\ I'on t.s I c e (ti j dtsc rer.e timet k' )

subplot 19,2,12); plot Ik, SNH2KOA, 'k' )
title (' Seneiti.v.i.ty function ~~nh.':.T()~\')
ylabel ( I \, font size {8} SNE2KOA' )
xlabel ( I 'vf ont size {8} discrete time, k • )

subplotI9,2,14); plotlk,SNH1KMP, 'k')
title (' Se ns i t Lv.it.y funct i.cn ,snhH\l'-1P')
ylabel ( I \ fontsize {8} StlHl¥-MP' )
xlabel (' v ï oote i ze t aj c i s c ce t e t Lmes k ")

subplotI9,2,13); plotlk,SNH2etag, "k ")
title ( "Sens i, ti.v:i.ty funct.Lon Snh~etaq')
ylabel (' vrcntsi ze t s j stcttze te.q ")
xlabel ( I \:font: size {8} d.is c re t e t ime, k' )

subplot(9,2,15); plot(k,SNHlKSP, 'k')
title (' Se na i t.LvLt.y func t i.cn Snhl.KSP·)
ylabel ( '\ f cnt.a.i ze {8} SNHIKSP' )
xlabel ( '\, fonts Lae f 8 j dLsc r e t.e time, k ' )

subplotI9,2,14); plotlk,SNH2KMP, 'k')
title( 'Sensitivity func't i.on Snh~:Kl:,fF")
ylabel ( "Vrou t sLze {(i} SNH':1:\I1P')
xlabel ( I 'cf'orrt s i.z e {8 j d.i sore t e time, k ' )

subplot(9,2,16); plot(k,SNHlKSA. 'k')
ti tIe ( •Sens 1ti vi t.y function SnhU\SA')
ylabel ( I \fontsi.ze {8} SNHIKS~\' )
xl abel ( "vfcrrt e i ze {8} di SCI~;;te t dme, k ' )

subplotI9,2, 15); plot Ik,SNH2KSP, 'k')
ti 't Le ( I Serrs i t.i vi ty function S:nh~KSI")
ylabel (' 'vr ont s i.ae ((<} ~;l'H-j':KSP')
x Labe I ('\tontsize{B}d.isc!'t:,te t i.me , r_')

subplot (9,2,17); plot (k, SNHlfMA, 'k' )
title ('Sensit1vit·./ function Snhlfl"Lz,_'}
yLabe L ( ,\ fontsize{ 8} SNHl fMA' )
xlabel ( '\ f ont ai ze {8} discrete 't i.me, k ' )

subplot (9,2, 16); plot (k, SNH2KSA,'k' )
title( "Sens i t.Lv i t y function ::;nh:::KS_:r:._')
ylabel (' 'vfonr.s Lce [B 1 SNH~KSA')
xlabel (' 'vr ont s i zc La j d.t s c re t.e tJme , J.::')

subplot(9,2,17); plot(k,SNH2fMA,'k')
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title (' Sensitivity funct.i.cn Snh:n1..t..')
ylabel ( , \.fontsize {B} SNH:::tHl,.' )
xLabe L ( '\ forrts i. ze {8} di ec r e t e time, k ' )

subplotI9,2,lB); plotlk,SNH2KA, 'k')
title (' se nsi t.r.v.Lt y function Snh:::K..~')
ylabel ( '\. font s.i ze {B} SNH::::l~A')
xlabel ( ,\. fontsize {8} d.i s c re t e time, k' )

'sqz-apha for SNH var-i eb Le in t he thi.r:d tank

figure (3)
subplot (9, 2, 1) ;plot (k, SNH3, 'k')
title ( 'Process variable Snh3')
ylabel (' 'vfon r.s Lce (ij} SNH.3' )

xlabel ( '\ fontsize {8} discrete t.Ime r.:')

subplot(9,2,2); plot(k,SNH3f, "k ")
title ('Sensit.ivity function Sn.h3f')
ylabel (' 'vf ont.s a ce (8) SNH3f' )
xlabel ( '\fontsize {8} discrete time, k ' )

subplot 19,2,3); plot Ik, SNH3YZH, 'k' )
title L'Vë r i.ab Le Snh:~YZH')
ylabel ( '\ fon t s dze [8) SNH3YZH')
xlabel ('\.fontsize{tJ}discrete ttme , r.')

subplot(9,2,4); plot (k,SNH3YZA, '}:')
title ('Vo.riable ~;nh3YZ;'_')
ylabel ( '\fontsi:.e (8) SNH3YZA')
xl abel ( "Vf on t s a ce (fl) discrete time, k ' )

subplot 19,2,5); plot Ik, SNH3fZBH, 'k' )
ti tle ( 'Sensi ti vi ty functi.on Snh3fZBH')
ylabel ( '\ fonts t ce {&) SNH3fZBB' )
xlabel ( "di s c r e t e time, k ' )

subplot 19, 2, 6); plot Ik, SNH3muA, 'l':' )
ti t.Le ( I Se ns Lti vi t.y funct.ion Snh3muA')
ylabel ( '\ f ont e i ze {e} snH3muA' )
xlabel ( '\ f ont.s Lze (B) dá s c r-er.e time f k ' )

subplot (9,2,7); plot (k, SNH3muH,'t' )
title (I Sensitivity function Snh3muH')
ylabel (' \ ronts i ze t 8} SNH3muH')
xlabel ('disc:rete time, k')

subplot (9, 2, 8); plot (k, SNH3KS, 'k')

title (' sens i t ivt t.y function 5nh31<S')
ylabel ( '\ fonts i ze f 8} SNH3KS' )
xlabel ('discrete ti.It',e,}:')

subplotI9,2,9); plotlk,SNH3KOH, 'k')
title (I se ns Lt Lvi r y function Snb3.KOH')
ylabel ( '\ fon te i ze {8} SJJ"H3KOH')
x Labe I ( '\ f'ont.s i ze {8} di s c ne t.e time. k r }

subplot(9,2,10); plot (k,SNH3KNO, 'r.')
title (' Sensitivity function Snh3h1--JO')
ylabel ( I \. fontsize {8} SUH3KHO' )
xlabel (' \ ronc e i ce {lj j df s c re t.e time, k ' )

subplot (9,2,11); plot (k, SNH3KNH,'k' )
title (' se ns t tLv.Lt.y function Snh3KNH')
ylabel ( ,\ fontsize {8} SNH3KNH')
x l abe L ( '\ fonts i. ze {8} di e c r e t.e time, k ' )

subplot{9,2(12); plot(k,SNH3KOA, 'kl)

ti t.Le ( "Se n s i,ti vi ty function Snh3KOl~')
ylabel ( '\. fontsize {8} SNH3KOP,')
xlabel (' \ fon t s i ze{ 8 j d.i s cz e t.e time, k ')

subplot(9,2,13); plot (k,SNH3etag, Ik')

title (' Sensitivi.ty function Snb Set aq ")
ylabel { 1 'vfont s i.ae {8} SNH3etag' )
x Labe I ( ,\. fontsize {8} d.i ac re t e time, k' )

subplot 19,2,14); plot Ik, SNH3KMP,'k' )
ti t Le ( 'Sens i ti vi ty function E.nhTEJ1P')
ylabel ( '\ fonts.ize {(I} SNH3I"3.'1P·)
xl abel ( • \.f ont s.i ze {8}discrete time, k' )

subplot 19,2,15); plot Ik, SNH3KSP, 'k' )
title ('Sen.sitivit::.' function Snh3KSF")
ylabel ( '\. fontsize {iJ} :31'111:n::SP' )
xlabel ( '\. fon t s i ze {8} d i.s cr e t e t.dme , k ' )

subplot 19, 2, 16); plot Ik, SNH3KSA, 'k')
title('Sensitivit -,, function Snh3KSA')
ylabel ( "vr ont s r.ae (B} SNH':~KSA')
xlabel t ' vf ont s.i ze I 8 l d.i.scz'e't e time, k ")

subplotI9,2,17); plotlk,SNH3fMA, 'k')
t.Lt.Le Lt Sens Lt.Lv i tv f unc t Lon Snh3f!·U~.')
ylabel ( '\fontsi::e -(8} SNH3.fl'11;.')
xlabel (' Vfont s Lzet a l d.is c r e't e ti.me , y_')

subplot(9,2,18); plot{k,SNH3KA, 'k')

ti tle ( "Se ns i ti vj. t-y Eunct.Lon ~:nh3KI~')
ylabel ( I 'vronr Si2./~{8} SNH3IO,' )
xlabel (' \ for.t.s i ze {8} d iscr e t e timer k ' )

%Graphs for t.he sensitivity f'unc't ion s [()!: SNH in t.he tank

figure(4)
subplot(9,2,1) ;plot(k,SNH4, 'k')
ti tle ( "r-roces e variable Snb4')
ylabel ( '\ rcnt.st ce {t:} SNH4')
xlabel I 'Yront s t ze t e j df.s cr e t.e time k' )

subplot(9,2,2); plot(k,SNH4f, 'k')
title( "scnei.t ivi t v f'unc t.Lon Snh4f')
ylabel (' \ tont.s Lce -{;3} SNH4f' )
xlabel ( I \ f ont.s a z e (e) discrete time, k ' )

subplot 19, 2, 3); plot Ik, SNH4YZH, 'k')
title L'Ve.r LabLe Snh4YI:n')
ylabel (' \tont.f5J.~:e{B}SNH4YZH')
xlabel ( , vf onr.s i.c e {8) discrete t LmeIk' )

subplot (9,2,4); plot (k , SNH4YZA, '"l:' )
ti tle ('Variable Snh'l YZA' )
ylabel ('\f.ont.sl:::e{8}SNH4YZ,_Z\.')
xlabel ( "vf onr.s a ae (8) d.i sc r e t;e time, k ' )

subplot(9,2,5); plot (k,SNH4fZBH, 'k')
ti tle ( "Se ns at i.v'i t-y funct.ion Snh4 fZBH' )
ylabel ( '\ fc nt.s i ze {8} SNB4 fZBH' )
xlabel (' discrete timev k")

subplot (9, 2, 6); plot (k, SNH4muA,'k')
title( 'Sensitivity f unot.Lcn Snh êmuê ")
ylabel ( '\ f on t.s i ze {8} SNH4mu.A.')
xlabel ( '\ ront.s I ce {8} d i.sc ret;e time, k ' )

subplot (9,2,7); plot (k, SNH4rnuH,'k' )
title (' sens t t i vt.t.y function Snh4muH')
ylabel ( 1 \font size {8} SNH4muH')
xlabel ( 'd:l serete t.Lrne , k' )

subplotI9,2,B); plotlk,SNH4KS, 'k')
t.Lt.Le t t Sensi t Lvd t.y runcr.t on Snl:l41~3')
ylabel ( "vf crrt s i.z e {8} ~~NH4KS ' )
xlabel ('discrete t.Lme , k')

subplotI9,2,9); plotlk,SNH4KOH, 'k')
title (' s eus i tivt.t.y tunet ton ;.;nh4EOH')
ylabel ( 'Ytcnt s i ae {8} SNE4KOH' )
xlabel('\fontsize{8}discxete time,k')

subplot I9,2,10); plot Ik, SNH4KNO,'k' )
title (' sens i t.Lvf.ty f'uncti.on $nh4KNQ')
ylabel ( '\ tont s.ï.ae {8} SNH4 KNO' )
xlabel (' \ Eont.s i ze {8 j di.s cr e t.e time, k' )

subplot 19,2,11); plot Ik, SNH4KNH,'k' )
t Lt Le t t sensi t Lvt.ty Eunc t i.on Sr,h41-cJJH')
ylabel ( "vf'on t sLz e {f.l} SNH4KNH' )
xlabel ('\.fontsize{8}discr·",'te t ame s k ")

subplot 19,2,12); plot Ik, SNH4KOA,'k' )
title (' Sene i t.Lvj.ty functi.on ,2,nh4l:\OA')
ylabel ( 'Yront sLz e {8} SNH41{OA' )
x Label ('\£\.·mtsize{8}discrete tLme s k")

subplot(9,2,l3); plot (k,SNH4etag, 'j.,;')

title( "s ens i r.Lvi t y f'unc't Lon Snhé et.aq ")
ylabel { 1 Vf on t s Lze {8} SNH4"~tag·' )
xlabel (' 'i tont s Lae t aj dis cre t e 't une, }o.. ')

subplot(9,2,l4); plot(k,SNH4KMP,'k')
ti t.Le ( "Sens i.t.i vi ty f'unc't i.on Snh,jKl:1P')
ylabel ( "Yfon t xi.ze {8} :::>NH4K!1P' )
x Lebe I ( ! 'ir orrt s l z e {8} cLscre t e tLrne , k ' )

function Sn114KSP')
ylabel (' Vf on tsf.ze {(q SNl:.i"4ESP·)
xlabel ('\fonts.ize{B}discrete time,}';:')

subplot (9, 2,16); plot (k, SNH4KSA,'k' )
title (' function Snh4KS.A')
ylabel ('\font.si:;e{ };'.iNH4ESA')

xlabel (' 'vrcnts iz e {e j d.ts cr e t.e t..im.e,}:')

subplot (9,2, 17); plot (k, SNH4fHA, 'J:' )
title ( "sens jt.i vi ty f unc t i.on Snh4 tNA' )
ylabel ( "vfont.s Lce {8) SNH4f:"H_[,._')
xlabel ( '\ f crrt s Lze {e} df.s cre t.e ti.me 11':.' )

subplot(9,2,18); plot (k,SNH4KA, lj:')

title ( "sensitt vt t.v f uuc tLon Snh-1Kl\')
ylabel ( "Vf onr.s i.z e {8) $NH4Kl>,.' )
xlabel ( "vfon t.s Lce {8) d.i.sc r e t.e time, k ' )
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~:Grápf for the sens it LvLt.y functions of the variable SNH in
the tank El
figure (5)
subplot I9, 2, 1) ;plot Ik, SNHS, 'k' )
title (' Process ve r-LabLe Snhó ")
ylabel ( I \fontsize {8} SI'JH:' I )

xlabel ( 1 \ font size {8} d.is cz'e t e time Y.. ')

subplotI9,2,2); plotlk,SNHSf, ',_')
title( 'Sensitivity function Snh5fl)
ylabel ( 1 \fontsi.ze {8 j SNHSf I )

xlabel ( 1 Vfont s Lae {B}discrete time, k' )

subplotI9,2,3); plotlk,SNHSYZH, ',;')
title ('Va.riable Snh5YZH')
ylabel (' \fontsise (el SNH5YZH ')
xlabel ( '\fontsi.ze {8} discrete ti.me,}.:')

subplot(9,2,4); plot (k,SNH5YZA, 'k')
title ('V8riab.le Snh5YZJI..')
ylabel {, \ fon t.s Lce (8) SNH5YZ}>.' )
xlabel { I \ fontsize {8} da.s c r et;e t.Lme i k ")

subplot(9,2,5); plot (k,SNH5fZBH, 'k')
ti t Le ( "ser.s i t i vi ty function Snh5fZBH')
ylabel ( "Vf on t s i ae (8) SHH5 fZBE' )
xlabel ( I di acr.et;e t Ime , k ' )

subplot (9,2,6); plot (k, SNH5muA,'):' )
title (' Sensiti v it.y function Snh5:muA')
ylabel ( '\ fon t.s t ce {8) SNH5muA' )
xl abel ( '\ ront s r ce (8} discrete time, k ' )

subplot (9, 2, 7); plot (k, SNH5muH,'J..:')
ti t.Le ( 'Sensi ti vi ty function snh5:muH')
ylabel ( '\ fonts i ce {ti} SNH5muH I )

xlabel ( •discrete time, k' )

subplot 19, 2, B); plot Ik, SNHSKS, 'k')
title (' Sensitivity f'unc t Lon SnhSKS')
ylabel ( • \ fontsi ze {8} SHH5KS' )
x Labe Lf t d.i s cz e t e time,k')

subplot 19,2,9); plot Ik, SNHSKOH,'k' )
ti 't Le ( I Sensi ti v-i ty function Snh5KOH I )

ylabel ( '\ fonts i ze {8} Sm{SKOH' )
xlabel (' \fontsi::e(8}discret.e time, k')

subplot 19,2,10); plot Ik, SNHSKNO,'lo' )
ti t.Le ( 'Sensi ti vi r-y funct.ion Snh5KNO ')
ylabel {, \ fonts i ze {3} SNH5KNO' )
xlabel (' \ tontsi::e {El} d i s c.re t.e t imev k ")

subplot 19,2,11); plot Ik, SNHSKNH,'t' )
ti tle ( "Se ns á ti vi t.y function Snh~,KNH1 )

ylabel ( , \ f cnt.s i ze {e} SnH5KNH' )
xlabel ( I \ f ont.s i ze {8 }di SCIete time, k ' )

subplot (9,2,12); plot (k, SNH5KOA,"k ' )
title ( "see e i ti vi.r.y function Snh5KOJ'1.')
ylabel ( '\ fontsize {8} SNfI.SKOAI )

xLabe L( '\ fonts i ce {8} da screr.e t trne , k ' )

subplot (9,2,13); plot (k, SNH5etag, 'k' )
title t ' Sensitivity f unc t.i.cn Snh Se t aq ")
yl abel ( '\ fontsize {a} SNH5etag·' )
xlabel ( '\ fontsi ze {8}di s c.r e t.e time, x ' )

subplot{9,2,14}; plot (k,SNH5KMP, 'k')
ti tle ( "Se ne i t.i.vi ty function Snh.:',h""MP·)
ylabel ( 'Yr ont s Lae {8} SNH.:itJ:1P')
xlabel { I \ fonts i ze {B t o i screre t.imev k ")

subplot (9,2,15); plot (k, SNH5KSP,•k' )

ti tle ( "Se ns i ti vi ty tunet .Lon Snh51:S P' )
ylabel ( '\ fonts i ze {8} SNHSKSP1 )

xl abel ( ,\ fonts Lae {8} discrete time, k' )

subplot (9, 2, 16); plot (k, SNH5KSA,'k ')
title('Sensitivity function Snh5KSF.')
ylabel ( ! vfont s Lze I El} SNH::,I:SJ'1.I)

xlabel ( '\ fontsize {B} discrete time. k' )

subplot(9,2,17); plot(k,SNH5fMA, 'k')
title( "sens t t av.t t.y function Snh5fHA')
ylabel { ! \fontsize {8 }SNH:dMA! )
xlabel {''. fontsize {8} d.i s c re t e time. k ' )

subplotI9,2,lB); plotlk,SNHSKA, 'k')
ti t Le ( "Se ns i ti vi t;'....func t Lon ~3nh5Y..A')
ylabel ( I \ f ont.s a.z.e(8} SNHSI":""\' )
xlabel ( '\ font size {tl} df.ac r et e time, y' )

'l;Graphs cf t.he sens I t.Lv.Lty functions for t.he SNO
~Gr(1phs of t.he sens Lt i v t t.y functions (Jf t.he ca r iab Ie SNO in
the tank 1
figure (6)
subplot 19, 2, 1) ;plot Ik, SNOl, 'k' )

title( 'Process variable SNOl')
ylabel (' Vf ont si.ze {8} SNOl')
xlabell'\fontsize(8)discIde 'ti.me k' )

subplot (9, 2, 2); plot (k, SNOlf, 'k')
ti t.Le ( "sene i ti vi t.y f uncti.on .SNOlf')
ylabel ('\fo:ntsize{8}SN01.f"')
xlabel ( I 'vf on't s.i ze {8} d.i s c.re t.e time, k ' )

subplot (9,2,3); plot (k, SNOlYZH, 'k' )
title( 'Variable SNOIYZH')
ylabel ( 'Yf'orrt si.ze {f3} SN01.YZH')
xlabel ( '\fontsize {8} d i ac.re t.e time, k' )

subplot(9,2,4); plot(k,SNOlYZA, 'k')
title ('Vari/:lble ~?NOIYZJ..')
ylabel ( '\ font size {8) SN01YZA' )
xlabel ('\fontsi.ze{f3}discr·ete tLrne , k')

subplotI9,2,S); plotlk,SNOlfZBH, 'k')
ti t.Le ( 'Sens i t.i vi ty f unc't Lon :':;NOlfZBHI)

ylabel ( "vtont stae t fj} ~;NOlfZBH')
xlabel (' df s c.re t.e t.Lrne , k')

subplot (9, 2, 6); plot (k, SNOlmuA, , k 1)

title{ "s ens i ti.vt t y function SNOlmu.!I.')
ylabel {'\ -ont si zc {Ij} ~;!\jOlrouA')
xlabel ( "vf on't s.i ze 1.8} discrete tIrae , k ' )

subplot(9,2,7); plot (k,SNOlrnuH, 'J:')
t Lt Le t t sen s i ti v t ty f unc't i on SNOlmuH')
ylabel (' \f~mu,i::e {e) SHOlmuH' )
xlabel ( I c i sc rete t.Lrne sk ")

subplot(9,2,B); plot (k,SNOIKS, 'J.-.:.')
title (1 Se). ..s it.Lv it v function SHOIKS1)
ylabel (' \£ont_Si:::e~{ ti} SNOlKS')
xlabel (' discrete time, k' )

subplot (9,2, 9); plot (k, SNOIKOH,,):' )
ti tle ( "Sen.sL t.i.vi ty funct.Lon SN01KOHI )

ylabel ( "vf ont.s i.ce {8) ~;NOIK()H' )
xlabel ( "vf on r.s f.z e {8) d Lsc.re t;e t.Lme , k ' )

subplot (9,2,10); plot (k, SN01KNO,'L')
title( "s ens t t Lvá r.v f.unc t i.on SN01.KNO')
ylabel ( '\ f cnt.s I ce {8 iSNOJ.KNO')
xlabel (' vf cnt s f.z.e l Bj d.i.sc r e t.e t.Lme s k")

subplot (9, 2,11); plot (k , SN01KNH,']:' )
title (' runct icr, SNOJ.KNH')
ylabel ( , SNOJ.KNH' )

x Labe L ( "vf onr.s a ae {8} discrete t.ime, k ' )

subplotI9,2,12); plotlk,SN01KOA, 'k')
title(
ylabel I '
xlabel (' \font.si:::€: (8) discrete time, k ' )

subplot (9,2,13); plot (k, SNOletag, 'y~' )
title (' sens t t i.v.i ry f unct.Lon SN"01etag')

~i:~:ii ::~~~~~~::;~~=~~i~~J~~~~~.~!'~ime, j~' }

subplotI9,2,14); plotlk,SN01KMP, 't')
title{ "Se ns tt i vd t.y funct.Lon SN01KHP')
ylabel ( '\ f on ts i ze {a} SNOJ.KHP' )
xlabel ( • \ Iont.s i ce {B} discrete t.ime , k I )

subplotI9,2,15); plotlk,SN01KSP, 't')
ti t.Le ( "Sen s i t i vi. ty fur.c t.Lon SNOll:SP')
ylabel ( • \ t'on t a i ze {S} SNOJ.KSP' )
xlabel {'\ font.s i ce {8} d i.sc.r e t e t.i.me , k 1 )

subplot 19, 2, 16); plot Ik, SNOlKSA, 't' )
t Lt Le t t se ns t t ivi t.y function SN01K:;A')
ylabel ( 'Yf'crrta.i ze {8} StJ01KSA' )
xlabel ( , \ rcr.r.s ic e {t;} d.l s cret e time, k ' )

subplot(9,2,17); plot (k,SNOlfMA, 'k')
title( "senslt ivt t.y funot.Lcn SNOJ..:f:""l"·1A')
ylabel (' Vf orrt s i ze {8} SNC;lfMA' )
xlabel ( '\ fo nt.e i ze {cl} di.sc.r e t.e time, k ' )

subplot(9,2,18); plot (k,SN01KA, 'k')

ti t.Le ( "sense tiv:i.t.y f unot.Lcn ;.;lil01EA·)
ylabel ( '\f.'ontsize {8} SN01Y..A')
xlabel ( • 'vf'orrt s i.z e {8} c iscre t e time. k ' )

1.,Graplls of the aens i t.Lvl.t.y func ti.orrs for the va r iab Le suo In
t.he t e nk :.::
figure (7)
subplot 19, 2, 1) ;plot Ik, SN02, 'k')
ti tle ( I Pr-c ce s s ve ri eb Le SN02')
ylabel ( "vrcat.s i ce {t.) :31m::.' )
xlabel ('\fontsiz.c{8}discr.-ete 't a.rne k')

subplotI9,2,2); plotlk,SN02f, 't')
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t.t t l e t t se ne tt Lvi.t.y function SNO:::f')
ylabel ( 1 \ f orrt s i.ae {8} SNO:f' )
xlabel ( '\ font Ei i ze {8} di ac r e t.e t tme , k ' )

subplotI9,2,3); plotlk,SN02YZH, 'k')
title ('Variable Sn02y.ZH')
ylabel ( I \ f orrt s Lze {8} Sl-lO:YZH' )
xLabel ( '\fontsize{ 8 l d.i s c re t c time, k')

subplot I9, 2, 4); plot Ik, SN02YZA, 'k' )
title ('Varia.ble SN02Y~~A')
ylabel ( I 'vforrt s Lae {8} SNO:YZ.n.' )
xlabel ( ,\ fon t e i ze {8} d.i s c r e t e time, k' )

subplotI9,2,5); plotlk,SN02fZBH, 'k')
ti tle ( 'Sensi t.ivi tv function SN02fZBH')
ylabel (1 \fontsize{ 8} SNO:::rZBH' )
xlabel ('discl.'et.e time, k")

subplot 19, 2, 6); plot Ik, SN02muA, 'k')
ti tle ( 'Sensi ti vi ty func t i cn SH02ml.lA')
ylabel ( 1 \fontsize (B} SNO::rouA')
xLabe L( ,\ font size {8} di SCI·e-t~: time, k ' )

subplot 19, 2, 7); plot Ik, SN02muH, 'k')
ti t.Le ( "Sens i.ti vi ty function SN02muH')
ylabel ( '\ fontsize {,3} ~;NO::rouH')
xlabel ( 'di s c re t.e time, k ' )

sUbplot(9,2,8); plot (k,SN02KS, 'k')
ti tle ( 'Sensi ti vi tv function SN02KS I )

ylabel ( '\fontsi:;e"( B) SN02ES I)

xlabel ('discret.e t lrne , k')

subplot (9, 2,9); plot (k, SN02KOH,'k' )
ti t Le ( "Serrs Lti vi ty function SN02KOH')
ylabel ( •\ f on ts ace {B 1SH02KOH')
xlabel ( '\fontsize {8}di.screte time, k ' )

subplot(9,2,lO); plot(k,SN02KNO, 'k')
title \ 'Sensi ti vi ty function SN02KNO')
ylabel ( •\ f on t s aae (8) SH02KNO' )
xlabel ( , ', ront s t ce {8] da s c r er.e time Ik' )

subplot 19, 2, 11); plot Ik, SN02KNH, 'k')
ti t.Le ( "sens i t.i v i ty function SH02KNH')
ylabel ( • \ fonts i:.e {£1} SNH2KNH')
xlabel ( '\ forrt s a ze {B} discrete time, k ' )

subplot 19,2,12); plot Ik, SN02KOA, 'k' )
title ( 'Sensi ti vi ty function SN02KOA')
ylabel ( '\ Ecn t.s i ce {8} SH02KOJ\.' )
xlabel ( . \ f ont.s Lce {"8} discret.€ time (k' )

subplot 19,2, 13); plot Ik, SN02et.g, 'y_' )
ti t.Le (I Sensiti vi ty function SN02etag')
ylabel ( , \ fonts i ze {S} srrozetac ' )
xlabel('\fontsi:;e{8}discrete time,k')

subplotI9,2,14); plotlk,SN02KMP, 're')
title (' Sensitivity function SN02Kl-1P')

ylabel ( '\ rcnt.e i ce {El} SN02KHP' )
x Label ( '\ fon t.s i ce {S} dd sc re t.e t áme , k ' )

subplotI9,2,15); plotlk,SN02KSP, "~_'i
ti tle ( I Sensi ti vi ty function SN02KSP')

ylabel ( '\ rcnt e t ze {8 r SN02K~"3P')
xlabel (' \ rcnt.s i c e {8) d i s cre t.e time, J.;:' )

sUbplotI9,2,16); plotlk,SN02KSA, 'k')
title (I s e ns l t Lva.ty f'unc t.Lon SNO~KS!'.')
ylabel ( , \ font.s i ze {S} StJ02KSA' )
xlabel ( '\ fonts i ce {8} c i sc ret.e time, k' )

subplot (9,2,17); plot (k, SN02fMA, 't' )
title (I sens i t i.vi t.y function SN02fY_u:._')
ylabel ( "Vforrt s i ze I 8} SNQ2fHA')
xlabel (' \ fon t s Lce {ti) d i sc r et.e t.Lrne , k')

subplot(9,2,l8); plot(k,SN02KA, 'k')
ti tle ( I g ens i ti vi ty funcr.Lon SNO:::KA')
ylabel ( I \ fontsize {8} ~~N02KJ.I..')
xlabel ( , \ fonts i ze {e) di s c t e t.e 'ti.me , k ' )

~GraFhs for the variable SHO in the tank

figure (8)
subplot 19, 2, 1) ;plot Ik, SN03, 'k')
title (' Puoces s ve z-dab Le SN03')
ylabel ( . \fontsi:::e (ij} SN03' )
xl.bell'\fontsize{>l)di.s.:ret.e t.jme f:')

subplot(9,2,2); plot(k,SN03f, 'k')
title( "sens Lt iv i t y function SNOJf')
ylabel ( •\ f ont.s Lce [8) 5NO.3fI )

x Labe L ( • \ ronr.s a ce (Sj dd sc ret.e t i.rne, k ' )

subplot(9,2,3); plot (k,SN03YZH, 'k')
title( "ve r Leb l e SN03YZH')

ylabel ( I 'vf crrt s Lze {8} SN03YZH' )
xlabel ( '\ tont s ize {8} discrete t.Lme s k")

subplot (9,2,4); plot (k, SN03YZA, 'l~.')
title( 'Va r i ab Le SN03YZA')
ylabel ( '\fontsize (El} SN03YZA' )
xlabel (' 'vf'on't s i ze I Bjd.is cze t.e t.Lme s k")

subplot (9,2,5); plot (k, SN03fZBH, 'k' )
title( "Sercai.t.Lvit y function SIJ03fZBH')
ylabel {' Vrcnt s tae (lj} SH03fZBH' )
xlabel (' discr-ete time, k ' )

subplot (9, 2, 6); plot (k, SN03muA, 'k.')
title( "sens i.r.i v it v zuect i on SI.JG3muJ\')
ylabel ( I \ f ont.s Lze (8 j SN03mu}".')
xlabel ('\fo:ntsize{8}discIï~te t.Lrne, r_')

subplot (9,2,7); plot (k, SN03muH, 'k 1 )

title (' Serrs Lt.Lvrt v function SN"03muB')
ylabel ( I \font.si:::e"{ 8} SN03muH I)

xlabel (' dd.s c r-et.e time, k ' )

subplot (9,2,8); plot (k, SN03KS, 'k' )
title (' sensLt.i.vat y function SN03KSI)
ylabel ( I \ f ont.s Lce {ti} SN03KS I )

xlabel ( 'discrete time, k I )

subplot 19,2,9); plot Ik, SN03KOH, 'I:' )
title (' SerrsLti.v it.y function SNQ3KOH')
ylabel ( , \ ront.s t ce (B} SN03KOH' )
xlabel (' 'vf on t.s i ce (8) discrete time, k' )

subplotI9,2,10); plotlk,SN03KNO, 'I:')
title (' Sensitivity fu nc t i on S!JQ3KNO')
ylabel ( '\ tont.s t ce {8} SN03?\'-NO')
x Labe L r ' vrcnts t ae {8} dasc r e t e time, k ' )

subplotI9,2,11); plotlk,SN03KNH, 'l:')
ti t.Le ( I Sensi ti v i.t-y function SN03KNHI )

ylabel ( • \ tont e i ze {S} SN03KNH' )
xlabel ( '\ font.s Lce (8 idiscrete time, k' )

subplot(9,2,12); plot (k,SN03KOA, '}:')
t i t.Le t t sen s t t i vá r.y function SN03KO~;:'.')
ylabel ( '\ f cnts i ze {8} SN03KOA' )
xlabel ( '\ tont.s i ce {8} di ecrc te time, k ' )

subplot (9, 2,13); plot (k, SN03etag, '}:' )
title (1 Sen s Lt i vá t.y f unc'tLon SN03etag')
ylabel ( I \ Eorrt.s i ze {8} SN03et.ag I )

xlabel (' \ ront.et ce (8} di s cre t;e t.ime , k ' )

subplot (9, 2, 14); plot (k, SN03KMP,Ik ')
title( ·SensithTi.t.i f unct.Lon SN03Kl"1P')
ylabel ( , \ f onts i ze {B} SN03KNP I )

xlabel('\font..size{8}di.scret.e 't i.mei k ")

subplot (9,2,15); plot {k , SN03KSP, Ik' )
ti t.Le ( 'Sens i tLvd t.y funot.Lon SN03I:\SP')
ylabel ( I \. rant size {S} SN03KSP' )
xlabel ( , \ Lont.s I ::;10 (8} discrete time, k ' )

subplotI9,2,16); plotlk,SN03KSA, 'k')
title ( functi.on SN03T<SA')
ylabel ( I } SN03KSA' )
xlabel('\fontaize{Sldiscrete time,k')

subplot 19, 2, 17); plot Ik, SN03fMA, 'k')
title(
y l abe L I '
xlabel ( "v f ont.a i ze {8 l dd.ec r e t.e time, k ')

subplot 19,2,18); plot Ik, SN03KA, "k ' )
ti t Le ( 'Sens i t i.v i. t.y f uncti.on ~;N03EA')

ylabel ('\fontsize{8}SNCJ3KA')
xlabel ( "Vf ont; si ze {8 j d.i s c r e t e t Lme, k' )

i!.Graph.s for t.he sens i.t iv.i t v runcr icns for SNO Ln t.he tank 4

figure (9)
subplot (9, 2,1) ;plot (k, SN04, 'k ')
title (' Pr-oce sa ve.zi.abLe SNOlt I)

ylabel (' 'vfonr.s Lze 18) SH04')
subplot (9,2,3); plot (k, SN04YZH, 'k ')
title( 'Variable SNO·1YZ.U')
ylabel ( I \ font size {8} Sl'JCJ4 ÏZH' )
xlabel ('\fontsize{S}disr;"r::t'!t:e 't i.mei k")

subplot(9,2,4); plot (k,SN04YZA, 'k')
title( "va rieb Le SNO-1YZA')
ylabel ( I \ tont s Lee {8} ~·:r.JC)4YZA' )
xlabel (' vf'crrt s i z e Lê j d.i s c r et.e time, k')

subplotI9,2,5); plotlk,SN04fZBH, 'k')
ti tle ( "Sens i,t.i vi ty func't i.on SN04fZBE f)
ylabel (I \fontsizf:!{'3}SH04:fZBH')
xlabel ( I d.i s cr e t e time. k t )
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subplot{9,2,6); plot {k,SN04muA, 'r.:')
ti tle ( •Sen e i.ti vi t.y f unc t.d on SN04mul>.·)
ylabel ( , \ forrt s i ze {e} SNQ4muA')
xlabel ( '\ fontsi ze{ 8 j d isc r ete time. k' 1

subplot(9,2,7); plot (k,SN04muH, 'k')
title ( ! sens t ti vi r.y funct.ion SN04muH')
ylabel ( I \ fontsize {8} SN04muH' )

xLabe L (' discrete 't i.me s k ' 1

subplot (9,2,8); plot (k, SN04KS, 'k' )
ti tle (' Se ns i t Lvi r y function SN04KS')
ylabel ( ,\ fontsize {8} SN04KS' )

xLabe I ( 'di.screte time, k ' )

subplot (9, 2, 9); plot (k, SN04KOH,'k')
ti t.Le ( 'Sens i.ti vi t.y f unc t.Lcn SN04I<OH')
ylabel ( "v forrt s i.ae {8} SN04 KOR' )
xlabel ( '\ fc nt.s i ze {e} di sc r e t.e time, k ' )

subplot (9,2,10); plot (k, SN04KNO,1 k ' )
ti t.Le ( 'Sens i ti vity function ,sNO-n:nO')
ylabel (' \ t cnt s Lae I 8} SN04KNO' )
x Label ( I \fontsize {8} d.i s c r et e time. k ' )

subplot (9,2,11); plot (k, SN04KNH,'k' 1
ti 't Le ( "Se ns I ti vi ty function SN04KHH')
ylabel (' 'vf ont s i zet 8} SN04KNH')
xlabel ( I \ fontsize {8) discrete time, k ' )

subplot 19, 2, 12); plot Ik, SN04KOA,' k')
ti tle ( "Sen e i,ti vi tv function SNO,lKO};"')

ylabel ( "vfont s Lae i8} SN04 KOP..· )
xlabel ( •\ font size {8} d i s c re t e 't i.me, k' )

subplot (9,2,13); plot (k, SN04etag, 'k! )
ti t.Le ( 'Sensi ti 'Jl ty function SNO·ieLag·)
ylabel ( '\fontsize {B} suoaet aq ' )
xlabe!('\fontsize{8}discrete time, Yo')

subplot (9, 2, 14); p
xlabel ( '\ f cnt.s Lce IB) da s c r e t.e time k' )

subplot 19,2,2); plot Ik, SN04f, ' k ' )
ti t.Le ( I Sensi ti vi ty function SN04 f' )
ylabel ( '\ f'orrts i ze {e} SNQ4f' )
x Labe I ( • \ tont s i ce {B) di s c re t.e time, k ' )
lot Ik, SN04KMP, 'k')
title( "Se ns it.Lv Lt.y functi.on SN04EJ1P')
ylabel ( ,\ f ont s ize {8} SN04 KNP' }
xl abel (' vront s i ce t a j dts c r et.e time, J.,;')

subp1ot(9,2,15); plot(k,SN04KSP, 'k')
t.Lt.Le t t Sen sLt.avd t.y func t i.on SN04l':SP')
ylabel ('\fontsizepnSN04KSP')
xlabe1 ( '\ f on ts i ze {8}di sc r e t.e time. k ' )

subplot (9. 2, 16); plot (k, SN04KSA, 'k')
ti t1e ( 'Sens i ti vi tv function SNO,n:SA')
ylabel ( ,\ font s Lae '{8} SN04 I<3]l~' )
xLebe L ( ,\ fon t s Lze {8} d i s cz et e time. k ' }

subplot 19, 2, 17); plot Ik, SN04fMA, 'k')
title( "Se ns i t.Lvd.t.y func t.Lon SN04fHA')
ylabel ( '\ fontsize {S} SN04 fi'fl>.')
xlabel ( ,\ fon t s i ze {8} d.i s c r e t e t dme, k' )

subplotI9,2,18); plotlk,SN04KA, 'k')
ti t.Le ( 'Sensi ti vi ty func t Lon [::iN04K4')
ylabel ( , \.font s i.ze {S} SN04 t~A' )
xlabel ( ,\ fontsize {a} discrete time, r~I )

:~Grapf for t.be sens i t.t vi ty functions (if the ve.ri ab Le SNel Ln
the t.ank 5
figure IlO)
subplot 19, 2, 1) ;plot Ik, SN05,' k')
title('Process variable 51'105')
ylabel (' \ tont.s t :::e{ B) SN05' )
xlabel('\fontsi::e{S}discrete t Lme k')

subplotI9,2,2); plotlk,SN05f, "k ")
ti tle ( 'Sensi ti vi ty function SNOSf' )
ylabel ( '\ f cn ts i. ze t 8} Sr~05f' )
xlabel (' \fontsi:.e (8) dd s c i-e t.e t Lrne, k f)

subplot(9,2,3}; plot (k,SNOSYZH, 'k')
title( 'Variable SNOSYZH')
ylabel ( I \fontsize {8} SUO.?YZH' )

xlabel ( '\ rcnt s i ce (8 j dt screr.e time, J.;:' )

subplot (9, 2, 4); plot (k, SNOSYZA,'k')
title L'Ve rd ab.l e S!J05YZI:,.')
ylabel (' 'vforrt s Lze {8} Stm.s,Y~A' )
xlabel (' \ f ont.si ze I 8 l d i s c r e t.e time, k ")

subplotI9,2,S); plotlk,SN05fZBH, 'k')
t t t l e t t se ns Lt Lvt.t.y function SN0.SfZBH')
ylabel ( '\ forrt a.i ae {8} SNQ5fZBH' )
xlabel ( 'discrete time, Y.:.' )

subplot (9, 2, 6); plot (k, SN05muA.,'}.:')
title ( "Sen.sLt.Lv i ty f'unc t Lon SNQ5l:nuA')
ylabel ( , \,f ont s i ze {8} SN05muA I )

x Labe L ( I \ f ont.s Lce {8 j discrete time, k ' )

subplot 19, 2, 7); plot Ik, SN05muH, 'k')
ti t Le ( •Se ns Lti vi t-Y f unct.Lon SN05muH')
ylabel ( • \, ronr.s tce {8} SN05muH' )
xlabel ('di.screte 't i.rne, k ")

subplot 19, 2, 8); plot Ik, SN05KS, 'k')
ti t.Le ( I Se ns i.ti vd t.y f unc t Lon SN05KS')
ylabel ( '\ fonts i ze {S} SN05KS' )
x Labe L ( "d.is cre t.e t nne , k')

subplot (9, 2, 9); plot (k, SN05KOH,'k' )
title (' Se nsit i vf.t.y fur.c ti.on SN05T:COH')
y1abel ( '\ fo nt.s i ze {8} S:U05KOH' )
xlabel ( , \ tont.s i ce {8} d i.s c re t e t.t me, k ' )

subplot(9,2,10); plot (k,SN05KNO, 'k')
title( 'Sensitivity funct.i.cn SN05KNO')
ylabel ( , \font size {8} SN05¥J,W' )

xlabel (' \ ront.s tce {8 j o i sc ce te time, k ' )

subplot (9,2,11); plot (k, SN05KNH,'k' )
ti tle ( 'Sens i ti vi t.y funct.Lcn SN05KNH')
ylabel ( '\ fontsize {8} SN()~~iOJH' 1
xlabel ( , \ fonts i ze {8} discrete time, k ' )

subplot(9,2,12); plot (k,SN05KOA, "k t )

title( "sens i t Ivc.t.y tunet.Lon E;N05KO.?~·)
ylabel ( ,\. font size {8} SNO!:;KOA' )
x1abel ( '\ fon t.s i ze {8} dd.e cr e t.e time, k ' )

subplot(9,2,13); plot (k,SNOSetag, 'k')
title ( "aen s i t i.vdt.y funct.Lori ::;N05etag')
ylabel ( '\ forrt si.z e {f3} SNOlJetag' )
x Labe L ( 'Yf crrt s i ze {8} d.is c re te tLme , k ' )

subplot 19, 2, 14); plot Ik, SN05KMP, 'k')
tit1e( "Sen s i tLv L'tv function :::;NOSK11P')
ylabel ( , \ font size {B} SNC6f:J:1P' )
x Labe L ( ,\ fonts.i z e {8} d iacz e t.e time, k ' )

subplotI9,2,lS); plotlk,SN05KSP, 'k')
t Lt Le t t sens i t i vi.t.y Euncti on SNOfll:\SP')
ylabel ( "vfon t s Lze {8} SN05i':SP t )

xlabel ( 'Yt ont s i ae {8 j d i sc r e t e ti.me , k' )

subplot 19,2,16); plot Ik, SNOSKSA, 'k')
title( "Sen s i.t.Lv.i t y function ~)NOSKSA')
ylabel (' vf ont.s Lze {e} ~;'N05ESA' )
xlabel ( '\ font size {S} d.is czet.e t.Lrne, y_' )

subplot (9,2,17); plot (k, SN05fHA, 'k' )
title (' sens i t.Lv.tt y func t i.on SHO[,fHA')
ylabel {'\ fontsize {8} SNOEdMA' }
xlabel ( "vtont s i ae {8} d.i s c r e t.e t.Lne , Y..' )

18); plot(k,SN05KA,'k')
0".".",,, .., '" function SN05Kr'\')

ylabel ( '\ font size {8} [:;NO[)i.\A' )
xlabel ( "vf'crrt s.i.ze {8}disere te 'tIrue , k ' )

vGraphs of the s en si.t iv it.v unctions for t.he SS

*Graph,~ of t.he sens Lr.Lv Lt y functions for the ;:;S In the tan):

figure (11)
subplot(9,2,1) ;plot(k,SSl, "k ")
ti tle ( "Pz'oce s s 'va.r LabLe SS l' )
ylabel (' Vfon t.s Lae [8} SS1 ')
x Labe L { "Vf orrt sLae {>3 j df.s c.re te tLme Y.:_')

subplot(9,2,2); plot(k,SSlf, 'k')
title I
ylabe1 I'
xlabel ( '\ fcrrt s Lae {(i} di sc.r-et.e time, k ' )

subplot(9,2,3); plot(k,SSlYZH, 'kl)
title ("Vf,:"r.i.'lble SSlYZH')
ylabel ( "vf onr.s l c e {e.) SS l"fZH' )
x Labe I ( "vf ont.s a ::0(8) discrete time, k ' )

subplot(9,2,4); plot(k,SSlYZA, Ik')
ti tle ('Varië1ble SSlYZA')

ylabel (' vr onr.s Ice {tJ) SSl YZl', I)
x Labe L { I 'vfonr.s Lce {8} discrete time, k ' )

subplotI9,2,5); plotlk,SSlfZBH, 'k')
title (' Sen s at i v.i ty f unct.Lon SSl£ZBH')
ylabel ('\f(;:nt.sJ,ze{SISSlfZBH')
x Labe L ( "d.is c re t.e time, k ")

subplot(9,2,6); plot (k,SSlmuA, Ik')
title{ "Sen s t t Lvi t.y f uncr.Lon SSlmuJ..')
ylabel ( '\ t'orrta i ze {3} SSlnnJ}\_')
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xlabel ( "vforrt s i ze I8 j cf.ec ret e time, r_')

subplot(9,2,7); plot (k,SSlmuH, "k"}
title (' Sensiti v i t y function SSllnuH')
ylabel ( '\fontsi::e [8) SSlmuH' )
xlabel ( 'di scret.e t.Lme , k r )

subplot(9,2,8); p!ot(k,SSlKS, Ik')
ti t.Le ( "Sen s i. ti vi ty function SS lKS' )
ylabel (' \ Eon t.e á ce (8) SSlKS I)

xlabel ( 'di sc.ret;e time, k ' )

subplotI9,2,9); plotlk,SSlKOH,'I:')
ti t.Le ( 'Sensi ti vi ty function SSlKOH')
ylabel('\fontsi::;e(8}SSlKOH')
xlabel (' \£ont.si::e (8) dd s c r-et;e time, k' )

subplotI9,2,lO); plotlk,SSlKNO, 'k')
title( 'Sensitivity function SSlKNO')
ylabel ( '\ fon t s i t;e {Ei} SSlKNO' 1
xlabel ( '\ fon t s Lc e (ti) da s c r-et.e time, k' )

subplotI9,2,1l); plotlk,SSlKNH, 'I:' I
ti t Le ( 'Sensi ti vd ty funct.ion SS lKNH' )
ylabel (' \ rcm.e i ce {8) SSlKNH' )
xlabel ( '\ fon t s aae [81 d Lsc r e t;e time, k' )

subplotI9,2,12); plotlk,SSlKOA, 'k')
title('Sensitivity function SSlKOA')
ylabel ( '\, fon ts i ze {e} SSi.KOA ')
xlabel (' vrcnr.s t ce (8) dd s c re t.e time, k' )

subplot (9, 2,13); plot (k, SSletag, 'r~' )
title (' Sensitivity function SSletag')
ylabel ( '\ rcnte i ae t 8} SSlet;;ag' )
xlabel ( '\ ront s i ce {8} di cc rct.e time, k ' )

subplot (9, 2, 14); plot (k, SSlKMP, 'k')
title (' Sensitivity functi.on SSU:J.'1P·)
ylabel ( ''. fontsize {8} ~~Sl.KJ."1P')
xlabel ( '\ tont s i zet 8 j o isc r et.e time, k')

subplot(9,2,15); plot(k,SSlKSP, 'k')
title( "s ens t t i vt r.y funcu Lon S,slI<SP')
ylabel ('\fontsize{8)SSlKSF')
xlabel (' \ f ont.s i ze {8 j cLsc r et.e 't ime , k ' )

subplot(9,2,16); plot(k,SSlKSA, Ik')
title (' scns t ti.vity function :.SSlKSA')
ylabel ( I 'cf'crrt s i ae i 8} SSlKSA' )
xlabel ( '\ fontsi ze {8} di ec r e t.e time, k ' )

subplot(9,2,17); plot(k,SSlfMA, 'k')
ti t.Le ( "sens it i v.i.t.v runct ao» SS]'fM!~')
ylabel ( '\. fontsize (8} SSlfHP.' )
xlabel ( '\ fonts i ze {B}di s cr e t.e time, k ' )

subplotI9,2,18); plotlk,SSlKA, 'k')
title('Sensit.ivity func ti on S811:/\')
ylabel ( '\ f out s Lz et 8} S,51K.P,' )
xlabel ( , \.fontsize {a l d.is c re t e 't ime , k ' )

~,Graphs of the sensitivity functions of the va rio Ie SS in
t.he t erik ..,
figure (12)
subplot{9,2,1) ;plot(k,SS2, 'k')
title (' Process variable S,52')
ylabel ( "vfon t s t ce (8) SS~' )
xlabel('\'fontsi.ze{8}d..iso:rete time 1'.')

subplot (9,2,2); plot (k, SS2f, ! k ' )
title (' Sen.s i t.i.v itv func't Lon 5S2ft

)

ylabel (' \fontsi=e{ ti) SS:f' )
xlabel ( I vrcnt s Lae {8) df.s c r e t e t Lrne, 1-:' )

subplot (9,2,3); plot (k, SS2YZH, 'J:' 1
title rt ve.r.i aot e SS2YZH')
ylabel ( • \ fonts L ~~E: {8} SS2YZH' )
xLabel (' \fontsiz.e {8 Ida.sc r-et;e t.dme, k ' )

subplot (9,2,4); plot (k, SS2YZA, "k ' )
ti t.Le ( "ver Lab I e ~;~:;~YZA')
ylabel ( '\fontsi:.e (8) SS:YZ.~' )
x!abel ( , \ f on t s t ce [ti) df s c re t;e time, k ' )

subplotI9,2,S); plotlk,SS2fZBH, 'I:')
title('Sensitivity function SS2fZBH')
ylabel (' \ tcnt.s t ce {8} SS2fZBH')
xlabel('discrete time,k')

subplot (9,2,6); plot {k , SS2muA, 'k' )
t Lt Le tt sens t t Lvi t.y function SS2muA')
ylabel ( '\ fonts i ze {3} SS2rnuA' )
xlabel ( "Vf on t.s Lc e (8) d i.s c re t.e time, k ' )

subplot(9,2,7); plot (k,SS2muH, 'kl)

ti t Le ( 'Sensi ti vi ty function SS2muH')
ylabel ( '\ fonts i ze te} SS2muH' )

xlabel ( ,c i.s c r et.e t.Lme , k ' )

subplot(9,2,8); plot(krSS2KS, 'kl)

ti tle ( "Sen.si.t.Lv i tv function SS2Kt:;')
ylabel (' vf ont.s Lz e {8} SS1KS' )
xlabe1('discrete time,k')

subplot (9,2, 9); plot (k, SS2KOH,'k' )
title (t sens tt.t v t t v f'unc t Lon SS2KOH')
ylabel ('\f:"ont.sL~e{8}SS:~KOH')
xlabel ( , vfon t siz e {(1} di s c re t.e time, k ' )

subplot (9,2,10); plot (k, SS2KNO,'i:' )
title (' Serrs f.t.Lv it y f'unc t i.on SS2K..1\!O')
ylabel ( '\ tonr.s i ce {13) SS:KNO' )
xlabel ( '\£ol1.t'.si::.e (8) discrete time, k' )

subplotI9,2,1l); plotlk,SS2KNH, 'k')
title{ 'Sens.i.t .Lv i t y f unc t.áor; SS2KNH')
ylabel ( , \ fon t.s f. ce (8) SS::KHH')
xlabel ( '\ fon t.s i ce {8} d.i s c re t e t ame, k ' )

subplot(9,2,12); plot (k,SS2KOA, ''J:')
title ( r Se ns I 't i vd t.y func t.Lcn SS2KOA')
ylabel ( '\, [on t.s i ce (8} SS:KOh' )
xlabel ( , \follU~i::e{ 8) discrete time, k ' )

subplot (9, 2,13); plot (k, SS2etag, f k ' )
ti t.Le ( 1 Sen s Lti vi ty function SS2et.ag')
ylabel ( '\, t'on t.s i ze {8} SS2et':1g' )
xlabel ( , \ ronr.s t ze {8 j discrete time I k I)

subplot(9r2,14); plot (k,SS2KMP, 'k')
ti tle ( "sens j ti vi t.y f unct.Lon SS2Y.MI:")
ylabel (' \ for.t.s i ze I 8} SS2.K1:-1P')
xlabel (' \font.st::;€:' (8} d i.s c re t;e t i.me, k ')

subplot(9,2,15); plot(k,SS2KSP, 'k')
title r t sens it j vj.t.y function S,52KSP')
ylabel ( '\font si ze {8} SS2KSP' 1
xlabel('\fontsize{S}discrete time,k')

subplot(9,2,16); plot (k,SS2KSA, "k ")
ti tle ( "Sen s I ti vi ty rur.ct.i ..on S~-:2KSA')
ylabel ( '\, fontsize {8} SS2KSAI )

xlabel ('\fontsize{8}d:i,,scret.e t.Lme s k ")

subplot(9,2,17); plot(k,SS2fMA,'k')
title (' sene Lt.Lvt.ty function ~~:::::::fj{J':.')
ylabel {'\fontsize {8} SS2i1~1A')
xlabel ('\fonb1ize{8}di.sc,rete time, k')

subplotI9,2,181; plotlk,SS2KA, 'k')
title (' functi.on S~;:::K._..':j')
ylabel ( , }SS2.KA..')
xlabel ( '\ font ..si ze {8} d i.s cr.e te t áme , k ' )

::I,Graphs for SS variable in t.he 'tank 3

figure (13)
subplot(9,2,1) ;plot(k,SS3, 'k')
ti t.Le ( "Pr-o ce s e ve.rLabLe s.s3')
ylabel ( '\ toat.sd ce {cl} SS3')
xlabel ( , v forrt sá.ae {8) discrete time k ")

subplot 19,2,2); plot Ik, SS3f, , k ' )
title ( 'Sens.i.tivi t.v f'unc t Lon SSJf')
ylabel ( '\ fon t.s i ce {e} SS3f')
xlabel ( 1 'vf ont.s á ce (8) discrete time, k ' )

subplot 19,2,31; plot Ik, SS3YZH, ' J.;' )

title ('V';i"I:i;;1b.le SS3YZE')

ylabel ( '\ Lcn t s i ce (a} SS:)YZH')
xLabe L ('\fontsize{8}discl.'cte t imeik ")

subplot (9,2,4); plot (k, SS3YZA, , l:' )
title ('\,'ariable SS3YZA')
ylabel ( '\ tont.s i ce {ti} SS3YZ.li.' )
x Labe L ( '\ font.e i ce (8'} c i sc re te time, k ' )

subplot(9,2,5); plot(k,SS3fZBH, 'k')
title( "Se ns L't i v-i t.y furict.Lon SS3fZ3H')
ylabel ('\font.3ize{8}SS3fZBH')
xlabel (' d i sc rete time, t')

subplot (9,2,6); plot (k, SS3muA, 'k' )
t Lt.Le L' Sens Lt Lvd ty f unct.Lon SS3:r.mA')
ylabel ( , 'itont s Lz c t 8} S~:;3muJo.')
xlabel ( '\ ronr.sf.ce {8} d'ï ecre t e t.Ime , k ' )

subplot{9,2,7); plot(k,SS3muHr "k ")
t.Lt Le t '
ylabel ( ,
xlabel ( 'discrete 'ti.me , k' )

subplot(9,2,8); plot(k,SS3KS,'k')
title (' sens it Lvi t.y funct.i on SS3KS')
ylabel ('\fontsize{8}SS:jKS')
xlabel ('ciisc.ret.e t ime , k')
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subplotI9,2,9); plotlk,SS3KOH, 'k')
title('Sensitivity f unct.Lon SS3KOH')
ylabel ( '\ fontsi ze {8} SS3KOH' )
xlabel ( '\ fon t.s á ce (i3) d Ls c r-et;e time r k ' )

subplotI9,2,lO); plotlk,SS3KNO, 't')
title ('Sensitivity function SS3KNO')
ylabel (' \ fontsi::e {8} SS3KNO')
xlabel (' \ Eont.s i ce I Elj dd s c re t.e time, kt)

subplot 19,2, 11); plot Ik, SS3KNH, '1:')
title ( ,Sensitivity function SS3Kl-TH')
ylabel ( , \ f crrt.s i ze {8} SS3KNH' )
xlabel (' \ fonts! ce I8}discrete time, k ' )

subplot(9,2,12l; plot(k,SS3KOA, 't.')
t.Lt.Le L'Se ns i t Lc-i.t.y f unc t Lcn SS3t<OA')
ylabel ( '\ fonts i ze {8} SS3KOA' )
x Labe L ( • \ fon t.s i:.e {B} di sc ret.e time, k' )

subplot (9,2,13); plot (k, SS3etag, '}:' )
ti tle ( ,Sen s i.t i v.i t.y function SS3etag')
ylabel ( I \ fontsize {8}SS3etag' )
xlabel('\fontsi:.e{8)discrete time,k')

subplot(9,2,14); plot(k,SS3KMP, 'k')
title( "se ns Lt Lva.t y f'unc t.Lon SS3KJ.'1P')
ylabel ( '\ fontsize {8} SS3KHP' )
xlabel ( '\ fonts i. ze {8} di sc ret;e time, k ' )

subplot(9,2,15); plot(k,SS3KSP,'k')
title (' Sensitivity function SS3KSP')
ylabel ( ,\ fontsize {a} SS3KSP' )
xlabel {' \ fon ts i ze {8 j c i sc r e t e time, k ' )

subplot (9, 2, 16); plot (k, SS3KSA, 'k')
title('Sensitivity function SS3KSA')
ylabel ( , \ fcnt s i.ze {8} SS3T<SA' )
x Label ( I \fontsize {8} discrete t.dme, k' )

subplot(9,2,17); plot (k,SS3fMA, 'k')
title( 'Sensit.ivity function SS3fHA')
ylabel ( 'Vt ont s rze {8} SS3fHP.' )
xlabel (I \fontsize{ 8 I di s c r e't e time, k')

subplotI9,2,lB); plotlk,SS3KA, 'k')
title (' Sensitivity function SS3KA')
ylabel ( "Vf orrt s i.ae {8) SS31":A' )
xlabel {1 \ fontsize {8} d i s c re t e time, k' )

%Graphs for the sensi ti vi ty functions for SS i r, t.he 't enk 4

figure (14)
subplot (9, 2, 1) ; plot (k, SS4, 'k' )
title ('P,rocea.'3 ve r Lab Le Sf.4')
ylabel (' \ tont.s iae t 8 }SS4 ' )
xlabel ( , \ f on t s Lce [8} discrete time k ")

subplot(9,2,2); plot(k,SS4f, Ik')
ti tle ( "s en sd ti vi t.y func t i on SS4 f ' )
ylabel (' \ ront.s i ce {8} SS4 r : )
xlabel (' \ f'ont.s i ce (ti l d i s c.re t.e time. k ' )

subplotI9,2,3); plotlk,SS4YZH, 'k')
title L'Ve r Labl e SS4YZH!)
ylabel {' \ f'on ts i ze I CJ} SS-l YZU')
xlabel ( , \ fontsi c e {8} d Lsc re t.e t.ime , k ' )

subplotI9,2,4); plotlk,SS4YZA, 'k')
title( "var-d ebLe SS-iYZ.l ....')
ylabel (' \ f'on t s i ze {e} SS4 YZA' )
xlabel ( '\ fon t sd ce {b} di s c re t e time, k ' )

subplotI9,2,5); plotlk,SS4fZBH, 'k')
t i t Le t t SensLt i vi t y func t Lon SS4fZBH')
ylabel {'I" font size {8} 8S·1 fZEl!' )
xlabel (' discrete t iroe , Y.' )

subplot(9,2,6); plot (k,SS4muA, 'k')
title (' se ns it i vi.t.y fu.nct.ion .sB4mul~')
ylabel ( '\ fontsize {8} SS4Inl..l.P.' )
xlabel (' \ font s i ze Ie j c i sc r ete time, k ' )

subplot (9, 2, 7); plot (k, SS4muH, 'k')
title (' Sensitivity f unc t i.on SS4muH')
ylabel ( '\ fontsize {8} SS4muH' )
xlabel ('discret.e time, k')

subplot(9,2,8); plot(k,SS4KS, 'k')
title ( 'Sens i ti v.i.ty function SS4 ES' )
ylabel ( "Vf orrt sLae I 8.1 !iS4 KS' )
xlabel ('dlscl.'et.e time, k')

subplot (9,2, 9); plot (k, SS4KOH,'k')
title('Sensitivity function S54KOHf)

ylabel ( , \ fonts i.ze {8}SStJKOR')
xl abel ( '\ fontsize {8}di s c r e te t.dme, k' )

subplot(9,2, 0); plot (k,SS4KNO, 'k')
ti tle ( •seo e i i.v.i. ty f unct.Lon SS4 KNO' )
ylabel('\for.1 size{8}SS4KN0')
xlabel ( , \,f on a i ze {CJ} d.i.ac.re't e time, k' )

subplotI9,2,11); plotlk,SS4KNH, 'k')
t i t ï.e t t sens i t i vi.t.y Eunct.Lon SS4KNH')
ylabel ( '\fon'tsize {8} [-;S4YJm 1 )

xlabel ( '\ tcnt.s t ce (8 }disc.r:ete time, k ' )

subplot (9,2,12); plot (k, SS4KOA,'k')
title (' Sens I 't i.vd t.y f unc t.d.on S84KOA')
ylabel {' \fontsize{ 8} SS4KOA' )
x Labe L ( '\ t ont.s i ze {6} c i.screr.e time, k ' )

subplot(9,2,13); plot(k,SS4etag,'k')
title (' seue r tLvt.t.y funct.ion s s ae t.aq ")
ylabel ( I \ fcrrt sLz e {8} S.s4~t.ag' )
xlabel ( '\ fo nt s i ze {8} d i.s cr.e t;e t 'ime , k' )

subplot(9,2,14); plot (k,SS4KMP, 'k')
title ( "Sens i t.Lvj.t.y f unc ti.on ~;S4Kr1P')
ylabel ( "Vforrt s i ze {8} SS4YJ'lF' )
xlabel ('\'fontsize{S}di,3crete time,k')

subplot(9,2,15); plot(k,SS4KSP,'k')
ti t.Le ( "Sens i. tivi t.y f unc tLon SS4KSP' )
ylabel ( '\f ontsize {f3} ~lS4KSP' )
xlabel ( '\fontsize{ s j o.Lscr et.e t. i.me, k ' )

subplotI9,2,16); plotlk,SS4KSA, 'k')
ti tle ( "Sens Ltivd ty func t don SS4KSA')
ylabel {'Yr cnt s j.ze {8} ~:S4KSA ' )
xlabel ( '\font size {8} d.i s c re t e time, k ' )

subplotI9,2,17); plotlk,SS4fMA, 'k')
t.d t.Le Lt Sens i t.Lvd ty func't Lon SS-1fHA')
ylabel {' 'vf on t si.z e {8} ~;~;4fHA' )

xlabel t ' vt cnt s i.z e t s j dá sc ret.e time, y.')

subplotI9,2,lB); plotlk,SS4KA, 't')
title (' sens i ti vtt y function SS'lhA')
ylabel (' \foEt.si:;e (8} 3S'lKA' )

xlabel ( '\ fontsize {8} d.i.s cre t.e t.Lme s k")

!,'.G,t-':lpf for t.he s en s i.t i.v i ty f unct.f.ons of t.he ver-LabLe SNH lil
the t.ank 5
figure (15)
subplotI9,2,1) ;plotlk,SS5, 't')
title (' PI:OCC'SS ve r á ab Le SSS')

ylabel ( '\ f ont s i. ze {El} SS5 ' )
xlabel ( , \ fon t.sI ce {8} c i.scre te t.Ime J..;:')

subplot(9,2,2); plot{k,SS5f, 'k')

t i t.Le tt s.eus it ivi.ty fur.ct.Len SS5f')
ylabel ('\fonts:i.ze{8}SS5f')
xlabel ( '\, fonra i ze f S I d i.acr e t.e time, k ' )

subplot (9, 2,3); plot (k, SS5YZH, 'k' )
title L'Va riab.l e SS:,YZE')
ylabel (' \fontsize{8}SSSYZH')
xlabel('\font..'3J.::e{8}discrete time,],:')

subplot(9,2,4); plot(k,SS5YZA, 'k')
ti tle ( "ve ri abLe SSS YZP.' )
ylabel ( 1 'vf cn t s i ze {S} SS.5YZA')
xlabel ('\font.aize{8}d.i.'3c,rete t.Lme j k")

subplot (9, 2,5); plot (k, SS5fZBH, •k' )
title( SSSfZ3H')
ylabel ( I )

xlabel ( 'discrete ti.rne , k' )

subplot(9,2,6); plot {k,SS5muA, 'k')
title (' eens at Lvj.t y functi.on ;;;S5muA,')
ylabel ( "vf orrt s i ze {8} SS5muJ..')
xlabel('\fontsize{8)discrete time,k')

suhplot(9,2,7); plot(k,SS5muH, 'k')
title('
ylabel ( ,
x.label ('discret.e t.ame v k ")

subplot 19,2,8); plot Ik, SS5KS, •k' )
title( "Sen e i t.Lvdt y func't i on SS~;KS')
ylabel {"vt onts.tae {(i} SS5KS' )
xlabel ( 'di scre t e time, k ' )

subplot 19, 2, 9); plot Ik, SS5KOH, 'k')
title( "Sene i t.Lv.it y funct Lon SS5KOH')
ylabel ( , \ font s Lze (ti j ;-:;S5Ko.H' )
xlabel ('\:fonts.i.ze{8}disc!"~~'te time, y_')

subplotI9,2,lO); plotlk,SS5KNO, '),.')
title (' function SS5KNO')
ylabel ( , SS£1KNO')
xlabel ( I 'vf'orrt size {)5} d.is cz-ete t.Lme, k' )

subplotI9,2,11); plotlk,SS5KNH, ']e')
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title (' s ens j.t LvLt.y I unc t.Lon S,55Y.NH')
ylabel (' vf orrt s i.z e I 8 }sssJ::m-!')
xLabe L (' vfon t s i ze Lê l d i s cret;e ti ime , k' )

subplot 19,2,12); plot Ik, SS5KOA,'k' )
title (' sens i t i.va t.y function 555K01'1.')
ylabel ( I \ fontsize {8} SSSKOP.' )
xlabel ( , \ fontsize {8} discrete t.Lme , k ' )

subplot 19, 2,13); plot Ik, SS5etag, 'k' )
title ( "sene t t i.vf.t.y function SS':Jetéig')
yiabel (' \fontsize{ 8 }SS5etag')
xlabel ( ,\ fontsize {8} discrete t.dme , k' )

subplot 19,2,14); plot Ik, SS5KMP,' k' )
ti tle ( 'Sensi ti vi ty function SSSKHf")
ylabel (' \tonts,i.ze{8}S.s~;1<HP')
xlabel ( , \ fontsize {8}d.i.s cze t e time, k ' )

subplot 19,2,15); plot Ik, SS5KSP, 'k' )
ti t.Le ( 1 Sens i ti vi ty funct ion SS5KSf")
yiabel ( "Vf ont.s i.ze {8} SS':Jl·:SP' )
xl abel ( '\ fontsize {8 j d.iec r et e time, k' }

subplot(9,2,16); plot(k,SS5KSA, 'k')
title (' sens i r t v i t-v function SS5KS.~.')
ylabel (I \fontsize{8}S.sSKSA')
xlabel ( '\fontsizT? {8} cu sc ret e time, r.: l )

subplot(9,2,17); plot (k,SSSfMA, "k ")

title (' sens.i t i v.Lty f unc t i.on SS5f!1A')
ylabel ( • \ fon t s a ze (B) SS~,fMA' )
xlabel ( '\ fontsize {8} disr:rete time, Y.:' )

subplot (9,2,18); plot (k, SSSKA, '}:' )
title (' sens i t.i vi. ty function SS5Kl\')
ylabel ( • \fontsi:::.e {8) SS5KA ')
xlabel ( , \ font size (8) da.sc r-et e time,}:')

:~Graphs of the sensitivity f unc t.Lons for the Se ds in t.he
t enk 1
figure (16)
subpIot(9,2,1) ;plot(k,Sadsl, '}:')
title (' Process var-t eor e Saclsl')
ylabel (' \fontsizt~{ 8 }Sadsl')
xlabel ( '\ fonts i ze {8} dl ec cc t.c time k')

subplot(9,2,2); plot(k,Sadslf, 'k')
title ( 'Sensi t i.vj.t.y function Gadsl f' )
ylabel ( , \ font s i ae {8} Sads 1f' }
x.Labe I ( '\ f ont.s i ze {8} discrete time, k ' )

subplot(9,2,3); plot(k,SadslYZH, "k ")
ti tle ( "va r i e.b l.e Se.ds 1. YZH' )
ylabel ( '\fontsize{ Cl} seos i YZHI)
xlabel('\fontsize{8}discrete time,k')

subplot(9,2,4l; plot (k,SadslYZA, 'kl)
title ('Varihble SadslY7.A,')
ylabel (' \fontsize{EqSadsl"fZA')
xLabel ( ,\, f orrt s i ze I 8}discrete time, k' )

subplot(9,2,S); plot (k,SadslfZBH, 'k')
ti t.Le ( 'Sens i ti vi ty function Se ds I tZBH 1 )

ylabel ( '\ forrt s ize ! e I seos i fZEH' )
xlabel ( I di sc re t e time, k ' )

subplot(9,2,6); plotlk,SadslmuA, 'k')
title (' Sen s i t t v.i t y function Se ds Imue ')
y Labe L ( 'Yrorrt s i ae {8} sees Lmuá I )

xlabel ( I Vf orrt s i.z e {8} discrete t.Lme, k ' )

subplotI9,2,7); plotlk,SadslmuH,'k')
title ('S€':nsitivitj.' function Se ds Imull' )
ylabel ( , ....forrt s Lze {B) Se ds Jmull ' )
xlabel ('discrete time, k')

subplot(9,2,B); plot(k,SadslKS, 'k')
title (1 sens i tc vá tv function s ads ï.xs' )
ylabel ( I \fontsize {8 iSeda 11:S' )
xlabel('discrete time,k')

subplot(9,2,9); plot(k,SadslKOH, 'k')
ti t.Le ( "sens t ti vi t y func t i.on S':1dslKOH')
ylabel ( '\fontsi:::e (8 J SadslKOH' )
xLabe I (' vrent.sf.ze {8} df.ac r et;e ttme , t')

subplot (9, 2, 10); plot (k, SadslKNO, 'k l )

title (' Ser.sd t.ivt t y function SadslKNO')
ylabel ( '\fontsi::e (8 iSadalYJW' )
xlabel ( '\fontsi.ze {8 l df.sc r et;e t.dme , \,.' )

subplot(9,2,111; plot (k,SadslKNH, 'k')
ti t.Le ( "sens t t avi ty function Sads lKW:i' )
ylabel ( '\ f on t s ace 18] Sads lK!m' )
xlabel ( 'Yrocrs i ce [8} discret.€ time, k ' )

subplot (9,2,12); plot (k, SadslKOA, 'k' )
title( 'Sensitivity funct.ion SadslKOi\')

ylabel ( "vforrt s Lz e {f3} ~;ad3lKO}\' )
x l abe L ( "Vf orrt s i ze {f3} discrete 't i.rae , r.:' )

subplotI9,2,13); plotlk,Sadsletag, 'k')
title (' Seu s i t.Lvi t y f'unct i on Se d s Let.aq ")
ylabel (' \fontsi.ze {8) Se ds Le t.eq ' )
xlabel (I x r ont s Lze Lê j d.is c re t.e tf.me , }~')

subplot(9,2,14l; plot (k,SadslKMP, 'k')
ti t.Le ( "Ser.a Lt.Lvi ty function SadslKHF")
ylabel ('\fonts.i.ze{BlSód.slK!1P')
xlabel ('\fontsize{8}discrete t.Lme , r;')

subpIot(9,2.l5); plot (k,SadslKSP, 'k')
title( "Sen.si.t.i v i t y f'u nct i.on SaclslKSE")
ylabel ( I vfcn ts Lce {8) SiidslKSP')
xlabel ( '\font size {~3}discrete r.tme., Y.:' )

subplot{9,2,16); plot (k,SadslKSA, "k ' )
title ( "ser.s t t.Lv i ty function s acs lKSli,' )
ylabel (' 'vfont.s á ce (8) SadslKSA')
xlabel ( '\fontsi.ze {8} di s c r e t.e t.ime,}:')

subplotI9,2,17); plot (k,SadslfMA, 'k')
title( "SercsLt.Lv it y function Séldsl:fHA')
ylabel ( I 'c ï onr.s i ce (8) Se ds Lfbïê ' )
xLabe L (I \fontsiz€:! aj cLsc re t e time, k ")

subplotI9,2,18); plotlk,SadslKA, 'lo')
title ( "Sen.sLt.Lv I ty f unc tLon SadslKA')
ylabel (' 'vf ont.s á ce {e) SadslK-Zi')
xlabel (' 'vf onr.s a ze {€I) discrete t i.me, k' )

',:;Gniphs (lf the s errsLt.Lv i t y functions of t.be ve ri.bLe SS Ln
the t.ank 2
figure (17)
subplot(9,2,1) ;plot(k,Sads2, 'k')
title ('Pr-ocess va rLeb.Le Sads2')
ylabel (' 'vf crrt s i ze I 8}Sad.s2')
xlabel ('\fontsize{S}disG:t:et.e time k')

subplot (9, 2, 2); plot (k, Sads2f,' k')
ti t.Le ( "sens i t; v i ty runct ton Sads2 r ' )
y Labe L (' \fontsize{ 8} Sads2f' )
xlabel ( '\ fo nt.si ze {S} d i.ec r e t.e time, k I )

subplot(9,2,3l; plot(k,Sads2YZH, "k ")

title r vve r i cca.e ,sads2YZH')
ylabel ( I \ f orrts i ze {8} Sads2 ïZH I )

xlabel('\fontsize{8}discxete time,k')

subplot (9, 2,4); plot (k, Sads2YZA, 'k' )
title ('Variable Sar.1s2.YZA')
ylabel ( I 'vr'cnt s ize t I]} Sód.s::YZF.' )
xlabel ( ,\ f cn t.s i ze {8} di.s cr e t.e time, k ' )

subplot (9,2,5); plot (k, Sads2fZBH, I k ' )
title( "s ens itLvi.t.y function ;:;;H"ls::fZHH')
ylabel ('\fontsize{B}Sad,s:::fZBH')
xlabel ( 'discrete t.Lme , k1 )

subplot (9,2,6); plot (k, Sads2muA, "k ' )
title(
ylabel (!

xlabel ( , vront s i ze {S} d.i s c re t.e 'ti.me , k ' )

subplot (9,2,7); plot (k, Sads2muH, 'k' )
ti tle ( "Sen s i ti vi ty func't ion Sads Zmufl")
ylabel ( "vfon t si.ze 1.1:3}Sads:::rnuH' )
x Labe L ( "d'i.s c re t;e t.i.rne , k' )

subplot(9,2,B); plot(k,Sads2KS, 'k')
title (' Sen s i t.LvL'ty function Sads2KS')
ylabel ( 'Yr cnt s Lae {&) ~;(.d,:'::KS')
xlabel t ' df s c r e'te time, k')

subplot (9, 2,9); plot (k, Sads2KOH, 'k' )
title t ' Seriait i.vit y function Sads2KOH')
ylabel ( '\ fon t si.ze {8} Sads:'::KCH' )
xlabel ( "Vforrt sLz e 1.8 J d.iscre t.e t.Lme , Y.:' )

subplot (9,2,10); plot (k, Sads2KNO, 'k' )

title (' Sens.i t.LvL'ty function Sads2KNO')
ylabel ( "vf onr.s Lce {e) Sads2KN'O' )
xlabel (I vr ont st.ae t a j d.i s c re t e t:i,n::e,}:')

subplot (9,2,11); plot (k, Sads2KN'H, 'k' )
title (' Sensi.t.i.v tt y runct icn Sads2KNH ')
ylabel (' 'vf ont.s i ae {8} Sads2KNH I)

xlabel (' Vforrt.ei.z e I 8 l df.s cr'e t;e ti.mei k ")

subplot (9,2 f 12); plot (k, Sads2KOA, 'k' )
ti t.Le ( , f unc t Lon Sacls2KOl\')
ylabel ( , Sad:,2KC'F.')
Klabel ( '\ r onr.s Lce +eI discrete time, k' )

subplot (9,2, 13); plot (k, Sads2etag, 'k ' )
tit.le (' sensit.t.v i t y function Sed s Zetaq")
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ylabel (' Vr crrt sLae I 8} Se ds Ee'teq ' )
xlabel (' vr ont s i.ze Ls j dá ac r e t e time, k')

subplot 19,2,14); plot Ik, Sads2KMP, 'li' )
ti t.Le ("Sens i ti vi ty function Sads2KI'1.F")
ylabel ( I \fontsi.ze {8) Sads:hl'1P' )
xlabel (t \fontsize{B j cj.ec ret e time, Y_')

subplot 19,2, 15); plot Ik, Sads2KSP, ' k' )
title('3ensitivity function Sads2KSP')
ylabel (' vr ont s Lae t 8) Sads::f:SP' )
x.l.abel ( I \fonts.i.ze{ 8} d.i.s c r et e time, y_')

subplot 19,2,16); plot Ik, Sads2KSA, 'k' )
title ( 'Sensiti vi t v function Sads2KSA')
ylabel (' \font.siz:e {ij) Sads2KSA' )
xlabel ( "x t orrt s Lae {il} discrete time, Y~' )

subplot(9,2,17); plot(k,Sads2fMA,'k')
title ( "sens I ti vi ty function Sads2fJ.1A')
ylabel ( "Yf on t s Lce (8) Sads2fHA' )
xlabel ( 'Yr ont stze {8) discrete t.ime,}:')

subplot(9,2,18); plot(k,Sads2KA, 'k')
title t ' sens t t.i vi ty function Sa.ds2KZ\._')
ylabel ( '\ f ont.s Lce (8) Sads2KA' )
xlabel ( '\fontsi.ze {8} discrete t ime , 1':.' )

\":G:r·aphs f c r SS variable in the tank 3

figure (18)
subplot(9,2,1) ;plot(k,Sads3, 'k')
title (' Process va r i e.b Le Sads3 t)
ylabel ( t \fontsize{ 8} Sads3' )
xlabel('\fontsize{8)discrete time k')

subplot(9,2,2); plot(k,SS3f, 'k')
title('Sensitivity function Sads3f')
ylabel ( "Vf orrt s i ae {B} Sads3f' )
xlabel ( '\ fontsize {8} d.i s c r'e't e time. k ' )

subplot (9,2,3); plot (k, Sads3YZH, , k' )
title ('Variable Sads3YZH')
ylabel ( ! vrcrrt s i.ae {8} Sads3YZH' )
xlabel (' \fontsize{ 8 l d i s c re t e time, k')

subplot (9,2,4); plot (k, Sads3YZA, Ik' )
title ('Varia.b.1.e Sads3YZP,')
ylabel ( I \fontsize {8} Sads3YZl\' )
xlabel ( ! 'vf'orrt s Lae {8} d.i s c r'e't e time. k ' )

subplot 19,2,5); plot Ik, Sads3fZBH, 'k' )
title (' Sensitivity function Sads~fZBH')
ylabel ( '\fontsize {8} Sads3fZRH' )
xlabel ( I di e cr ct.e t ime, k ' )

subplotI9,2,6); plotlk,Sads3muA, 'k')
title (' Sensitivity function Sads3ml.l.A')
ylabel ( 'Yr ont.s r ze {8) Se de Smuê ' )
xlabel ( "vtorrt s Lae l~}cu.scxer e 't uae , 1'_' )

subplot (9,2,7); plot (k, Sads3muH, '.k' )
t i t.Le t t sensLt.i v i t v function Sads3TImH')
ylabel ( 'Yr or.t s i.ze {8} Seds Smud' )
xlabel ( 'di sc r et.e time, k' )

subplot(9,2,6); plot(k,Sads3KS, 'k'}
title (' Sens i t.dvi ty function SElds"3KS t )

ylabel (' 'vf cn t s i ce (8} Sads3KS t )

xlabel ( 'di sc ret.e t i.rne, k I )

subplot(9,2,9); plot (k,Sads3KOH, 'k')
title(1Sensitivity function Sads3KOH')
ylabel ( • \ f'ont.s i ce {ti) Sads3KOH 1 )

x Label ( '\ fontsi.ze {8} dd s c r e t;e t.dme f k ' )

subplot(9,2,lO); plot (k,Sads3KNO, 'k')
ti t ï e ( "ser.st t.i vi tv function Sads3KNO')
ylabel ( '\ fonts j ~:E:{ti} Sacls:~KNO')
xlabel ( '\ font size {t3} discrete tdme , 1':.' )

subplot(9,2,11); plot (k,Sads3KNH, 'k')
title( 'Sensitivity func t Lon Sads3KUH')
ylabel (' 'vfon t s a ce {:oj Isa.ds3K:NH' I
xlabel ( '\fontsi::e {8) discrete timet k ' )

subplot (9,2,12) i plot (k, Sads3KOA, 'k' )
ti t i e ( 'Sensi ti vi ty function Sads3KOA')
ylabel ( • \ fonts Lee {8} Sads 3i<OJi.'}
xlabe 1 ( "vfon t s Lce (ti) dd s c re t.e t i.rnef Jc ' )

subplot (9,2,13); plot (k, Sads3etag, •k ' )
title (' Sensitivity funcr.Lon Se.ds Se t aq ")
ylabel ( ,\ fonts i ZE:{8} Sads3etag' )
xlabel ( , \ fon t.s Lce (8) discrete time, k ' )

subp1ot(9,2,14); plot(k,Sads3KMP, 'y_')
title( 'Sensitivity function Sads3KHP')
ylabel ( I \ tonts i ze {8} Sads3.KHP' )

xlabel ( '\ f orrt s.i ze {8}discrete time, k' )

subplot (9, 2, 15); plot (k, Sads3KSP, ').,;')
title (' sens t t.ivt ty f'unc t.d on Sads3KSP')
ylabel (' \£ont.si:::.e {8) Sads3KSP' )
xlabel ( "vf on t s Lz,e{(~}discrete t.:i.me, k' )

subplot(9,2,16}; plot (k,Sads3KSA, 'k')
title (' Sens Lt.Lvtt y function Sads3KSl~.·)
ylabel ( I \ fon ts á ce {8} Sads3KS.A' )
xlabel (' vr ont.s a.ae {(1} discrete t.Lme s k")

subplot(9,2,17); plot (k,Sads3fMA, Ik')

title( "Sen.s f.t.Lv it.y function Sads3fHA')
yLabe L ( ' \ fon t.s I ce {8} Sads3fHA_' )
xlabel (' v fo nt.s dce {8) discrete t.Lme , k' )

subplot 19,2,18); plot Ik, Sads3KA, ')0' )

title (' Sensitivity f unc t i.on Sads3Kl\.')
ylabel ( • \ ront.s t ce {8} S~'l.ds3KA' )
xlabel ( • 'vfonr.s Lce I 8) discrete time, k' )

<.tGr·aphs for the sensitivity runc t i cna for SS in t.he tan}:

figure (19)
subplot 19,2,1) ;plot Ik, Sads4, '):' )
title (' Process variable sads a' )

ylabel r ' 'vr cnt s LaeLs j Sede e ")
xlabel (' \fontsize{8}discretE· 't i.me k')

subplot 19, 2, 2); plot Ik, Sads4f, 'k')
title (' Sens i t.Lvi t y f unct Lon Sad sa f ")
ylabel ( "vrent sLze {'3} seds af' )
xlabel ( '\ f'orrt size {8} discrete time, k ' )

subplot(9,2,3); plot(k,Sads4YZH, 'k')
title( 'Variable SadsrlYZH')
ylabel ( '\fontsize {8} Se ds 4YZH I )

xlabel ('\f"ontsi.ze{6}discrete time, t')

subplot{9,2,4); plot (k,Sads4YZA, 'k')
title t t variabLe Sads4YZA')
ylabel ( "v ronr.s t ce (8} :_;ads<1YZA' )

xlabel ( 'Yr cnt st ze {Hl di.s c r e t.e t d.rne , r..' )

subplot (9,2,5); plot (k, Sads4fZBH, 'k' )
t.Lt Le l t Serrs it.Lv L't y function Sads4fZBH')
ylabel ( ! 'vfon t sá.ze {8} Sóds4fZBH' )
xlabel ( "d i.ac r et.e time, k ' )

subplot(9,2,6); plot(k,Sads4muA, 'k')
title( "Sercs Lt.Lvi t y f unc ti.on Sads4mu.r ....')
ylabel (' vf ont.s a ze 18) S(ids,j:muA.' )
xlabel ( "vf orrt s a.ze {(1 j discrete ti.me , 1-::' )

subplot (9,2 t 7); plot (k, Sads4muH, "k ' )
title (' Sen.s Lt.Lvtt.y function Sade amulr")
ylabel ( "vronr.s t ce 18} Sedsémuli ' )
xlabel ( 'di sc re t e time, k ' )

subplot(9,2,S); plot(k,Sads4KS, 'J:')
title ( function Sads4KS ')
ylabel (' 8} S;:~ds4.KS' )
xlabel ('di:3crete t i.mes k ")

subplotI9,2,9); plotlk,Sads4KOH, 't')
title (' Sen.s Lti.v i ty f'unc t Lon Sads4.K0H r)

ylabel (' \ tont.s t ce f tJ} Sacis4K.OH' )
xlabel (1 'vfont.s i c e {e,) dds c r e't e time, k ' )

subplot 19,2,10); plot Ik, Sads4KNO, 'y_' )
title( "Sen.s i ti.v i t y func t.Lon Sacis4KNO')
ylabel ( '\ fo nt.e Lce {a} Sads4KNO' )
xlabel ( "vfonr.s i ce {e,) dd s c.re't e time, k ' )

subplotI9,2,1l); plotlk,Sads4KNH, 'k')
title( 'Sensitivity func r.Lon Sads4KNH')

ylabel ( '\ rontet ce {8} Sads4KNH' )
xlabel ( '\font.si ce {8} di.screte t ime , k I )

subplot(9,2,12); plot (k,Sads4KOA, 'y..'}
ti t Le ( "Sens Lt Lvd t.y f unct.Lon E;ads!Jl<OA')
ylabel (' \ font ..s i z e I 8} Sads4KOJ\.' )
xlabel ( "vf cnr.s Lze {e) discrete time, k' )

subplot(9,2,13); plot (k,Sads4etag, 'k')
title (' Sensitivity fun ct.Lon sads e e t eu I)
ylabel (' 'vf crrts.i ze I 8}Sads é e t eq ' )
xlabel (' \ tont.s i ce {8 j d i.s cre t.e t.Lme s k")

subplot(9,2,14); plot (k,Sads4KMP, '1':.')
title (' sens it.iva t.y functi on Sads4h1".lP')
ylabel ( I 'vf crrts i ze {S}Sads4I01P' )
xlabel ( '\ f'on t a i ze {S}dd.sc r e t.e time, k ' )

subplot (9,2,15); plot (k, Sads4KSP, 'k' )
title I
ylabel ('
xlabel ('\fonL,ize{S}di.sc.r:etê t.Lmes k")
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subplot(9,2,16): plot(k,Sads4KSA, 'k')
title ( •Sensi ti vi ty function Seds 4KSAI)
ylabel ( • \ fonts i ze {B}Sads4KSA' }
xlabel ( "vf cn t s Lze (8) dd s c r et.e time, k ' )

subplot (9, 2,8); plot (k, Sads5KS, 'k' )
title ( •seoe i t f.vf.t.y f unot.Lcn Sads.~K~;')
ylabel ( • 'vf cnt si ze {8} SadsSKS' )
xlabel ('dj.sc:rete t.Lme, k')

subplot (9, 2,17): plot (k , Sads4fMA, 'YC')
ti t Le ( 'Sensi ti vi ty funct.ion Sads4 fHA I )

ylabel ( • \ fout.s i ce {8) Sads4fHA' )
xlabel ( '\ fontsi:::e {ti} dds c re t.e time, k' )

subplot(9,2,9); plot(k,SadsSKOH, 'k')
ti t Le ( "sense ti vi ty fur.ct.Lon SadsSKOH')
ylabel ( I \ fontsize {S} Sads5KOH' )
xlabel ('\font.",J.:::e{8}di.screte t.i.me s k ")

subplot(9,2,lB): plot(k,Sads4KA, 'k')
title ('Sensitivity func t.Lon SadstHCA' )
ylabel ( '\ f'on t s á ze {8} Sads4KA' )
xlabel (' \ fon t.s ace (8 j dd s c r e t.e time, k' )

subplot(9,2,10); plot (k,Sads5KNO, '}:')
title ('Sensiti'iTi.t.y f unc t.f.cn Sads.:':I:-..l>JO')
ylabel ( 'Yforrt si ze {8} Saas5KNO' )
xlabel (' vront.s i ae t aj c iecxe te time, k')

~"-;rapf for the eenst t Lvt r y tunc t i cns of the var-LabLe SNHin
t.be tank ~I

figure (20)
subplot(9,2,l) :plot(k,Sads5, "k")
ti t Le ( , Proce s s variable SadsS')
ylabel ( '\fontsi.ze t e J ~;ads5' )
xlabel('\fontsize{8}discrete time. k'j

subplot (9, z , 11); plot (k , Sads5KNH, "k ")
title r ' seue I ti vi ty f unc t.Lcn Sad:3~JKNH.')
ylabel ( '\. f'orrt sLz e {f.l} Sóds~JKlm' )
xlabel ('\fontsize{S}di.sc.1:ete t imes k")

subplot (9,2,12); plot (k , Sads5KOA, 'k' )
ti t.Le ( "Sene i. 't Lvf.t.y funct.ion ~;;:1ds.5KOl~')

ylabel ( '\ font size {8} Sads.'JKOA' )
xlabel('\fontsize{8}discrete time,k')

subplot(9,2,2): plot(k,Sads5f, 'k')
title t t sens i t i v+tv function Se ds Sf'" )
ylabel ( '\fontsize {8} ~;'")de,5f')
xlabel ( '\fontsi.ze {8} cc sc ret e time, r.:' )

subplot (9,2,13): plot (k, SadsSetag, 'I:' )
title (':':;ensi t.Lv.i.t.y function Se c sSe te q ")
ylabel ( '\fontsize {13}Se ds Se t.e.q ' )
xlabel ('\f()ntsize{8}discn~t€· t i.rnes k")

subplot(9,2,3); plot (k,Sads5YZH, 'k')

ti t.Le ( "Va r i ab l e Sad s SYZH' )
ylabel ( '\font.si:::e (8) Sads5YZH' )
xlabel ( '\ f on't s i.ze {8) discrete time, r.· )

subplot (9,2,14); plot (k, Sads5KMP, 'k' )
title ( "Sena.i t.Lv.i ty function S~1ds::<Kl-1'r")
ylabel ('\fontsi.zef.8}SadsbKNpl)
xlabel ( , \ font size {8}disere te- time. k' )

subplot(9,2,4); plot(k,Sads5YZA, 'k')
title L'Ve r.i ab Le Sads5YZP.')
ylabel (' \fontsi::e (8) SadsSYZA' )
xlabel ( '\fontsi.ze [8 }d.iscrete t dmes k ' )

subplot(9,2,l5); plot (k,Sads5KSP, 'k')
title ( "Sen s.i ti vi ty f unc't ion Sads5KS:r::')
ylabel ( '\fonts.i.ze t s : Sbds5}:SP')
xlabel ( "Vf on t size {8} di scret e ti.rne , P.' )

subplot(9r2,S); plot (k,SadsSfZBH, 'k')
title (' Sensiti v Lt.y function Sads5fZBH.')
ylabel ( , vf on t s Lce [8} SadsSfZBH' )
x Labe Lt t d.i s cx e t e time,k')

subplot (9,2,16); plot (k, Sads5KSA, 'k' )

~i~;:i:~;~~~~~;~;;~8 ;~~~~;~~~A~~dS:1KSA')

x Labe I ('\fonts.ize{8}dj.scret.e time, r.')
subplot (9,2,6): plot (k, Sads5muA, 'k' )
title ( 'Sensiti vi ty function Seds Srnu.A")
ylabel ( '\ fon t.s Lce {8} Sads Srnuê' )
xlabel ( ! \fontsize (B j co.sc re t e t.Lme s k' )

subplot(9,2,17); plot(k,Sads5fMA,'k')
title (! aenstr.tv t ty function Sads5fNA')
ylabel ( "Vf ont.s Lze {({}S('lds':dHA')
xlabel ( "Vf orrt s Lze {(!} dj. sci-et;e t:i.mer k ' )

subplot (9,2,7): plot (k, Sads5muH, 'k' )
ti tle ( 'Sensi ti vi ty function Sads5rnuH')
ylabel ( • \ fonts j_ r.e {8} serts smua ' )
xlabel ('discn~tE- t drne , k')

subplot (9,2,18); plot (k, SadsSKA, 'k' )
title (! Sens i t.Lv ft y func t Lon S~lds5K.J\')
ylabel (' 'vf'ont.s Lce l 8} Sads~;K.r:..' )
x Labe L ( '\.fontsi.ze (8 I df.ac r e te t.i.me,}:')

2.Subprogram

:'!'SUBPROGRAl'~l rateBUCTS. rn
~AIH: 'ï'he program function. rliu"ASH1.m calculates t.he p.r oce s s rates, de r ive t.Lve s of t he pz o ces r-at.e s towa z da the model pa ramet.e r s
and ve r Lab Les end form ..s the s ens i t t v.i ty mode I met r i ce s necessary for s i.mu.Le t.Lon (If t.b epro ces e ve rf.ab Les and the eens Lt.Lvi.t.y
funct Lcns for the Bencbma r k process based on t.he reduced HeT b i o Ioqa.c a I model.
:':The p r oc ram uses qLoba L de f i.n.i t.Lon of t.he model pe r-emet.er s

function [ROUCT,ASu, BSu, CSu, DSu) =rateBUCTS (Xk, Uk, XBHk, XBAk, XSk, DT ,A11u,A15u,A21u,A22u,A32u,A33u,A43u,A44u,A54u,AS5u, Blu, Criu)
global Ks KOH KNO KNA KOA muH etag muA KMP fZBH YZH YZA KA KSA KSP £MA

r CeLcu Lat don of t.he process r ar.e s at eve ry moment; of t.he time
~ reactions in tank 1
ROUeT (l)~muH* (Xk (3) I (Ks+Xk (3))) * (Uk (1) I (KOH+Uk(l))) * (Xk (1) I (KNA+Xk (1))) *XBHk (1) :
aoncr (2) =muft+ (Xk (3) I (Ks+Xk(3) )) * (Uk (1) I (KOH+Uk(l))) * (KNAl (KNA+Xk (1))) * (Xk (2) I (KNO+Xk (2))) *XBHk (1);
ROUeT (3) =rnuli" (Xk (3) I (Ks+Xk (3) ) ) * (KOHl (KOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1) :
nouer (4 )~muH* (Xk (3) I (Ks+Xk (3))) * (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) * (Xk (2) I (KNO+Xk (2))) *XBHk (1):
aoucr (5)~KMP* ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1))) * (Uk (1) I (KOH+Uk(l))) * (Xk (1) I (KNA+Xk (1)) ) *XBHk(l);
ROUeT (6)~KMP* ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1))) * (Uk (1) I (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) * (Xk (2) I (KNO+Xk(2))) *XBHk (1):
ROUeT(7)~KMP* ((Xk(4)/XBHk(1)) I (KSP+Xk(4)/XBHk(1)) )*(KOH/(KOH+Uk(l)))* (Xk(l)/(KNA+Xk(l)))* (Xk(2)/(KNO+Xk(2)) )*etag*XBHk(l);
ROUeT (B) ~KMP* ( (Xk (4) IXBHk (1) ) I (KSP+Xk (4) IXBHk (1) ) ) * (KOHl (KOH+Uk Il) ) ) * (KNAl (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) *etag*XBHk (1) ;
nouer (9) ~KA*XSk (1) *XBHk (1) * (fMA- (Xk (4) IXBHk (1) ) ) :
ROUeT (lO)~muA* (Uk (1) I (KOA+Uk (1))) * (Xk (1) I (KSA+Xk (1))) *XBHk(l);

~ reactions in t~nk :
ROUeT (11) =muh" (Xk(7) I (Ks+Xk (7))) * (Uk (2) I (KOH+Uk (2))) * (Xk(5) I (KNA+Xk (5))) *XBHk (2);
nouer (12) =mull" (Xk(7) I (Ks+Xk (7))) * (Uk (2) I (KOH+Uk (2))) * (KNAl (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *XBHk (2):
ncuc'r (13) =muêï e (Xk (7) I (Ks+Xk (7))) * (KOHl (KOH+Uk (2))) * (Xk (5) I (KNA+Xk (5))) * (Xk (6) I (KNO+Xk(6))) *XBHk (2):

ROUeT(14)~muH* (Xk(7) I (Ks+Xk(7))) * (KOHl (KOH+Uk(2))) * (KNAl (KNA+Xk(5))) * (Xk(6) I (KNO+Xk(6))) *XBHk(2):
ROUeT(15)~KMP* ((Xk(B)/XBHk(2))1 (KSP+Xk(B)/XBHk(2))) * (Uk(2)1 (KOH+Uk(2)) )*(Xk(5)1 (KNA+Xk(5)) )*XBHk(2):
soucr (16) ~KMP* ((Xk(B) IXBHk (2)) I (KSP+Xk (B) IXBHk (2) )) * (Uk(2) I (KOH+Uk (2) )) * (KNAl (KNA+Xk (5))) * (Xk(6) I (KNO+Xk (6))) *XBHk (2):
ROUeT(17)~KMP* ((Xk(B)/XBHk(2))1 (KSP+Xk(B)/XBHk(2)))* (KOHl (KOH+Uk(2)))* (Xk(5)1 (KNA+Xk(5)) )*(Xk(6)1 (KNO+Xk(6))) *etag*XBHk(2);
ROUeTI1B)~KMP* ((Xk(B)/XBHk(2))1 (KSP+Xk(B)/XBHk(2)))* (KOHl (KOH+Uk(2))) * (KNA/(KNA+Xk(5)) )*(Xk(6)/(KNO+Xk(6))) *etag*XBHk(2):

nouer (19) ~KA*XSk (2) *XBHk (2) * (fMA- (Xk (B) IXBHk (2) ) ) ;
nouer (20)~muA* (Uk (2) I (KOA+Uk (2))) * (Xk (5) I (KSA+Xk (5))) *XBHk (2):

1, reactions Ln tank 3
ROUCT (21) ""1!IuH* (Xk (11) I (Ks+Xk (11))) * (Uk (3) I (KOH+Uk (3))) * (Xk (9) I (KNA+Xk (9))) *XBHk (3):
nouer (22) ""1!IuH* (Xk (11) I (Ks+Xk (11) ) ) * (Uk (3) I (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) :
nouer (23) ""1!IuH* (Xk (11) I (Ks+Xk (11) ) ) * (KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) :
soue-r (24) ~muH* (Xk (11) I (Ks+Xk (11) ) ) * (KOHl (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) :
soucr (25) ~KMP* ( (Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3) ) ) * (Uk (3) I (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) *XBHk (3) :
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ROUCT (26)~KMP' ((Xk (12) IXBHk(3)) I (KSP+Xk (12) IXBHk(3)))' (Uk (3) I (KOH+Uk (3)))' (KNAl (KNA+Xk (9)))' (Xk (10) I (KNO+Xk (10))) 'XBHk (3);
ROUCT (27) ~KMP' ( (Xk (12) IXBHk (3) ! I (KSP+Xk (12) IXBHk (3) ) )' (KOHl (KOH+Uk (3)))' (Xk (9) I (KNA+Xk (9) ) )' (Xk (lO) I (KNO+Xk (10) )) 'etag'XBHk (3) ;
ROUCT (2S) ~KMP' ( (Xk (12) IXBHk (3)) I (KSP+Xk (12) IXBHk (3)))' (KOHl (KOH+Uk (3)))' (KNAl (KNA+Xk (9)) ) • (Xk (lO) I (KNO+Xk (10) ) ) 'etag'XBHk (3) ;

ROUCT (29) ~KA'XSk (3) 'XBHk (3)' (fMA- (Xk (12) IXBHk (3)) ) ;
ROUCT (3D) =muê," (Uk (3) I (KOA+Uk (3)))' (Xk (9) I (KSA+Xk (9)) ) *XBHk (3) ;

:? reactions in t.ank 4
ROUCT(3l)~muH' (Xk(15) I (Ks+Xk(15)))' (Uk(4) I (KOH+Uk(4)))' (Xk(13) I (KNA+Xk(13))) 'XBHk(4);
ROUCT(32)~muH' (Xk(15) I (Ks+Xk(15)))' (Uk(4) I (KOH+Uk(4)))' (KNAl (KNA+Xk(13)))' (Xk(14) I (KNO+Xk(14))) 'XBHk(4);
ROUCT (33) =muH' (Xk (15) I (Ks+Xk( 15)))' (KOHl (KOH+Uk (4))) * (Xk(13) I (KNA+Xk (13))) * (Xk (H) I (KNO+Xk (14))) 'XBHk (4);
ROUCT (34) =mude (Xk (15) I (Ks+Xk (15) ) )' (KOHl (KOH+Uk (4)))' (KNAl (KNA+Xk (13)))' (Xk (14) I (KNO+Xk (14))) 'XBHk (4) ;
ROUCT (35) ~KMP' ((Xk(16) IXBHk (4)) I (KSP+Xk(16) IXBHk(4)))' (Uk(4) I (KOH+Uk (4))) * (Xk(13) I (KNA+Xk (13))) 'XBHk (4);
ROUCT (36) ~KMP' ((Xk (16) IXBHk (4)) I (KSP+Xk (16) IXBHk(4)))' (Uk (4) I (KOH+Uk (4)))' (KNAl (KNA+Xk (13)))' (Xk (14) I (KNO+Xk (14))) 'XBHk (4);
ROUCT (37)~KMP' ((Xk (16) IXBHk (4)) I (KSP+Xk (16) IXBHk (4)))' (KOHl (KOH+Uk(4)))' (Xk(13) I (KNA+Xk (13)))' (Xk(14) I (KNO+Xk(14))) 'etag'XBHk (4);
ROUCT (3S) ~KMP' ( (Xk (16) IXBHk (4) ) I (KSP+Xk (16) IXBHk (4) ))' (KOHl (KOH+Uk (4) ) )' (KNAl (KNA+Xk (13)))' (Xk (14) I (KNO+Xk (14)) ) 'etag'XBHk (4) ;
ROUCT (39) ~KA'XSk(4) 'XBHk (4)' (fMA- (Xk (16) IXBHk (4)));
ROUCT (40) =muê," (Uk(4) I (KOA+Uk (4)))' (Xk (13) I (KSA+Xk (13)))'XBHk (4);

1,; reactions .in t e nk 5
ROUCT (41) =muH' (Xk (19) I (Ks+Xk (19)))' (Uk(5) I (KOH+Uk (5)))' (Xk (17) I (KNA+Xk (17)))'XBHk (5) ;
ROUCT (42) ~muH' (Xk (19) I (Ks+Xk (19)))' (Uk (5) I (KOH+Uk(5)))' (KNAl (KNA+Xk (17))) * (Xk (lS) I (KNO+Xk (lS))) 'XBHk (5);
ROUCT (43) =muH* (Xk (19) I (Ks+Xk (19))) * (KOHl (KOH+Uk (5)))' (Xk (17) I (KNA+Xk (17)))' (Xk(18) I (KNO+Xk(lS))) 'XBHk (5);
ROUCT (44) =muli= (Xk (19) I (Ks+Xk (19)))' (KOHl (KOH+Uk (5) ) )' (KNAl (KNA+Xk (17)) )' (Xk (18) I (KNO+Xk (18)))'XBHk (5) ;
ROUCT (45) ~KMP' ((Xk (20) IXBHk (5)) I (KSP+Xk (20) IXBHk(5)))' (Uk (5) I (KOH+Uk(5)))' (Xk(17) I (KNA+Xk (17))) 'XBHk(5);
ROUCT (46) ~KMP' ((Xk (20) IXBHk(5)) I (KSP+Xk (20) IXBHk (5) II' (Uk (5) I (KOH+Uk(5)))' (KNAl (KNA+Xk(17)))' (Xk(18) I (KNO+Xk (18)))'XBHk (5);
ROUCT (47) ~KMP' ((Xk(20) IXBHk(5)) I (KSP+Xk (20) IXBHk(5)))' (KOHl (KOH+Uk (5)))' (Xk (17) I (KNA+Xk (17)))' (Xk (18) I (KNO+Xk (18) ))'etag'XBHk (5);
ROUCT (48) ~KMP' ( (Xk (20) IXBHk (5)) I (KSP+Xk (20) IXBHk (5)))' (KOHl (KOH+Uk (5)))' (KNAl (KNA+Xk (17)))' (Xk (18) I (KNO+Xk (lS))) 'etag'XBHk (5) ;

ROUCT (49) ~KA*XSk (5) 'XBHk (5)' (fMA- (Xk (20) IXBHk (5))) ;
ROUCT (50) ~mllA' (Uk (5) I (KOA+Uk (5)) i- (Xk (17) I (KSA+Xk (17))) 'XBHk (5) ;

ROUCT~[ROUCT(l) ROUCT(2) ROUCT(3) ROUCT(4) ROUCT(5) ROUCT(6) ROUCT(7) ROUCT(8) ROUCT(9) ROUCT(lO) ROUCT(ll) ROUCT(12) ROUCT(13)
ROUCT(14) ROUCT(15) ROUCT(16) ROUCT(17) ROUCT(18) ROUCT(19) ROUCT(20) ROUCT(2l) ROUCT(22) ROUCT(23) ROUCT(24) ROUCT(25) ROUCT(26)
ROUCT(27) ROUCT(28) ROUCT(29) ROUCT(30) ROUCT(3l) ROUCT(32) ROUCT(33) ROUCT(34) ROUCT(35) ROUCT(36) ROUCT(37) ROUCT(38) ROUCT(39)
ROUCT(40) ROUCT(4l) ROUCT(42) ROUCT(43) ROUCT(44) ROUCT(45) ROUCT(46) ROUCT(47) ROUCT(48) ROUCT(49) ROUCT(50)l';

[~Calcu.lation for- the Sensitivity Analysis
% Calculation of the de ri va t.Lves Di' the process rates towa r ds the process variables
1iCal.culations for the tank 1
rUSNH1SNH1~-
fZBH'XBHk (1) * (KNAl (KNA+Xk (1) ) '2) , (Uk (1) I (KOH+Uk (1) ) ) , (muH' (Xk (3) I (Ks+Xk (3) ) ) +KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) ) + (KOHl (KO
H+Uk(1)))'(Xk(2)/(KNO+Xk(2)))'muH' (Xk(3)/(Ks+Xk(3)))'KMP'etag' ((Xk(4) IXBHk(l))1 (KSP+ (Xk(4)/XBHk(1))))-

(l/YZA+fZBH) 'mllA' (Uk (1) I (KOA+Uk (1) ) )' (KSAI (KSA+Xk (1) ) ) 'XBAk (1) ;
rUSNH1SNQ!=-
fZBH'XBHk (1)' (KNOl (KNO+Xk (2) ) '2) , (KOHl (KOH+Uk (1)) )' (Xk (1) I (KNA+Xk (1)))' (muH' (Xk (3) I (Ks+Xk (3))) +etag'KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (

4) IXBHk ( 1) ) ) ) ) ;
rUSNH1SS1~-fZBH'muH' (Ksl (Ks+Xk (3)) )'XBHk (1)' (Xk (1) I (KSA+Xk (1))) * ( (Uk (1) I (KOH+Uk (1))) + (KOHl (KOH+Uk (1))) , (Xk (2) I (KNO+Xk (2)))) ;

rUSNH1Sads!=-
fZBH'KMP' ( (KSp/XBHk (1)) I (KSP+ (Xk (4) IXBHk (1) ) ) ) * (Xk (1) I (KNA+Xk (1) ) ) , ( (Uk (1) I (KOH+Uk (1) ) ) +etag' (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+Xk (2) ) )

);
rUSN01SNH1~fZBH' (Uk (1) I (KOH+Uk (1)))' (KNAl (KNA+Xk (1)) '2)' (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1)' (muH* (Xk (3) I (Ks+Xk (3))) +KMP' ( (Xk (4) IXBHk (1)) I (
KSP+ (Xk (4) IXBHk (1)) )) +fZBH' (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1) ) '2) * (Xk (2) I (KNO+Xk (2))) 'XBHk (1)' {muHe (Xk (3) I (Ks+Xk (3))) +KMP'etag' ( (Xk
(4) IXBHk (1)) I (KSP+ (Xk (4) IXBHk (1))))) + (l/YZA)'mllA' (KSAI (KSA+Xk(l)) '2)' (Xk (2) IKOA+Xk(2)))'XBAk (1);

rUSN01SN01~-
fZBH' (Uk (1) I (KOH+Uk (1))) , (KSAI (KSA+Xk (1)))' (KNOl (KNO+Xk (2)) '2) 'XBHk (1)' (muH' (Xk (3) I (Ks+Xk (3))) +KMP' ( (Xk (4) IXBHk (1)) I (KSP+ (Xk (4) IXB
Hk (1)) )))-
(KOHl (KOH+Uk (1)))' (KNOl (KNO+Xk (2)) '2)'XBHk (1)' (muH* (Xk (3) I (Ks+Xk (3))) +KMP*etag* ( (Xk (4) IXBHk (1)) I (KSP+ (Xk (4) IXBHk (1) ) )) ) , ( ( (1-
YZH) 12. 86'YZH) , (Xk (1) I (KNA+Xk (1)) ) + ( ( (l-YZH) 12. 86'YZH) +fZBH)' (KNAl (KNA+Xk (1)))) ;
rUSN01SS1~-muH' (Ksl (Ks+Xk (3)) '2)' (Xk (2) I (KNO+Xk (2))) 'XBHk (1)' (fZBH* (Uk (1) I (KOH+Uk (1) ) i- (KNAl (KNA+Xk (1) ) ) + ( (1-
YZH)/2. 86'YZH) , (KOHl (KOH+Uk (1)))' (Xk (1)1 (KNA+Xk (1))) + ( (1-YZH)/2. 8G'YZH) +fZBH) '(KOHl (KOH+Uk (1))) , (KNAl (KNA+Xk (1))) ;

rUSN01Sadsl=-
KMP' ( (KSP IXBHk (1) ) I (KSP+ (KSP/XBHk (1) ) ) '2) * (Xk (2)1 (KNO+Xk (2) ) ) 'XBHk (1) , (fZBH' (Uk (1) I (KOH+Uk (1) ) ) , (KNAl (KNA+Xk (1) ) ) + ( (1-
YZH) 12. 86'YZH) , (KOHl (KOH+Uk (1))) , (Xk (1)1 (KNA+Xk (l)))'etag+ ( ( (l-YZH) 12. 86'YZH) +fZBH) , (KOHl (KOH+Uk (1)))' (KNAl (KNA+Xk (1))) 'etag) ;
rUSS1SNH1~- (l/YZH) 'muH' (Xk (3) I (Ks+Xk (3) ) i- (Uk (1) I (KOH+Uk (1) ))' (KNAl (KNA+Xk (1)) '2) 'XBHk (1) , (1- (Xk (2)1 (KNO+Xk (2)))) ;

rUSSlSNOl=-
(l/YZH)'muH* (Xk (3)1 (Ks+Xk (3)))' (KNOl (KNO+Xk (2) ) '2) 'XBHk (1)' ( (Uk (1) I (KOH+Uk (1))) • (KNAl (KNA+Xk (1))) + (KOHl (KOH+Uk (1)))' (Xk (1)1 (KNA+Xk

(1)))+ (KOHl (KOH+Uk(l)))' (KNA! (KNA+Xk(l))));
rUSSlSSl=-
(l/YZH) • (Ksl (Ks+Xk (3) ) '2! ' ( (Uk (1)1 (KOH+Uk (1) ) ) , ( (Xk (1) I (KNA+Xk (1) ) ) + (KNA! (KNA+Xk (1) ) ) • (Xk (2)1 (KNO+Xk (2) ) )) + (KOHl (KOH+Uk (1)) ) , (Xk (2

)1 (KNO+Xk (2)))' ((Xk (1) I (KNA+Xk(l))) + (KNAl (KNA+Xk(l))))) 'XBHk (1);

rUSSlSadsl=O;
rUSadslSNH1~- (l/YZH) 'KMP' ( (Xk (4)/XBHk (1) ) I (KSP+ (Xk (4) IXBHk (1))))' (Uk (1)1 (KOH+Uk (1) ) )' (KNA! (KNA+Xk (1)) '2) 'XBHk (1)' (1-

(Xk (2) I (KNO+Xk (2))));
rUSads lSNOl=-
(l/YZH) 'KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) )))' (KNOl (KNO+Xk (2) ) '2) *XBHk (1)' ( (Uk (1) I (KOH+Uk (1) ) ) * (KNAl (KNA+Xk (1) ) ) + (KOHl (KOH+U
k (1) )) , (Xk (1)1 (KNA+Xk (1) ) ) + (KOHl (KOH+Uk (1) ) ) • (KNAl (KNA+Xk (1) ) )); rUSadslSS 1~0;

rUSadslSadsl=-
(l/YZH) 'KMP' ( (KSP/XBHk (1) ) I (KSP+ (Xk (4)/XBHk (1)) ) '2) , (Uk (1) I (KOH+Uk (1) ) ) 'XBHk (1) , ( (Xk (1)1 (KNA+Xk (1) ) ) ,+ (KNAl (KNA+Xk (1) ) ) , (Xk (2) I (KN

O+Xk(2))))-
(l/YZH) 'KMP' ( (KSp/XBHk (l)) I (KSP+ (Xk (4) IXBHk (1))) '2)' (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+Xk (2))) 'etag'XBHk (1)' ( (Xk (1)1 (KNA+Xk (1) ) ) + (KNAl (

KNA+Xk(l)))) ;

;.; Calculat.ion fo t.he tan]: .:2
rUSNH2 SNH2=-
fZBH'XBHk (2) , (KNAl (KNA+Xk (5) ) '2)' (Uk (2) I (KOH+Uk (2) ) )' (muH* (Xk (7)I (Ks+Xk (7) )) +KMP' ( (Xk (8)/XBHk (2))1 (KSP+ (Xk (8) IXBHk (2) III )+ (KOHl (KO
H+Uk (2) ) ) • (Xk (6)1 (KNO+Xk (6) ) ) 'muE' (Xk (7)1 (Ks+Xk (7) )) 'KMP'etag* ( (Xk (8)/XBHk (2) )1 (KSP+ (Xk (8) IXBHk (2) ) ) ) -

(l/YZA+fZBH) 'mllA' (Uk (2)1 (KOA+Uk (2)))' (KSAI (KSA+Xk (5) ) ) 'XBAk (2) ;
rUSNH2SN02=-
fZBH'XBHk (2)' (KNOl (KNO+Xk (6) ) '2)' (KOHl (KOH+Uk (2)))' (Xk (5) I (KNA+Xk (5) ) )' (muW (Xk (7) I (Ks+Xk (7))) +etag'KMP' ( (Xk (8)/XBHk (2)) I (KSP+ (Xk (

8) IXBHk (2) ) ) ) ) ;
rUSNH2SS2~-fZBH'muH' (Ksl (Ks+Xk (7)) ) 'XBHk (2)' (Xk (5)1 (KSA+Xk (5)))' ( (Uk (2)1 (KOH+Uk (2))) + (KOHl (KOH+Uk (2)))' (Xk (6)1 (KNO+Xk (6) III ;
rUSNH2Sads2=-
fZBH'KMP' ( (KSP/XBHk (2) ) I (KSP+ (Xk (8)/XBHk (2))))' (Xk (5) I (KNA+Xk (5)))' ( (Uk (2)1 (KOH+Uk (2))) +etag' (KOHl (KOH+Uk (2) ) i- (Xk (6) I (KNO+Xk (6)))

);
rUSN02SNH2~fZBH' (Uk (2) I (KOH+Uk (2)) )' (KNAl (KNA+Xk (5) ) '2)' (Xk (6) I (KNO+Xk (G))) 'XBHk (2)' (muH* (Xk (7)1 (Ks+Xk (7))) +KMP' ( (Xk (8)/XBHk (2)) I (
KSP+ (Xk (8) IXBHk (2) ) ) ) +fZBH' (KOHl (KOH+Uk (2) ) ) • (KNAl (KNA+Xk (5) ) '2)' (Xk (6) I (KNO+Xk (6) )) 'XBHk (2) , (muH' (Xk (7)1 (Ks+Xk (7))) +KMP'etag' ( (Xk
(8)/XBHk (2))1 (KSP+ (Xk (8)/XBHk (2) )) ) ) + (l/YZA) 'mllA' (KSAI (KSA.+Xk (5)) '2)' (Xk (G) IKOA+Xk (6) ) ) 'XBAk (2) ;

rUSN02SN02~-
fZBH' (Uk (2)1 (KOH+Uk (2))) • (KSAI (KSA+Xk (5)))' (KNOl (KNO+Xk (6)) '2) 'XBHk (2)' [rnu Hw (Xk (7)1 (Ks+Xk (7) ) ) +KMP' ( (Xk (B)/XBHk (2) )1 (KSP+ (Xk (8) IXB
Hk (2))) ))-
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(KOHl (KOH+Uk (2) } }' (KNOl (KNO+Xk (6) } A2} 'XBHk (2)' (muH' (Xk (7) I (Ks+Xk (7) } } +KMP'etag' ( (Xk (8) IXBHk (2) } I (KSP+ (Xk (8) IXBHk (2) ) ) ) v» ( ( (1-
YZH) 12. 86'YZH)' (Xk (5) I (KNA+Xk (5) ) ) + ( ( (l-YZH) 12. B6'YZH) +fZBH}' (KNAl (KNA+Xk (5) ) ) ) ;
rUSN02SS2~-muH' (Ksl (Ks+Xk (7) ) A2)' (Xk (6) I (KNO+Xk (6) ) ) 'XBHk (2)' (fZBH' (Uk (2) I (KOH+Uk (2) ) )' IKNAI (KNA+Xk (5) ) ) + ( (1-
YZH) 12. B6'YZH) , (KOHl (KOH+Uk (2) ) } * (Xk (5) I (KNA+Xk (5) ) } + ( (l-YZH) 12. 86*YZH) +fZBH}' (KOHl (KOH+Uk (2) ) } * (KNAl (KNA+Xk IS) ) ) ;

rUSN02Sads2=-
KMP* ((KSP/XBHk (2)) I IKSP+ (KSP/XBHk(2)}) A2) * IXk(6} I (KNO+Xk (6))) 'XBHk(2} * (fZBH* (Uk (2) I (KOH+Uk (2)))' (KNAl (KNA+Xk (5)))+ ((1-
YZH) 12. 86'YZH} • (KOHl (KOH+Uk (2) ) }' (Xk (5) I (KNA+Xk (5) } } *etag+ ( ( (l-YZH) 12. B6'YZH} +fZBH) * (KOHl (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) *etag} ;
rUSS2SNH2~- 11/YZH) 'muH* (Xk (7) I (Ks+Xk (7) ) }' (Uk (2) I (KOH+Uk (2) } }' (KNAl (KNA+Xk IS) } A2} 'XBHk (2) * (1- (Xk I 6) I (KNO+Xk (6) ) } ) ;

rUSS2SN02--
(l/YZH) 'muH* (Xk (7) I (Ks+Xk (7) ) )' (KNOl (KNO+Xk (6) ) A2) 'XBHk (2)' ( (Uk (2) I (KOH+Uk (2) ) }' IKNAI (KNA+Xk IS) ) ) + (KOHl (KOH+Uk (2) ) ) * (Xk (5) I (KNA+Xk

(5)))+ (KOHl (KOH+Uk(2)))' (KNAl (KNA+Xk (5)}));
rUSS2SS2~-
(l/YZH)' (Ksl (Ks+Xk(7)) A2)' ((Uk(2) I IKOH+Uk (2))) * ((Xk IS) I (KNA+Xk(5)})+ (KNAl (KNA+Xk (5)))' (Xk (6) I (KNO+Xk(6)))) + (KOHl (KOH+Uk (2)))' (Xk( 6

) I (KNO+Xk (6) } ) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) } } *XBHk (2); rUSS2Sads2~0;
rUSads2SNH2~- (l/YZH) 'KMP* ( (Xk IB) IXBHk (2) ) I (KSP+ IXk (8) IXBHk (2) ) ) r- (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) A2) *XBHk (2) * (1-
(Xk (6) I (KNO+Xk (6))));

rUSads2SN02=-
(l/YZH) 'KMP' ( (Xk (B) IXBHk 12) ) I (KSP+ (Xk (B) IXBHk (2) } } }' (KNOl (KNO+Xk (6) ) A2} *XBHk (2) , ( (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk 15) ) ) + (KOHl I KOH+U

k (2) ) } , (Xk IS) I (KNA+Xk (5) ) } + IKOHI IKOH+Uk (2) ) }' (KNAl IKNA+Xk 15) ) ) } ; rUSads2SS2~0;

rUSads2Sads2=-
11/YZH) 'KMP' I (KSP/XBHk (2) ) I (KSP+ (Xk (B) IXBHk (2) ) ) A2)' (Uk (2) I (KOH+Uk (2) ) ) 'XBHk (2)' ( (Xk (5) I (KNA+Xk 15) ) ) '+ (KNAl (KNA+Xk (5) } ) * IXk (6) I IKN

O+Xk(6)}} }-
(l/YZH) *KMP' ( (KSP/XBHk (2) } I (KSP+ (Xk (B) IXBHk (2) ) } A2) • (KOHl (KOH+Uk (2) ) } '(Xk (6) I (KNO+Xk (6) } ) 'etag'XBHk (2)' ( (Xk (5) I (KNA+Xk (5) ) } + (KNAl (

KNA+Xk(5))}) ;

:i, Calculation for the tank 3
rUSNH3SNH3=-
fZBH'XBHk (3)' (KNAl IKNA+Xk (9)) A2}' (Uk(3) I (KOH+Uk (3))) * (muH* (Xk (11) I (Ks+Xk(ll))) +KMP* ( (Xk (12) IXBHk(3)) I (KSP+ (Xk (12) IXBHk(3)})} ) + (KOH
I (KOH+Uk (3) ) ) * (Xk (10) I (KNO+Xk (10) ) ) 'muH* (Xk I ll) I (Ks+Xk (11) ) } 'KMP'etag* ( (Xk (12) IXBHk (3) ) I IKSP+ (Xk (12) IXBHk (3) ) ) )-

(l/YZA+fZBH) *mllA* (Uk (3) I (KOA+Uk (3) ) ) * IKSAI (KSA+Xk (9) ) ) 'XBAk (3) ;
rUSNH3SN03~-
fZBH*XBHk (3) * (KNOl (KNO+Xk (10) ) A2) * (KOHl (KOH+Uk (3) ) } * (Xk (9) I (KNA+Xk (9) } )' (muH' (Xk Ill) I (Ks+Xk (11) ) } +etag*KMP* ( (Xk (12) IXBHk (3) } I (KSP+

IXk(12) IXBHk(3)))});
rUSNH3SS3~-fZBH'muH' (Ksl (Ks+Xk (11) ) } 'XBHk (3) * (Xk (9) I (KSA+Xk (9) ) } * ( (Uk (3) I (KOH+Uk (3) ) ) + (KOHl (KOH+Uk (3) ) ) * (Xk (lO) I (KNO+Xk (lO) } ) } ;

rUSNH3Sads3=-
fZBH'KMP' ( (KSP/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) • (Xk (9) I (KNA+Xk (9) ) )' ( (Uk (3) I IKOH+Uk (3) ) ) +etag* (KOHl (KOH+Uk (3) ) ) * (Xk lID) I (KNO+Xk IlO

I)));
rUSN03SNH3~fZBH* lUk (3) I (KOH+Uk (3) ) ) • (KNAl (KNA+Xk (9) ) A2) * (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ImuH' IXk (11) I (Ks+Xk I 11) ) ) +KMP' ( (Xk (12) IXBHk (
3) } I (KSP+ (Xk (12) IXBHk (3) ) ) ) +fZBH* (KOHl (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) A2) * (Xk (10) I (KNO+Xk (lO) ) ) *XBHk (3)' (muH* (Xk (11) I (Ks+Xk Ill) ) ) +KMP
*etag' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk 112) IXBHk (3) ) ) ) ) + 11/YZA) 'mllA* (KSAI (KSA+Xk (9) ) A2)' IXk I ro: IKOA+Xk (10) ) ) 'XBAk (3) ;

rUSN03SN03=-
fZBH' (Uk (3) I (KOH+Uk (3) ) }' IKSAI (KSA+Xk (9) } )' (KNOl (KNO+Xk (10) ) A2) *XBHk (3)' (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (1

2) IXBHk (3) ) ) ) ) -
(KOHl (KOH+Uk (3) } ) * (KNOl (KNO+Xk (10) ) A2} *XBHk (3) * (muH* (Xk (ll) I (Ks+Xk (11) } ) +KMP*etag* ( IXk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) )' ( ( (1-
YZH) 12. B6'YZH) • IXk (9) I (KNA+Xk (9) ) } + ( ( (l-YZH) 12. B6*YZH) +fZBH}' (KNAl (KNA+Xk (9) } } ) ;
rUSN03SS3~-muH* (Ksl IKs+Xk (11) } A2} * (Xk (10) I (KNO+Xk IlO) ) ) 'XBHk (3) * (fZBH' (Uk (3) I (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) + ( Il-
YZH) 12. B6'YZH} * (KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) } + ( (l-YZH) 12. B6*YZH) +fZBH} * (KOHl (KOH+Uk (3) } ) * (KNAl (KNA+Xk (9) ) ) ;

rUSN03Sads3=-
KMP* ((KSP/XBHk (3)) I (KSP+ (KSP/XBHk (3))} A2) * (Xk(lO) I (KNO+Xk IlO))} *XBHk (3) * (fZBH* (Uk (3) I (KOH+Uk (3))) * (KNAl (KNA+Xk(9))) + (11-
YZH) 12. B6'YZH)' (KOHl IKOH+Uk (3) ) i- (Xk (9) I (KNA+Xk (9) ) ) «e t.aq+ ( ( (l-YZH) 12. 86*YZH) +fZBH)' (KOHl (KOH+Uk (3) ) } * (KNAl (KNA+Xk (9) } } *etag} ;
rUSS3SNH3~- (l/YZH) 'muH* (Xk (11) I (Ks+Xk (11) ) )' (Uk (3) I IKOH+Uk (3) ) ) * IKNAI (KNA+Xk (9) ) A2) *XBHk I 3} * 11- (Xk I ID) I IKNO+Xk (10) ) ) } ;

rUSS3SN03~-
I l/YZH) 'muH* (Xk (11) I (Ks+Xk I 11) ) ) * (KNOl (KNO+Xk (ID) } A2) *XBHk (3)' ( (Uk 13) I (KOH+Uk (3) } i- IKNAI (KNA+Xk 19) ) ) + (KOHl (KOH+Uk (3) ) )' (Xk (9) I (KNA

+Xk (9))} + (KOHl (KOH+Uk (3) )) * (KNAl (KNA+Xk (9))));

rUSS3SS3~-
(l/YZH) * (Ksl (Ks+Xk (11) ) A2) * ( (Uk (3) I (KOH+Uk (3) ) ) , ( (Xk (9) I IKNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) } ) , IXk (lO) I (KNO+Xk I ID) ) ) ) + (KOHl (KOH+Uk (3) } ) * (X

k (10) I (KNO+Xk (10) ) ) * ( (Xk (9) I (KNA+Xk (9) ) } + (KNAl (KNA+Xk (9) ) ) ) ) *XBHk (3) ; rUSS3Sads3~0;
rUSads3SNH3~- I l/YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) } ) ) * (Uk (3) I IKOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) A2) *XBHk (3) * (1-

(XkllO)/IKNO+Xk(lO))));
rUSads3SN03~-
(l/YZH) *KMP' I (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) i- (KNOl IKNO+Xk (10) ) A2) *XBHk (3)' ( (Uk (3) I (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) ) + (KOHl (KO

H+Uk(3))} * (Xk(9) I (KNA+Xk (9))) + (KOHl (KOH+Uk(3))) * IKNAI (KNA+Xk(9}))} ;rUSads3SS3~0;
rUSads3Sads3=-
(l/YZH) 'KMP* ( (KSP/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) } ) A2)' (Uk (3) I (KOH+Uk (3) ) ) 'XBHk (3) * ( (Xk (9) I (KNA+Xk (9) } ) *+ (KNAl (KNA+Xk (9) ) ) * (Xk (10) I I

KNO+Xk(10}})} -
(l/YZH) 'KMP* ( (KSP/XBHk (3) } I (KSP+ (Xk (12) IXBHk (3) ) ) A2} • (KOHl (KOH+Uk (3) ) ) * (Xk (lO) I (KNO+Xk IlO) ) ) *etag*XBHk (3) * ( (Xk (9) I (KNA+Xk (9) } ) + (KN

AI (KNA+Xk (9) ) } ) ;

~ Calculation f o r the tank 4
rUSNH4SNH4~-
fZBH'XBHk(4)* (KNA/(KNA+Xk(13)) A2}' (Uk(4)1 (KOH+Uk(4)))* (rnuH* (Xk(15)/(Ks+Xk(lS)) )+KMP* ((Xk(16)/XBHk(4})1 (KSP+(Xk(16) IXBHk(4))}) )+IKO
HI (KOH+Uk (4) ) ) * (Xk (14) I (KNO+Xk (14) } } 'muH* (Xk (15) I (Ks+Xk (15) } } 'KMP*etag* ( (Xk I 16) IXBHk (4) ) I (KSP+ (Xk (16) IXBHk (4) ) } } -

(l/YZA+fZBH) *rnllA' (Uk (4) I (KOA+Uk (4) ) }' (KSAI (KSA+Xk (13) ) } 'XBAk (4) ;
rUSNH4 SN04=-
fZBH*XBHk (4) * (KNOl (KNO+Xk (14) ) A2) * (KOHl (KOH+Uk (4) } ) * (Xk (13) I (KNA+Xk (13) ) ) * (muH* (Xk 115) I (Ks+Xk (15) ) ) +etag*KMP* ( (Xk (16) IXBHk (4) ) I (KS

P+ (Xk(16) IXBHk (4)))));
rUSNH4SS4~-fZBH'muH' (Ksl (Ks+Xk (15) ) ) 'XBHk (4) • (Xk (13) I I KSA+Xk (13) ) )' ( (Uk (4) I IKOH+Uk (4) ) ) + (KOHl (KOH+Uk (4) ) i- (Xk (14) I (KNO+Xk (14) ) } ) ;

rUSNH4 Sads 4=-
fZBH*KMP* ( (KSP/XBHk (4) ) I (KSP+ (Xk (l6) IXBHk (4) ) } )' IXk (1) I (KNA+Xk (13) ) )' ( (Uk (4) I (KOH+Uk (4) ) } +etag' (KOHl (KOH+Uk (4) } i- (Xk (14) I IKNO+Xk (1

4) ) ) ) ;
rUSN04SNH4~fZBW (Uk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) } A2} • (Xk (14) I (KNO+Xk (H) } ) 'XBHk (4) * (mua- (Xk (15) I (Ks+Xk (15) } ) +KMP* ( (Xk (16) IXBHk
(4) ) I (KSP+ (Xk (16) IXBHk (4) ) ) ) +fZBH' (KOHl IKOH+Uk (4) ) ) , IKNAI (KNA+Xk (13) } A2) , IXk (14) I (KNO+Xk (14) } ) 'XBHk (4) • (muH* (Xk (15) I (Ks+Xk (15) ) } +K

MP*etag* ( (Xk (16) IXBHk (4) ) I IKSP+ (Xk (16) IXBHk (4) ) ) ) ) + (l/YZA) 'mllA' IKSAI (KSA+Xk (13) } A2)' (Xk (14) IKOA+Xk (14) ) ) *XBAk (4) ;

rUSN04 SN04~-
fZBH*(Uk(4}1 (KOH+Uk(4)} )*(KSA/(KSA+Xk(13)))* (KNOl (KNO+Xk(14) )A2) 'XBHk(4)* (muH* (Xk(15}1 (Ks+Xk(lS)) )+KMP'( IXk(16)/XBHk(4}}1 (KSP+(Xk(

l6)/XBHk(4)}}}}-
IKOHI IKOH+Uk (4) ) ) * (KNOl (KNO+Xk (14) } A2} *XBHk (4) * (muH' IXk (15) I (Ks+Xk u s: }}+KMP'etag' ( (Xk (16) IXBHk (4) ) I IKSP+ (Xk (16) IXBHk (4) ) ) ) ) * ( ( (1-
YZE) 12. 86'YZH) * (Xk (13) I (KNA+Xk (13) ) ) + ( ( (l-YZH) 12. 86*YZH) +fZBH) , IKNAI (KNA+Xk (13) ) ) } ;
rUSN04SS4~-muH* (Ksl IKs+Xk (15) } A2} • (Xk (H) I (KNO+Xk (H) ) ) *XBHk (4) * (fZBH' (Uk (4) I (KOH+Uk (4) ) } • (KNAl (KNA+Xk (13) ) ) + ( (1-
YZH) 12. B6'YZH} * (KOHl (KOH+Uk (4) ) )' (Xk (13) I (KNA+Xk (13) ) ) + ( I l-YZH) 12. 86*YZH} +fZBH) • (KOHl (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) ) ) ;

rUSN04Sads4=-
KMP* ( (KSP IXBHk (4) } I (KSP+ (KSP IXBHk (4) } ) A2) • IXk (14) I (KNO+Xk (14) } } *XBHk (4) , (fZBH* (Uk (4) I (KOH+Uk (4) ) } • (KNAl I KNA+Xk (13) ) } + ( (1-
YZH) 12. 86*YZH) * (KOHl (KOH+Uk (4) ) ) • (Xk (13) I (KNA+Xk (13) ) ) "e t aq+ ( ( I l-Y2H) 12. 86*YZH) +fZBH) * (KOHl (KOH+Uk (4) } )' (KNAl (KNA+Xk (13) } ) *etag) ;
rUSS4SNH4~- (l/YZH) *rnuW (Xk (15) I (Ks+Xk (15) } }' (Uk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) } A2) 'XBHk (4) * (1- (Xk (14) I (KNO+Xk 114) ) ) ) ;

rUSS4SN04=-
(l/YZH) *muH* (Xk (15) I (Ks+Xk (15) } ) * (KNOl IKNO+Xk (14) ) A2) 'XBHk (4)' ( (Uk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) } ) + (KOHl (KOH+Uk (4) ) ) • (Xk (13) I (K

NA+Xk (13) ) ) + (KOHl (KOH+Uk (4) } } * (KNAl (KNA+Xk I 13) ) } } ;
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rUSS4SS4~-
(l/YZH) * (Ksl (Ks+Xk (15) ) '2) * ( (Uk (4) I (KOH+Uk (4) ) ) * ( (Xk (13) I (KNA+Xk (13) ) ) + (KNAl (KNA+Xk (13) ) ) * (Xk (14) I (KNO+Xk (14) ) ) ) + (KOHl (KOH+Uk (4) ) )

, (Xk (14) I (KNO+Xk (14) ) ) * ( (X,k (13) I (KNA+Xk (13) ) ) + (KNAl (KNA+Xk (13) ) ) ) ) 'XBHk (4) ; rUSS4Sads4~0;
rUSads4SNH4~- (l/YZH) 'KMP* ( (Xk (16) IXBHk (4) ) I (KSP+ (Xk (16) IXBHk (4) ) ) )' (Uk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) ) A2) 'XBHk (4) * (1-

(Xk (14) I (KNO+Xk (14) ) ) ) ;

rUSads4 SN04=-
(l/YZH) *KMP* ( (Xk (16) IXBHk (4) ) I (KSP+ (Xk (16) IXBHk (4) ) ) ) * (KNOl (KNO+Xk (14) ) A2) 'XBHk (4) * ( (Uk (4) I (KOH+Uk (4) ) ) , (KNAl (KNA+Xk (13) ) ) + (KOHl (K

OH+Uk (4) ) ) , (Xk (13) I (KNA+Xk (13) ) ) + (KOHl (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) ) ) ) ; rUSads4SS4~0;

rUSads4Sads4=-
(l/YZH) *KMP* ( (KSP IXBHk (4) ) I (KSP+ (Xk (16) IXBHk (4) ) ) '2) * (Uk (4) I (KOH+Uk (4) ) ) 'XBHk (4) , ( (Xk (1) I (KNA+Xk (13) ) ) *+ (KNAl (KNA+Xk (13) ) )' (Xk (14)

I (KNO+Xk (14) ) ) )-
(l/YZH) *KMP' ( (KSP/XBHk (4) ) I (KSP+ (Xk (16) IXBHk (4) ) ) A2)' (KOHl (KOH+Uk (4) ) )' (Xk (14) I (KNO+Xk (14) ) ) *etag*XBHk (4)' ( (Xk (13) I (KNA+Xk (13) ) ) + (

KNA/(KNA+Xk(13))));

~~CeLcuLe t Lon for the 't enk 5
rUSNH5SNH5=-
tZBH'XBHk (5) * (KNAl (KNA+Xk (17) ) A2)' (Uk (5) I (KOH+Uk (5) ) )' (muH* (Xk (19) I (Ks+Xk (19) ) ) +KMP' ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) ) + (KO
HI (KOH+Uk (5))) * (Xk (18) I (KNO+Xk (18) )) *muH* (Xk (19) I (Ks+Xk(19))) 'KMP'etag' ((Xk (20) IXBHk (5)) I (KSP+ (Xk (20) IXBHk(5))))-

(l/YZA+tZBH) 'muA' (Uk (5) I (KOA+Uk (5) ) ) * (KSAI (KSA+Xk (17) ) ) 'XBAk (5) ;

rUSNH5SN05~-
tZBH*XBHk (5) * (KNOl (KNO+Xk (18) ) A2) * (KOHl (KOH+Uk (5) ) ) * (Xk (17) I (KNA+Xk (17) ) ) * (muH* (Xk (19) I (Ks+Xk (19) ) ) +etag'KMP* ( (Xk (20) IXBHk (5) ) I (KS

P+(Xk(20)/XBHk(5))))) ;
rUSNH5SS5~-tZBH*muH' (Ksl (Ks+Xk (19) ) ) 'XBHk (5) * (Xk (17) I (KSA+Xk (17) ) i- ( (Uk (5) I (KOH+Uk (5) ) ) + (KOHl (KOH+Uk (5) ) )' (Xk (18) I (KNO+Xk (18) ) ) ) ;

rUSNHS Sads 5=-
tZBH'KMP' ((KSP/XBHk (5)) I (KSP+ (Xk(20) IXBHk(5))))' (Xk (17) I (KNA+Xk (17)))' ((Uk (5) I (KOH+Uk (5)) ) +e t aq" (KOHl (KOH+Uk (5)))' (Xk(18) I (KNO+Xk (

18) ) ) ) ;
rUSN05SNH5~tZBH' (Uk (5) I (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17) ) A2)' (Xk (18) I (KNO+Xk (18) ) ) 'XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19) ) ) +KMP* ( (Xk (20) IXBHk
(5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) +tZBH' (KOHl (KOH+Uk (5) ) ) , (KNAl (KNA+Xk (17) ) A2) , (Xk (18) I (KNO+Xk (18) ) ) 'XBHk (5) , (muH* (Xk (19) I (Ks+Xk (19) ) ) +K

MP*etag*( (Xk(20)/XBHk(5) )/(KSP+(Xk(20)/XBHk(5)))) )+(l/YZA)*muA* (KSAI (KSA+Xk(17) )A2)* (Xk(18)/KOA+Xk(18))) 'XBAk(5);

rUSN05SN05~-
tZBH* (Uk (5) I (KOH+Uk (5) ) ) , (KSAI (KSA+Xk (17) ) i- (KNOl (KNO+Xk (18) ) A2) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19) ) ) +KMP' ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (

20)/XBHk(5)))))-
(KOHl (KOH+Uk (5) ) )' (KNOl (KNO+Xk (18) ) A2) 'XBHk (5)' (mua- (Xk (19) I (Ks+Xk (19) ) ) +KMP'etag' ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) ) , ( ( (1-

YZH) 12,86'YZH)' (Xk(17)/(KNA+Xk(17)) )+( ((1-YZH)/2,86'YZH)+tZBH)' (KNAl (KNA+Xk(17))));
rUSN05SS5~-muH' (Ksl (Ks+Xk (19) ) A2)' (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) * (tZBH* (Uk (5) I (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17) ) ) + ( (1-
YZH) 12, 86*YZH) , (KOHl (KOH+Uk (5) ) )' (Xk (17) I (KNA+Xk (17) ) ) + ( (l-YZH) 12, 86'YZH) +tZBH) '(KOHl (KOH+Uk (5) ) )' (KNAl (KNA+Xk (17) ) ) ;

rUSN05Sads5=-
KMP' ( (KSP IXBHk (5) ) I (KSP+ (KSP/XBHk (5) ) ) A2) , (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) , (tZBH* (Uk (5) I (KOH+Uk (5) ) ) , (KNAl (KNA+Xk (17) ) ) + ( (1-
YZH) 12, 86'YZH) * (KOHl (KOH+Uk (5) ) )' (Xk (17) I (KNA+Xk (17) ) ) "e t aq+ ( ( (l-YZH) 12, 86'YZH) +tZBH) , (KOHl (KOH+Uk (5) ) )' (KNAl (KNA+Xk (17) ) ) -e t eq) ;
rUSS5SNH5~- (l/YZH) *muH* (Xk (19) I (Ks+Xk (19) ) ) * (Uk (5) I (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17) ) A2) *XBHk (5) * (1- (Xk (18) I (KNO+Xk (18) ) ) ) ;

rUSS5SN05~-
(l/YZH) *muH* (Xk (19) I (Ks+Xk (19) ) ) * (KNOl (KNO+Xk (18) ) A2) 'XBHk (5)' ( (Uk (5) I (KOH+Uk (5) ) )' (KNAl (KNA+Xk (17) ) ) + (KOHl (KOH+Uk (5) ) i- (Xk (17) I (K

NA+Xk(17)) )+(KOHI (KOH+Uk(5)))' (KNAl (KNA+Xk(17))));

rUSS5SS5~-
(l/YZH) , (Ksl (Ks+Xk (19) ) A2) * ( (Uk (5) I (KOH+Uk (5) ) ) • ( (Xk (17) I (KNA+Xk (17) ) ) + (KNAl (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) ) ) ) + (KOHl (KOH+Uk (5) ) )

'(Xk(18)1 (KNO+Xk(18)))' ((Xk(17)/(KNA+Xk(17)) )+ (KNAl (KNA+Xk (17) ))) )'XBHk(5) ;rUSS5Sads5~0;
rUSads5SNH5~- (l/YZH) 'KMP' ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) )' (Uk (5) I (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17) ) A2) 'XBHk (5)' (1-

(Xk(18)/(KNo+Xk(18))));

rUSads5SN05=-
(l/YZH) 'KMP' ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) )' (KNOl (KNO+Xk (18) ) A2) 'XBHk (5)' ( (Uk (5) I (KOH+Uk (5) ) )' (KNAl (KNA+Xk (17) ) ) + (KOHl (K
OH+Uk (5) ) ) , (Xk (17) I (KNA+Xk (17) ) ) + (KOHl (KOH+Uk (5) ) ) , (KNAl (KNA+Xk (17) ) ) ) ; rUSads5SS5~0;

rUSads5Sads5=-
(l/YZH) *KMP' ( (KSP/XBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) A2) * (Uk (5) I (KOH+Uk (5) ) ) 'XBHk (5) * ( (Xk (17) I (KNA+Xk (17) ) ) *+ (KNAl (KNA+Xk (17) ) ) * (Xk (18

)/(KNO+Xk(18))))-
(l/YZH) *KMP' ( (KSP/XBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) A2) * (KOHl (KOH+Uk (5) ) ) * (Xk (18) I (KNO+Xk (18) ) ) 'etag'XBHk (5) * ( (Xk (17) I (KNA+Xk (17) ) ) + (

KNAl (KNA+Xk(17))));

s ce Lcu ï.e t Lcu of the de r i var.Lve s of the p r oce s s rates tcwa rd s the process pa r ame t.ez s

1; Calculation for model parameters of rUSN.H.for the tank '.1.

rUSNHlf~O, 0; rUSNH1 YZH~O; rUSNH1YZA~ (l/YZA) 'muA' (Xk (1) I (KSA+Xk (1) ) )' (Uk (1) I (KOA+Uk (1) ) ) 'XBAk (1) ;
rUSNHlfZBH~- (Uk (1) I (KOH+Uk (1)) )' (Xk (1) I (KNA+Xk (1))) *XBHk (1) * (muH* (Xk(3) I (Ks+Xk (3))) +KMP' ((Xk(4) IXBHk (1)) I (KSP+ (Xk (4) IXBHk (1) ))))-
(KOHl (KOH+Uk(l) )) '(Xk(l)/(KNA+Xk(l)))' (Xk(2)/(KNO+Xk(2)) )'XBHk(l)' (mu H" (Xk(3)/(Ks+Xk(3)) )+KMP'etag' ((Xk(4)/XBHk(1) )/(KSP+(Xk(4) IXB

Hk (1))))) -muA' (Xk (1) I (KSA+Xk (1))) * (Uk(l) I (KOA+Uk(l))) 'XBAk( 1);
rUSNHlmuH~-fZBH' (Xk (3) I (Ks+Xk (3) ) ) 'XBHk (1) , ( (Xk (1) I (KNA+Xk (1) ) ) * (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) ) ;

rUSNHlmuA~- ((lIYZA) -tZBH)' (Xk (1) I (KSA+Xk (1)) )' (Uk (1) I (KOA+Uk (1))) 'XBAk (1);
rUSNH1Ks~tZBH*muH' (Xk (3) I (Ks+Xk (3) ) A2) * ( (Xk (1) I (KNA+Xk (1) ) ) *XBHk (1)' ( (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) i- (Xk (2) I (KNO+Xk (2) ) ) ) ) ;
rUSNH1KOH~tZBH' (Uk (1) I (KOH+Uk (1) ) A2)' (Xk (1) I (KNA+Xk (1) ) ) 'XBHk (1) , (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) )

))) -
tZBH' (Uk (1) I (KOH+Uk (1)) A2) * (Xk (1) I (KNA+Xk(l))) * (Xk (2) I (KNO+Xk (2))) 'XBHk (1) * (muH' (Xk (3) I (Ks+Xk (3))) +KMP'etag' ((Xk(4) IXBHk (1)) I (KSP+

(Xk (4) IXBHk (1) ) ) ) ) ;
rUSNH1KNO~tZBH* (KOHl (KOH+Uk (1) ) )' (Xk (1) I (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) A2) 'XBHk (1)' (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP'etag' ( (Xk (4) IXBHk (1

))/(KSP+(Xk(4)/XBHk(1)))));
rUSNH1KNA~fZBH' (Uk (1) I (KOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk (1) ) ) 'XBHk (1) , (muH' (Xk (3) I (Ks+Xk (3) ) ) +KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) )
) +tZBH* (KOHl (KOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk (1) ) A2) * (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1)' (muH' (Xk (3) I (Ks+Xk (3) ) ) +KMP'etag' ( (Xk (4) IXBHk (1) ) I (KSP+

(Xk (4) IXBHk (1) ) ) ) ) ;
rUSNH1KOA~ ( (l/YZA) +tZBH) 'muA' (Xk (1) I (KSA+Xk (1) ) )' (Uk (1) I (KOA+Uk (1) ) A2) *XBAk (1) ;
rUSNHletag~-KMP* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) * (KOHl (KOH+Uk (1) ) )' (Xk (1) I (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1) *tZBH;

rUSNH1KMP~ ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) , (Xk (1) I (KNA+Xk (1) ) ) 'XBHk (1) 'tZBH' ( (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) )' (Xk (2) I (

KNO+Xk(2)) )'etag);
rUSNH1KSP~tZBH'KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) , ( (Xk (1) I (KNA+Xk (1) ) ) , (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+

Xk(2))) )*XBHk(l);
rUSNH1KSA~ ( (l/YZA) +tZBH) *muA* (Xk (1) I (KSA+Xk (1) ) A2)' (Uk (1) I (KOA+Uk (1) ) ) 'XBAk (1); rUSNHlfMA~O, 0; rUSNH1KA~0, 0;

% CeLcuLa't i cn f cr model peremet er s cf rUSNO for the tank 1
rUSNQlf=Q. 0;
rUSNOl YZH~ (li (2, 86'YZH'2) r- (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1)' (muH' (Xk (3) I (Ks+Xk (3) ) ) +KMP*etag' ( (Xk (4) IXBHk (1) ) I (KSP+ (X

k(4) IXBHk(l)))))' ((Xkil) I (KNA+Xk (1)) )+(KNAI (KNA+Xk(l))));
rUSNOl YZA~ (li (2, 86'YZHA2) ) *muA' (Xk (1) I (KSA+Xk (1) ) i- (Uk (1) I (KOA+Uk (1) ) ) 'XBAk (1) ;

rUSNOlfZBH=o- ,.-
(Uk (1) I (KOH+Uk (1) ) ) * (KNAl (KNA+Xk (1) ) ) , (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1) , (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1)

I)));
rUSN01muH~-2*tZBH' (Xk (3) I (Ks+Xk (3) ) ) * (KNAl (KNA+Xk (1) ) ) * (Xk 12) I (KNO+Xk (2) ) ) *XBHk (1)' ( (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) ) ) - ( (1-
YZH) 12, 86'YZH) , (Xk (3) I (Ks+Xk (3) ) ) , (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1) • ( (Xk (1) I (KNA+Xk (1) ) ) + (KNAl (KNA+Xk (1) ) ) ) ;

rUSN01muA~ (lIYZA)' (Xk (1) I (KSA+Xk (1) ) A2) , (Uk (1) I (KOA+Uk (1) ) ) 'XBAk (1) ;
rUSN01Ks~tZBH*muH' (Xk (3) I (Ks+Xk (3) ) A2)' (KNAl (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1) * ( (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) ) ) + ( (1-
YZH) 12,8 6'YZH) -muït- (Xk (3) I (Ks+Xk (3) ) ) , (KOHl (KOH+Uk (1) ) ) , (Xk (2) I (KNO+Xk (2) ) ) 'XBHk (1) , ( (Xk (1) I (KNA+Xk (1) ) ) + (KNAl (KNA+Xk (1) ) ) ) ;

rUSN01KOH~- ((1-
YZH) 12, 86'YZH)' (KOHl (KOH+Uk (1) ) A2) , (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1)' (muH' (Xk (3) I (Ks+Xk (3) ) ) +KMP*etag* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (
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111111 +fZBH* (Uk (11 I (KOH+Uk (111 "21 * (KNAl (KNA+Xk (1111 * (Xk(21 I (KNO+Xk (2111 *XBHk(ll *KMp· ((Xk (41 /XBHk(l11 I (KSP+ (Xk (41 IXBHk (11111 * (1-
etag) ;
rUSN01KNO~fZBH* (Uk (11 I (KOH+Uk (1111 * (KNAl (KNA+Xk (1111 * (Xk (21 I (KNO+Xk (211 "21 *XBHk (11 * (muH* (Xk (31 I (Ks+Xk (3111 +KMP* ( (Xk (41 IXBHk (111 I (K
SP+ (Xk (41 IXBHk (111 I II + ( (1-
YZHI 12. B6*YZHI * (KOHl (KOH+Uk (1111 * (Xk (11 I (KNA+Xk (1111 * (Xk (21 I (KNO+Xk (211 "21 *XBHk (11 * (muH* (Xk (31 I (Ks+Xk (3111 +KMP*etag* ( (Xk (41 IXBHk (1
III (KSP+(Xk(41 IXBHk (111111+( ((1-
YZHI 12. B6*YZHI +fZBHI * (KOHl (KOH+Uk (1111 * (KNAl (KNA+Xk (11 II * (Xk (21 I (KNO+Xk (211 "21 *XBHk (11 * (muH* (Xk (31 I (Ks+Xk (3111 +KMP*etag* ( (Xk (41 IXB
Hk (111 I (KSP+ (Xk (41 IXBHk (111111;
rUSN01KNA--
fZBH* (Uk (111 (KOH+Uk (1111' (Xk( 111 (KNA+Xk (1111 * (Xk(211 (KNO+Xk (2111 'XBHk (11 * (muH* (Xk(311 (Ks+Xk (3111 +KMP' ((Xk(41/XBHk (1111 (KSP+ (Xk (411
XBHk(llllll-
fZBH' (KOHl (KOH+Uk (1111' (Xk (111 (KNA+Xk (111 "21 ' (Xk (211 (KNO+Xk (2111 'XBHk (11' (muH' (Xk (311 (Ks+Xk (3111 +KMP'etag' ( (Xk (41/XBHk (1111 (KSP+ (X
k (41 IXBHk (1111 I I ;
rUSN01KOA- (l/YZAI 'muA' (Xk (111 (KSA+Xk(lll "21' (Uk (11 I (KOA+Uk (1111 'XBAk( 11;
rUSNOletag=- ( (1-
YZHI/2.B6'YZHI'KMP' ((Xk(41/XBHk(1111 (KSP+(Xk(41/XBHk(11111' (KOHl (KOH+Uk(llll' (Xk(211 (KNO+Xk(2111'XBHk(11'( (Xk(lll (KNA+Xk(llll+(KNA
I (KNA+Xk (11 I II-fZBH'KMP' ( (Xk (41/XBHk (11 II (KSP+ (Xk (41 IXBHk (11 II I' (KOHl (KOH+Uk (11 I I' (KNAl (KNA+Xk (11 I 1* (Xk (211 (KNO+Xk (21 I I *XBHk (11 ;
rUSN01KMP=-
fZBH' ((Xk (41 IXBHk(lll I (KSP+ (Xk (41/XBHk (11111' (KNAl (KNA+Xk (1111' (Xk (211 (KNO+Xk(2111 'XBHk(ll' ((Uk (11 I (KOH+Uk(llll +e t aq= (KOHl (KOH+Uk (
11111 + ( (1-
YZHI/2. B6'YZHI ' ( (Xk (41/XBHk (1111 (KSP+ (Xk (41/XBHk (11111' (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (2111'etag'XBHk (li' ( (Xk (111 (KNA+Xk (1111 + (KN
AI (KNA+Xk (11111 ;
rUSN01KSP=fZBH'KMP' ( (Xk (41/XBHk (111 I (KSP+ (Xk (41/XBHk (11111' (KNAl (KNA+Xk (1111' (Xk (21 I (KNO+Xk (2111 'XBHk (11' ( (Uk (11 I (KOH+Uk (1111 +etag
'(KOHl (KOH+Uk(lllll + ((1-
YZHI/2.86'YZHI' ((Xk(41/XBHk(1111 (KSP+(Xk(41/XBHk(11111'(KOHI (KOH+Uk(llll' (Xk(211 (KNO+Xk(21I l'etag'XBHk(ll' ((Xk(lll (KNA+Xk(llll+(KN
AI (KNA+Xk (11111; rUSN01KSA~- (l/YZAI'muA' (Xk (11 I (KSA+Xk (111 "21' (Uk (111 (KOA+Uk (llll'XBAk (11 ; rUSNOlfMA=O; rUSN01KA=0;

+, Calculation. for model pa remet.e rs of rUSS for t.he tank 1
rUSS re-o. 0;
rUSSlYZH~ (li (YZW211 *muH' (Xk(31 I (Ks+Xk (3111 'XBHk (11 * (Uk (111 (KOH+Uk (1111' ((Xk (111 (KNA+Xk (1111 + (KNAl (KNA+Xk (11111 * (Xk (211 (KNO+Xk (211
I + (KOHl (KOH+Uk (1111' (Xk(211 (KNO+Xk (2111' ((Xk (111 (KNA+Xk (1111 + (KNAl (KNA+Xk (11111;
rUSS 1YZA=Q; rUSSlfZBH=O;
rUSSlrnuH=-
(l/YZHI' (Xk (311 (Ks+Xk (3111 'XBHk (11' (Uk (111 (KOH+Uk (11 I I' ( (Xk (lIl (KNA+Xk (111 I + (KNAl (KNA+Xk (11 III' (Xk (211 (KNO+Xk (21 I I + (Uk (111 (KOH+Uk (
1111' ((Xk(lll (KNA+Xk(llll+ (KNAl (KNA+Xk(lllll' (Xk(211 (KNO+Xk(2111;
rUSSlmuA=Q:
rUSS1Ks~ (l/YZHI'muH' (Xk (311 (Ks+Xk (3111 'XBHk (li' (Uk (11 I (KOH+Uk (1111' ((Xk(lll (KNA+Xk(llll + (KNAl (KNA+Xk (lilli' (Xk (211 (KNO+Xk (2111 + (KO
HI (KOH+Uk(llll * (Xk(21/(KNO+Xk(2111' ((Xk(lll (KNA+Xk(llI I+(KNAI (KNA+Xk(lllll;
rUSS1KOH~ (l/YZHI 'muH' (Xk (311 (Ks+Xk (3111' (Uk( 11 I (KOH+Uk (1111 'XBHk (li' (Xk(lll (KNA+Xk (1111' (1- (Xk (211 (KNO+Xk(21111;
rUSS1KNO= (l/YZHI *muH' (Xk (311 (Ks+Xk (3111 * (Xk (21 I (KNO+Xk (2111 'XBHk (11 * (Uk (111 (KOH+Uk (1111' (KNAl (KNA+Xk (1111 + (KOHl (KOH+Uk (1111' ( (Xk (1
I I (KNA+Xk (1111 + (KNAl (KNA+Xk (11111 ;
rUSS1KNA= (l/YZHI'muH' (Xk (311 (Ks+Xk (3111' (Xk (111 (KNA+Xk (111 "21'XBHk (11' (Uk (111 (KOH+Uk (1111' (1- (Xk (211 (KNO+Xk (21111 ;
rUSSIKOA=Q; rUSSletag=O; rUSS!KMP=Q; rUSSIKSP=Q; rUSS lKSA=O; rUSSlfMA=O; rUSSlKA=O;

Calculation for model pa r-eme t.e r s o f r U'Sa da for the t.ank 1
rUSadslf=O. 0;
rUSadslYZH= (11 (YZW211 'KMP' ( (Xk (41/XBHk (1111 (KSP+ (Xk (41/XBHk (111 II 'XBHk (11' (Uk (111 (KOH+Uk (1111 * ( (Xk (111 (KNA+Xk (111 I + (KNAl (KNA+Xk (1
1111' (Xk (211 (KNO+Xk (2111 +etag* (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (2111 * ((Xk (11 I (KNA+Xk (1111 + (KNA! (KNA+Xk(lllll;
rUSadsl YZA=O; rUSadslfZBH=O; rUSadslrnuH=O; rUSads ImuA=O; rUSads lKs=O;
rUSadslKOH= (l/YZHI 'KMP' ( (Xk (41/XBHk (1111 (KSP+ (Xk (41/XBHk (11111' (Uk (111 (KOH+Uk (111 "21 'XBHk (11' (Xk (111 (KNA+Xk (1111' (1-
(Xk (21 I (KNO+Xk (21111;
rUSadslKNO= (l/YZHI 'KMP' ( (Xk (41/XBHk (1111 (KSP+ (Xk (41/XBHk (11111' (Xk (211 (KNO+Xk (211 "21 'XBHk (11' (Uk (111 (KOH+Uk (1111' (KNAl (KNA+Xk (111 I
+e t aq" (KOHl (KOH+Uk(llll' ((Xk(lll (KNA+Xk (1111 + (KNAl (KNA+Xk(lllll;
rUSadslKNA~ (l/YZHI 'KMP' ( (Xk (41/XBHk (11 II (KSP+ (Xk (41/XBHk (11 I I 1* (Xk (11 I (KNA+Xk (111 "21 *XBHk (11 ' (Uk (11 I (KOH+Uk (11 I 1* (1-
(Xk (211 (KNO+Xk (21111; rUSadslKOA=O;
rUSadsletag=-
(l/YZHI 'KMP' ( (Xk (41/XBHk (11 II (KSP+ (Xk (41/XBHk (11 I I I' (KOHl (KOH+Uk (11 I I ' (Xk (211 (KNO+Xk (211 I *etag'XBHk (11 ' ( (Xk (111 (KNA+Xk (11 I I + (KNAl (

KNA+Xk (11111;
rUSadslKMP=-
(l/YZHI' ((Xk(41/XBHk(1111 (KSP+ (Xk(41/XBHk (11111 *XBHk (11' (Uk (111 (KOH+Uk (1111' ((Xk (11 I (KNA+Xk (1111 + (KNAl (KNA+Xk (11111 * (Xk (21 I (KNO+Xk
(2111 +etag* (KOHl (KOH+Uk (1111' (Xk (21 I (KNO+Xk (2111 * ((Xk (111 (KNA+Xk (1111 + (KNAl (KNA+Xk (11111;
rUSadslKSP- (l/YZHI 'KMP' ( (Xk (41/XBHk (111 I (KSP+ (Xk (41 IXBHk (1111 "21 'XBHk (11' (Uk (11 I (KOH+Uk (1111 * ( (Xk (11 I (KNA+Xk (1111 + (KNAl (KNA+Xk (111
II' (Xk(211 (KNO+Xk(2111 +et.aq= (KOHl (KOH+Uk(llll' (Xk (211 (KNO+Xk (2111' ((Xk (111 (KNA+Xk(llll + (KNAl (KNA+Xk( 11111;
rUSadslKSA~O; rUSads lfMA~KA*XSk (11 'XBHk (11 ; rUSadslKA=XSk (11 'XBHk (11 * (fMA- (Xk (41/XBHk (11 II ;

:~ ca Lcu.l e t.Lon f or. model pa r ame t.e r s cf rDSNH for the t.a nk 2
rUSNH2f=O. 0; rUSNH2YZH=Q;
rUSNH2YZA= (l/YZAI 'muA' (Xk (511 (KSA+Xk (51 II * (Uk (211 (KOA+Uk (2111 'XBAk (21 ;
rUSNH2fZBH~- (Uk (21 I (KOH+Uk (2111 * (Xk (51 I (KNA+Xk(5111 'XBHk (21' (muH* (Xk (711 (Ks+Xk (7111 +KMP' ((Xk (BI/XBHk (2111 (KSP+ (Xk (BI/XBHk (211111-
(KOHl (KOH+Uk (21 I I' (Xk (511 (KNA+Xk (51 I I' (Xk (611 (KNO+Xk (61 II 'XBHk (21 * (muH' (Xk (711 (Ks+Xk (71 II +KMP*etag' ( (Xk (BI IXBHk (21 I I (KSP+ (Xk (81 IXB

Hk (211111-muA' (Xk (51 I (KSA+Xk (Sill' (Uk (21 I (KOA+Uk (2111 'XBAk (21;
rUSNH2muH=-fZBH* (Xk (71 I (Ks+Xk (7111 *XBHk (21 ' ( (Xk (51 I (KNA+Xk (5111 ' (Uk (21 I (KOH+Uk (21 II + (KOHl (KOH+Uk (21 II * (Xk (61 I (KNO+Xk (61 I I I ;
rUSNH2muA~- ( (l/YZAI-fZBHI' (Xk (51 I (KSA+Xk (511 I * (Uk (21 I (KOA+Uk (2111 'XBAk (21 ;
rUSNH2Ks~fZBH'muH' (Xk (71 I (Ks+Xk (711 "21' (Xk (51 I (KNA+Xk (5111 'XBHk (21 * ( (Uk (21 I (KOH+Uk (2111 + (KOHl (KOH+Uk (2111 * (Xk (61 I (KNO+Xk (611 II;
rUSNH2KOH~fZBH' (Uk (21 I (KOH+Uk (211 A21 * (Xk (51 I (KNA+Xk (51 II 'XBHk (21 * (muH* (Xk (71 I (Ks+Xk (7111 +KMP' ( (Xk (81 IXBHk (211 I (KSP+ (Xk (BI IXBHk (211
111-
fZBH* (Uk (21 I (KOH+Uk (211 A21' (Xk (51 I (KNA+Xk (5111' (Xk (61 I (KNO+Xk (6111 *XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP*etag' ( (Xk (BI IXBHk (211 I (KSP+
(Xk (81 IXBHk (211111;
rUSNH2KNO=fZBH' (KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (5111' (Xk (61 I (KNO+Xk (611 A21 *XBHk (21 * (muH* (Xk (71 I (Ks+Xk (71 II +KMP'etag' ( (Xk (81 IXBHk (2
I I I (KSP+ (Xk (81 IXBHk (211 I II ;
rUSNH2KNA~fZBH' (Uk (21 I (KOH+Uk (2111' (Xk(51 I (KNA+Xk (5111 'XBHk (21 * (muH' (Xk(71 I (Ks+Xk (7111 +KMP* ((Xk (81 IXBHk (211 I (KSP+ (Xk (BI IXBHk (21111
I +fZBH' (KOHl (KOH+Uk (2111 * (Xk (51 I (KNA+Xk (511 A21 * (Xk (61 I (KNO+Xk (6111 *XBHk (21' (mull" (Xk (71 I (Ks+Xk (7111 +KMP'etag* ( (Xk (81 IXBHk (211 I (KSP+
(Xk(81 IXBHk(211111;
rUSNH2KOA= ( (l/YZAI +fZBHI *muA' (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (211 A21 'XBAk (21 ;
rUSNH2etag~-KMP* ( (Xk (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (21111 ' (KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (Sill' (Xk (61 I (KNO+Xk (6111 'XBHk (21 *fZBH;
rUSNH2KMP~ ( (Xk (81 IXBHk (21 I I (KSP+ (Xk (81 IXBHk (211 I I ' (Xk (51 I (KNA+Xk (51 I I 'XBHk (21 'fZBH* ( (Uk (21 I (KOH+Uk (211 I + (KOHl (KOH+Uk (21 II ' (Xk (61 I (
KNO+Xk(6111 'etagl;
rUSNH2KSP~fZBH'KMP' ( (Xk (81 IXBHk (211 I (KSP+ (Xk (81 IXBHk (21111 * ( (Xk (51 I (KNA+Xk (5111 * (Uk (21 I (KOH+Uk (2111 + (KOHl (KOH+Uk (2111' (Xk (61 I (KNO+
Xk(61111 'XBHk(21; /
rUSNH2KSA~ ( (l/YZAI +fZBHI 'muA' (Xk (51 I (KSA+Xk (511 "21' (Uk (21 I (KOA+Uk (2111 'XBAk (21 ; rUSNH2fMA~0. 0; rUSNH2KA=0. 0;

'.l: Cë.Lcu.Lat.t cn for model pa r-ëmet.e r s of rUSNO for the t.ank 2
rUSNQ2 f=O . 0 ;
rUSN02YZH~ (li (2. 86'YZH"211' (KOHl (KOH+Uk (2111' (Xk (61 I (KNO+Xk (6111 *XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (Xk (81 IXBHk (211 I (KSP+ (X
k (81 IXBHk (211111' ((Xk (51 I (KNA+Xk (5111 + (KNAl (KNA+Xk (51111;
rUSN02YZA~ (li (2. 86'YZW211 'muA' (Xk (51 I (KSA+Xk (511 I * (Uk (21 I (KOA+Uk (2111 'XBAk (21 ;
rUSN02fZBH~-
(Uk (21 I (KOH+Uk (2111' (KNAl (KNA+Xk (5111 * (Xk (61 I (KNO+Xk (6111 *XBHk (21 * (muH' (Xk (71 I (Ks+Xk (7111 +KMP* ((Xk(BI IXBHk (211 I (KSP+ (Xk (81 IXBHk (21
1111;
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rUSN02muH~-2·fZBH· (Xk (7) I (Ks+Xk (7) ) ). (KNAl (KNA+Xk (5) ) ) • (Xk (6) I (KNO+Xk (6) ) ) ·XBHk (2)· ( (Uk (2) I (KOH+Uk (2) ) ) + (KOHl (KOH+Uk (2) ) ) ) - ( (1-
YZH) 12. B6·YZH)· (Xk(7) I (Ks+Xk(7)))· (KOHl (KOH+Uk(2)))· (Xk (6) I (KNO+Xk(6) )) ·XBHk (2)· ((Xk (5) I (KNA+Xk (5))) + (KNAl (KNA+Xk (5))));

rUSN02muA~ (l/YZA)· (Xk (5) I (KSA+Xk (5) ) '2)· (Uk (2) I (KOA+Uk (2) ) ) ·XBAk (2) ;
rUSN02Ks~fZBH·muH· (Xk (7) I (Ks+Xk (7) ) '2)· (KNAl (KNA+Xk (5) ) ) • (Xk (6) I (KNO+Xk (6) ) ) ·XBHk (2)· ( (Uk (2) I (KOH+Uk (2) ) ) + (KOHl (KOH+Uk (2) ) ) ) + ( (1-
YZH) 12. B6*YZH) *muH* (Xk (7) I (Ks+Xk (7) ) ) * (KOHl (KOH+Uk (2) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) ) ;

rUSN02KOH~- ( (1-
YZH) 12. B6*YZH) * (KOHl (KOH+Uk (2) ) '2) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * (mull= (Xk (7) I (KS+Xk (7) ) ) +KMP·etag· ( (Xk (B) IXBHk (2) ) I (KSP+ (Xk (B) IXBHk (
2) ) ) ) ) +fZBH· (Uk (2) I (KOH+Uk (2) ) '2) * (KNAl (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) *KMP* ( (Xk (B) IXBHk (2) ) I (KSP+ (Xk (B) IXBHk (2) ) ) ) * (1-

etag) ;
rUSN02KNO~fZBH* (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) i- (Xk (6) I (KNO+Xk (6) ) '2) *XBHk (2) * (muH* (Xk (7) I (Ks+Xk (7) ) ) +KMP* ( (Xk (B) IXBHk (2) ) I (K

SP+ (Xk(B) IXBHk(2)))))+ ((1-
YZH) 12. B6*YZH) * (KOHl (KOH+Uk (2) ) ) * (Xk (5) I (KNA+Xk (5) ) ). (Xk (6) I (KNO+Xk (6) ) '2) ·XBHk (2)· (muH* (Xk (7) I (Ks+Xk (7) ) ) +KMP*etag* ( (Xk (B) IXBHk (2
))/(KSP+(Xk(8)/XBHk(2)))))+(((1-
YZH) 12. 86*YZH) +fZBH) * (KOHl (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) '2) *XBHk (2) * (muH* (Xk (7) I (Ks+Xk (7) ) ) +KMP*etag* ( (Xk (8) IXB
Hk(2)) I (KSP+ (Xk(B) IXBHk(2)))));
rUSN02KNA=-
fZBR' (Uk (2) I (KOH+Uk (2))) * (Xk(5) I (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *XBHk (2) * (muH* (Xk(7) I (Ks+Xk (7))) +KMP* ((Xk(8) IXBHk(2)) I (KSP+ (Xk (8) I
XBHk (2)))))-
fZBH* (KOHl (KOH+Uk (2) ) ) * (Xk (5) I (KNA+Xk (5) ) '2) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * (muH* (Xk (7) I (Ks+Xk (7) ) ) +KMP*etag* ( (Xk (8) IXBHk (2) ) I (KSP+ (X

k (8) IXBHk (2) ) ) ) ) ;
rUSN02KOA~ (l/YZA) *muA* (Xk (5) I (KSA+Xk (5) ) '2) * (Uk (2) I (KOA+Uk (2) ) ) *XBAk (2) ;
rUSN02etag=- ((1-
YZH) 12. 86*YZH) *KMP* ((Xk (8) IXBHk(2)) I (KSP+ (Xk (8) IXBHk (2)))) * (KOHl (KOH+Uk (2))) * (Xk (6) I (KNO+Xk(6))) ·XBHk (2) * ((Xk (5) I (KNA+Xk (5)) ) + (KNA
I (KNA+Xk (5) ) ) ) -fZBH*KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (KOHl (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) ;

rUSN02KMP~-
fZBH* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (B) IXBHk (2) ) ) ) * (KNAl (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * ( (Uk (2) I (KOH+Uk (2) ) ) +etag* (KOHl (KOH+Uk (

2) ) ) ) - ( (1-
YZH) 12.8 6*YZH) * ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (KOHl (KOH+Uk (2) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *etag*XBHk (2) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KN

AI (KNA+Xk (5))));
rUSN02KSP~fZBH*KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (KNAl (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * ( (Uk (2) I (KOH+Uk (2) ) ) +etag

* (KOHl (KOH+Uk(2))) )+( (1-
YZH) 12. 86*YZH) * ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (KOHl (KOH+Uk (2) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *etag*XBHk (2) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KN

AI (KNA+Xk(5))));
rUSN02KSA~- (l/YZA) * (Xk (5) I (KSA+Xk (5) ) '2) * (Uk (2) I (KOA+Uk (2) ) ) *XBAk (2) ; rUSN02fMA~0; rUSN02KA~0;

% CeLcu Let Lon fot" model per amet ers c f rUSS for: the ter.x 2
rUSS2 e-o. 0;
rUSS2YZH~ (11 (YZH'2) ) *muH* (Xk (7) I (Ks+Xk (7) ) ) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) ) * (Xk (6) I (KNO+Xk (6) )

) + (KOHl (KOH+Uk (2))) * (Xk (6) I (KNO+Xk (6))) * ((Xk (5) I (KNA+Xk(5))) + (KNAl (KNA+Xk(5))));
rUSS2YZA=O; rUSS2fZBH=O;
rUSS2rnuH=-
(l/YZH) * (Xk (7) I (Ks+Xk(7))) *XBHk(l) * (Uk (2) I (KOH+Uk (2))) * ((Xk (5) I (KNA+Xk(5))) + (KNAl (KNA+Xk (5))))· (Xk (6) I (KNO+Xk (6))) + (Uk (2) I (KOH+Uk (
2))) * ((Xk (5) I (KNA+Xk (5)) ) + (KNAl (KNA+Xk (5)))) * (Xk (6) I (KNO+Xk (6))) ;rUSS2muA~0;
rUSS2Ks~ (l/YZH) -mux- (Xk (7) I (Ks+Xk (7) ) ) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) ) * (Xk (6) I (KNO+Xk (6) ) ) + (KO
Hl (KOH+Uk(2))) * (Xk(6) I (KNO+Xk(6))) * ((Xk (5) I (KNA+Xk(5)))+ (KNAl (KNA+Xk(5))));
rUSS2KOH~ (l/YZH) *muH* (Xk (7) I (Ks+Xk (7) ) ) * (Uk (2) I (KOH+Uk (2) ) ) *XBHk (2) * (Xk (5) I (KNA+Xk (5) ) ) • (1- (Xk (6) I (KNO+Xk (6) ) ) ) ;
rUSS2KNO~ (l/YZH) *muH* (Xk (7) I (Ks+Xk (7) ) ) • (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) * (Uk (1) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) + (KOHl (KOH+Uk (2) ) ) * ( (Xk (5

)I (KNA+Xk (5))) + (KNAl (KNA+Xk (5))));
rUSS2KNA~ (l/YZH) *muH* (Xk (7) I (Ks+Xk (7))) * (Xk (5) I (KNA+Xk (5)) '2) *XBHk(2) * (Uk(2) I (KOH+Uk (2))) * (1- (Xk (6) I (KNO+Xk (6))));
rUSS2KOA~0; rUSS2etag~0; rUSS2KMP~0; rUSS2KSP~0; rUSS2KSA~0; rUSS2fMA~0; rUSS2KA~0;

;~ CeLcu Ie t i.on for model pe reme t e r s of rusace for cue tank :~
rUSads2f=O.0;
rUSads2YZH~ (li (YZW2) ) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5
)))) * (Xk(6) I (KNO+Xk (6))) +etag* (KOHl (KOH+Uk (2))) * (Xk (6) I (KNO+Xk (6))) * ((Xk (5) I (KNA+Xk (5))) + (KNAl (KNA+Xk (5))));

rUSads2YZA=O; rUSads2fZBH=D; rUSads2muH=O; rUSads2muA=O; rUSads2Ks=O;
rUSads2KOH~ (l/YZH) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (Uk (2) I (KOH+Uk (2) ) '2) *XBHk (2) * (Xk (5) I (KNA+Xk (5) ) ) * (1-

(Xk(6) I (KNO+Xk (6))));
rUSads2KNO~ (l/YZH) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) * (Xk (6) I (KNO+Xk (6) ) A2) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) )

+etag* (KOHl (KOH+Uk(2))) * ((Xk(5) I (KNA+Xk(5)) )+(KNAI (KNA+Xk(5))));
rUSads2KNA~ (l/YZH) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (B) IXBHk (2) ) ) ) * (Xk (5) I (KNA+Xk (5) ) '2) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * (1-

(Xk (6) I (KNO+Xk (6) ) ) ) ; rUSads2KOA~0;
rUSads2etag=-
(l/YZH) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) • (KOHl (KOH+Uk (2) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *etag·XBHk (2) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (

KNA+Xk(5)))) ;
rUSads2KMP=-
(l/YZH) * ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) * ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) ) • (Xk (6) I (KNO+Xk

(6))) +etag* (KOHl (KOH+Uk(2)))· (Xk(6) I (KNO+Xk (6)))· ((Xk(5) I (KNA+Xk (5))) + (KNAl (KNA+Xk (5))));
rUSads2KSP~ (l/YZH) *KMP* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) '2) *XBHk (2) * (Uk (2) I (KOH+Uk (2) ) ) • ( (Xk (5) I (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) )

)) * (Xk(6) I (KNO+Xk(6))) +e t.aq" (KOHl (KOH+Uk (2))) * (Xk (6) I (KNO+Xk (6)) ) * ((Xk (5) I (KNA+Xk(5))) + (KNAl (KNA+Xk (5))));
rUSads2KSA~0; rUSads2fMA~KA*XSk (2) 'XBHk (2) ; rUSads2KA~XSk (2) ·XBHk (2) * (fMA- (Xk (8) IXBHk (2) ) ) ;

:,!, cs icui e t i on for: model pe reme t e r s of rtJ.SUH for the tank 3
rUSNH3f~0. 0; rUSNH3YZH~0; rUSNH3YZA~ (l/YZA) *muA* (Xk (9) I (KSA+Xk (9) ) ) * (Uk (3) I (KOA+Uk (3) ) ) *XBAk (3) ;

rUSNH3fZBH=-
(Uk (3) I (KOH+Uk (3))) * (Xk (9) I (KNA+Xk (9))) *XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11))) +KMP* ((Xk (12) IXBHk(3)) I (KSP+ (Xk (12) IXBHk(3)))))-
(KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) • (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP*etag* ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (

12) IXBHk (3)))) ) -muA* (Xk (9) I (KSA+Xk (9))) * (Uk (3) I (KOA+Uk (3))) ·XBAk (3);
rUSNH3muH~-fZBH* (Xk (11) I (Ks+Xk (11) ) ) *XBHk (3) * ( (Xk (9) I (KNA+Xk (9) ) ) * (Uk (3) I (KOH+Uk (3) ) ) + (KOHl (KOH+Uk (3) ) ) * (Xk (10) I (KNO+Xk (10) ) ) ) ;

rUSNH3muA~- ( (l/YZA) -fZBH) * (Xk (9) I (KSA+Xk (9) ) ) * (Uk (3) I (KOA+Uk (3) ) ) *XBAk (3) ;
rUSNH3Ks~fZBH*muH* (Xk(l1)1 (Ks+Xk(l1) )'2)*(Xk(9)1 (KNA+Xk(9)) )*XBHk(3)' ((Uk(3) I (KOH+Uk(3)) )+(KOH/(KOH+Uk(3)))* (Xk(10)1 (KNO+Xk(10))))

.rUSNH3KOH~fZBH* (Uk (3) I (KOH+Uk (3) ) '2) * (Xk (9) I (KNA+Xk (9) ) ) *XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP* ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk

(3))))) -
fZBH* (Uk (3) I (KOH+Uk (3) ) '2) * (Xk (9) I (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP*etag* ( (Xk (12) IXBHk (3) ) I
(KSP+ (Xk (12) IXBHk (3))))) ;
rUSNH3KNO~fZBH* (KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) '2) ·XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP*etag* ( (Xk (12) IX
BHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) ) ;
rUSNH3KNA~fZBH. (Uk (3) I (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) *XBHk (3)· (rnufi " (Xk (11) I rKs+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3
) ) ) ) ) +fZBH. (KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) '2) * (Xk (10) I (KNO+Xk (10) ) ) *XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP*etag* ( (Xk (12) IXBHk (
3))1 (KSP+ (Xk(12)/XBHk(3)))));
rUSNH3KOA~ ( (11 YZA) +fZBH) *muA* (Xk (9) I (KSA+Xk (9) ) ) * (Uk (3) I (KOA+Uk (3) ) '2) ·XBAk (3) ;

rUSNH3etag=-
KMP' ((Xk (12) IXBHk (3)) I (KSP+ (Xk (12) IXBHk (3))))· (KOHl (KOH+Uk(3))) * (Xk (9) I (KNA+Xk(9))) * (Xk (10) I (KNO+Xk(10))) *XBHk (3) *fZBH;
rUSNH3KMP~ ((Xk (12) IXBHk (3)) I (KSP+ (Xk (12) IXBHk (3)) )) * (Xk (9) I (KNA+Xk (9))) *XBHk (3) *fZBH* ((Uk (3) I (KOH+Uk(3))) + (KOHl (KOH+Uk (3))) * (Xk(lO

)I (KNO+Xk(10))) *etag);
rUSNH3KSP~fZBH*KMP* ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) * ( (Xk (9) I (KNA+Xk (9) ) ) * (Uk (3) I (KOH+Uk (3) ) ) + (KOHl (KOH+Uk (3) ) )' (Xk (10) I (K

NO+Xk ( 10) ) ) ) *XBHk (3) ;
rUSNH3KSA~ ((l/YZA) +fZBH) *muA* (Xk (9) I (KSA+Xk(9)) '2)· (Uk (3) I (KOA+Uk (3)) ) *XBAk (3); rUSNH3fMA~0. 0; rUSNH3KA~O. 0;
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i' CaLcuLa t.Lon for model parameters (if rUSl'W fOI' the UU1Y.: 3
rUSN03f=O. 0;
rUSN03YZH= (11 (2. 86'YZHA2) )' (KOHl (KOH+Uk (3) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' (rouW (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' ( (Xk (12) IXBHk (3) ) I (K

SP+ (Xk (12) IXBHk (3»»)' ((Xk (9) I (KNA+Xk (9») + (KNAl (KNA+Xk(9»»;
rUSN03YZA= (11 (2. 86'YZW2) ) 'rouA' (Xk (9) I (KSA+Xk (9) ) r- (Uk (3) I (KOA+Uk (3) ) ) 'XBAk (3) ;
rUSN03fZBH=-
(Uk (3) I (KOH+Uk (3) ) ) , (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' (muH' (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IX

BHk(3»») ;
rUSN03muH=-2'fZBH' (Xk (11) I (Ks+Xk (11) ) )' (KNA! (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Uk (3) I (KOH+Uk (3) ) ) + (KOHl (KOH+Uk (3) ) ) )-
( (l-YZH) 12. 86'YZH)' (Xk (11) I (Ks+Xk (11) ) ) , (KOHl (KOH+Uk (3) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) ) ;

rUSN03rouA= Il/YZA)' (Xk (9) I (KSA+Xk(9» A2)' (Uk(3) I (KOA+Uk (3») 'XBAk (3);
rUSN03Ks=fZBH'muH' (Xk (11) I (Ks+Xk (11) ) A2)' (KNAl (KNA+Xk (9) ) i- (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Uk (3) I (KOH+Uk (3) ) ) + (KOHl (KOH+Uk (3) ) ) ) + (
(1-
YZH) 12. 86'YZH) 'rouH' (Xk (11) I (Ks+Xk (11) ) )' (KOHl IKOH+Uk (3) ) )' IXk (10) I (KNO+Xk ilO) ) ) 'XBHk (3)' ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) ) ;
rUSN03KOH=- ( (1-
YZH) 12. 86'YZH)' (KOHl (KOH+Uk (3) ) A2) , (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) , (muft" (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12)
IXBHk (3) ) ) ) ) +fZBH' (Uk (3) I (KOH+Uk (3) ) A2)' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3)
»)' (l-etag);
rUSN03KNO=fZBH' (Xk (11) I (Ks+Xk (11) ) )' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) A2) 'XBHk (3)' (rouH' (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (
3» I (KSP+ (Xk(12) IXBHk(3»»)+ «(1-
YZH) 12. 86'YZH) , (KOHl (KOH+Uk (3) ) ) , (Xk (9) I (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) A2) 'XBHk (3)' (muH' (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' ( (Xk (12) IX
BHk (3) ) I (KSP+ (Xk (lZ) IXBHk (3) ) ) ) ) + ( ( (1-
YZH) 12. 86'YZH) +fZBH)' (KOHl (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) A2) 'XBHk (3) , (muW (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' ( (Xk (1

Z) IXBHk (3» I (KSP+ (Xk (12) IXBHk (3»»);
~'USN03KNA=-
fZBH' (Uk (3) I (KOH+Uk (3) ) ) , (Xk (9) I (KNA+Xk (9) ) ) , (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) , (muH' (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (X
k (lZ) IXBHk (3) ) ) ) )-
fZBH' (KOHl (KOH+Uk (3) )}' (Xk (9) I (KNA+Xk (9) ) A2)' (Xk (10) I (KNO+Xk (10) } ) 'XBHk (3)' (muH' (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' ( (Xk (12) IXBHk (3) ) I (K

SP+(Xk(12)/XBHk(3»») ;
rUSN03KOA= (l/YZA) 'muA' (Xk (9) I (KSA+Xk(9» AZ)' (Uk (3) I (KOA+Uk (3») 'XBAk(3);
rUSN03etag=- ( (1-
YZH) 12. 86'YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (KOHl (KOH+Uk (3) ) ) • (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) • ( (Xk (9) I (KNA+Xk (9) ) ) +
(KNAl (KNA+Xk (9) } ) )-
fZBH'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) )' (KOHl (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) ;

rUSN03KMP=-
fZBH' ( (Xk I 12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) } )' (KNAl (KNA+Xk (9) ) v « (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Uk (3) I (KOH+Uk (3) ) ) +e t e q+ (KOHl (KOH

+Uk(3»»-(ll-
YZH) 12. 86'YZH)' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) i- (KOHl (KOH+Uk (3) ) ) • (Xk (10) I (KNO+Xk (10) ) ) 'etag'XBHk (3) , ( (Xk (9) I (KNA+Xk (9) ) )
+ (KNAl (KNA+Xk (9»»;
rUSN03KSP=fZBH'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) '(KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Uk (3) I (KOH+Uk (3) ) ) +

etag' (KOHl (KOH+Uk (3) ) ) ) + ( (1-
YZH)/2.86'YZH)' «(Xk(12)/xBHk(3) )/IKSP+(Xk(12)/XBHk(3»»' (KOHl (KOH+Uk(3» )'(Xk(lO)1 (KNO+Xk(lO» )'etag'XBHk(3)'( (Xk(9)/(KNA+Xk(9»)

+ (KNAl (KNA+Xk(9»»;
rUSN03KSA=- (l/YZA)' (Xk (9) I (KSA+Xk (9) ) A2)' (Uk (3) I (KOA+Uk (3) ) ) 'XBAk (3) ; rUSN03fMA=0; rUSN03KA=0;

~~CeLcu Lët i.on fo r modeI parameters of .tUSS tor the tank 3
rUSS3f=O.O;
rUSS3YZH=(1/(YZHA2) )'muH' (Xk(l1)1 (Ks+Xk(l1») 'XBHk(3)' (Uk(3) I (KOH+Uk(3»)' ((Xk(9)1 (KNA+Xk(9) 11+(KNA/(KNA+Xk(9111)' (Xk(1011 (KNO+Xk(
10) I) + (KOHl (KOH+Uk (3»)' (Xk (10) I (KNO+Xk (10111' ((Xk (911 (KNA+Xk (9) II + (KNA! (KNA+Xk (9) III;
rUSS3YZA=O i rUSS3fZBH=O;
rUSS3muH=-
(l/YZHI' (Xk (1111 (Ks+Xk (11) I I 'XBHk (31' (Uk (311 (KOH+Uk (31 ) ) , ( (Xk (9) I (KNA+Xk (911 I + (KNAl (KNA+Xk (911 I ) , (Xk (10 II (KNO+Xk (10 I I ) + (Uk (3) I (KOH
+Uk(3) II' «Xk(91/(KNA+Xk(9) II+(KNAI (KNA+Xk(91» I' (Xk(lO)/(KNO+Xk(lO» I ;rUSS3muA=0;
rUSS3Ks=(1/YZH)'muH' (Xk(11)1 (Ks+Xk(11) I) 'XBHk(31' (Uk(3)1 (KOH+Uk(311)' «(Xk(91/(KNA+Xk(9111+(KNA/(KNA+Xk(9111I' (Xk(101/(KNO+Xk(10) II
+ (KOHl (KOH+Uk (31 I ) , (Xk (10 II (KNO+Xk (10 I ) ) , ( (Xk (911 (KNA+Xk (91 I I + (KNAl (KNA+Xk (91 I ) I ;
rUSS3KOH= (l/YZH) 'rouW (Xk (11) I (Ks+Xk (11) I ) , (Uk (3) I (KOH+Uk (31) I 'XBHk (3) '(Xk (9) I (KNA+Xk (911) • Il- (Xk (10) I (KNO+Xk (10) I ) I ;
rUSS3KNO= (l/YZH) 'muH' (Xk (11) I (Ks+Xk (11) I)' (Xk (1011 (KNO+Xk (1011) 'XBHk (3)' (Uk (311 (KOH+Uk (3111' (KNAl (KNA+Xk (9) II + (KOHl (KOH+Uk (31) I' ( (
Xk (9) I IKNA+Xk (9) II + (KNAl (KNA+Xk (9) I»;
rUSS3KNA= (l/YZH) 'rouW (Xk (1111 (Ks+Xk (11111' (Xk (9) I (KNA+Xk (9) ) A21 'XBHk (31' (Uk (3) I (KOH+Uk (3111' (1- (Xk (10) I (KNO+Xk (101) I ) ;
rUSS3KOA=O i rUSS3etaq=O; rUSS3KMP=O; rUSS3KSP=O; rUSS3KSA=O; rUSS3fMA=O i rUSS3KA=O i

% Calculation for model pe reme t er-s of rusace for t.he tank :3
rUSads3f=O.Oi
rUSads3YZH= (11 (YZW2) ) 'KMP' ( (Xk (12) IXBHk (3111 (KSP+ (Xk (12) IXBHk (3) ) I ) 'XBHk (3)' (Uk (311 (KOH+Uk (3111' ( (Xk (9) I (KNA+Xk (91) ) + (KNAl (KNA+Xk
(9) I I ) , (Xk (10 II (KNO+Xk (10) ) ) +etag' (KOHl (KOH+Uk (31 ) ) , (Xk (10 II (KNO+Xk (10) ) I' ( (Xk (9) I (KNA+Xk (9) ) I + (KNAl (KNA+Xk (91 ) ) ) ;

rUSads3YZA=O; rUSads3fZBH=O; rUSads3muH=O; rUSads3muA=O; rUSads3Ks=O;
rUSads3KOH= (l/YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) '(Uk (3) I (KOH+Uk (3) ) A2) 'XBHk (3) , (Xk (9) I (KNA+Xk (9) ) )' (1-
IXk(10)/(KNo+Xk(10»»;
rUSads3KNO= (l/YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) '(Xk (10) I (KNO+Xk (10) ) A2) 'XBHk (3)' (Uk (3) I (KOH+Uk (3) ) )' (KNAl iKNA+Xk (
9») +et.ec - (KOHl (KOH'Uk(3»)' ((Xk(9) I (KNA+Xk(9»)+ (KNAl (KNA+Xk(9»»;
rUSads3KNA= (l/YZH) 'KMP' ( (Xk (121/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (Xk (9) I (KNA+Xk (9) ) A2) 'XBHk (3) '(Uk (3) I (KOH+Uk (3) ) ) , (1-

(Xk(1011 (KNO+Xk(10»» ;rUSads3KOA=0;
rUSads3etag=-
(l/YZH) 'KMP' ( (Xk (121/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (KOHl (KOH+Uk (3) I) '(Xk (10) I iKNO+Xk (10) ) ) 'etag'XBHk (3) , ( (Xk (9) I (KNA+Xk (9) ) 1+ (K

NAI (KNA+Xk(9»»;
rUSads3KMP=-
Il/YZH) , ( iXk (12) IXBHk (3) ) I (KSP+ iXk (12) IXBHk (3) ) ) ) 'XBHk (31 • (Uk (3) I (KOH+Uk (3) ) ) • ( (Xk (9) I iKNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) ) , (Xk (10) I (KNO
+Xk (10») +etag' (KOHl (KOH+Uk (3»)' (Xk (10) I (KNO+Xk (10»)' (Xk (9) I (KNA+Xk (9») + (KNAl (KNA+Xk (9»» ;
rUSads3KSP= (l/YZH) 'KMP' ( (Xk (121/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) A2) 'XBHk (3)' (Uk (3) I (KOH+Uk (3) ) ) • ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9
»»' (Xk (10) I (KNO+Xk (10) » +etag' (KORI (KOH+Uk (3»)' (Xk (10) I (KNO+Xk (10»)' «Xk (9) I (KNA+Xk (9») + (KNAl (KNA+Xk (9»»;
rUSads3KSA=0; rUSads3fMA=KA'XSk (3) 'XBHk (3) ; rUSads3KA=XSk (3) 'XBHk (3)' (fMA- (Xk (12) IXBHk (3) ) ) ;

% Calculation for rnodeL parameters of rUSNH ro.r t.he tank 4.
rUSNH4f=O. 0; rUSNH4YZH=0; rUSNH4 YZA= (l/YZA) 'muA' (Xk (13) I (KSA+Xk (13) ) )' (Uk (411 (KOA+Uk (4) ) ) 'XBAk (4) ;
rUSNH4 fZBH=-
(Uk (4) I (KOH+Uk (4»)' (Xk (13) I (KNA+Xk(13») 'XBHk (4)' (muH' (Xk (15) I (Ks+Xk (15») +KMP' «Xk (16) IXBHk (4» I (KSP+ (Xk(16) IXBHk (4»»)-
(KOHl (KOH+Uk (41) ) '(Xk (13) I (KNA+Xk (13) ) I' (Xk (14) I (KNO+Xk (14) ) ) 'XBHk (4)' (muH' (Xk (15) I (Ks+Xk (15) ) ) +KMP'etag' ( (Xk i 16) IXBHk (4) II (KSP+ (X

k(16) IXBHk (4»») -muá- (Xk (13) I (KSA+Xk (13»)' (Uk(4) I (KOA+Uk(4») 'XBAk (4); r
rUSNH4muH=-fZBH' (Xk (15) I (Ks+Xk (15) ) ) 'XBHk (4) '( (Xk (13) I (KNA+Xk (13) ) )' (Uk (4) I iKOH+Uk i 4) ) ) + (KOHl (KOH+Uk (4) ) ) , (Xk (14) I (KNO+Xk (14) ) ) ) ;

rUSNH4muA=- ( (l/YZA) -fZBH)' (Xk (13) I iKSA+Xk (13) ) i- (Uk (4) I (KOA+Uk (4) ) I 'XBAk (4) ;
rUSNH4Ks=fZBH'muH' (Xk (15) I (Ks+Xk (15) ) A2)' (Xk (13) I (KNA+Xk (13) ) ) 'XBHk (4)' ( (Uk (4) I (KOH+Uk (4) ) ) + (KOHl (KOH+Uk (4) ) ) , (Xk (14) I (KNO+Xk (14) )

I);
rUSNH4KOH=fZBH' (Uk (4) I (KOR+Uk (4) ) A2)' (Xk (13) I (KNA+Xk (13) ) ) 'XBHk (4)' (muH' (Xk (15) I (Ks+Xk i 15) ) ) +KMP' ( (Xk (16) IXBHk (4) ) I (KSP+ (Xk (16) IXB
Hk (4»»)-
fZBH' (Uk (4) I (KOH+Uk (') ) '2)' (Xk (1311 (KNA+Xk i 13) I ) , (Xk (1411 (KNO+Xk (14) I ) 'XBHk (4)' (rnuW (Xk (15) I (Ks+Xk (15) ) I +KMP'etag' ( (Xk (16) IXBHk (41

) I \KSP+(Xk(16) IXBHk (4»»);
rUSNH4KNO=fZBH' (KOHl (KOH+Uk (4) ) ) • (Xk (13) I (KNA+Xk (13) ) )' (Xk (14) I (KNO+Xk (14) ) A2) 'XBHk (41 * (muH' (Xk (15) I (Ks+Xk (15) ) ) +KMP'etag' ( (Xk (16)

/XBHk(4»/(KSP+(Xk(16)/XBHk(4»»);
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rUSNH4KNA=fZEH* lUk 141/1KOHtUk 14111 * IXk 1131/1KNAtXk 113111 *XEHk 141 * ImuH* IXk 1151/1KstXk 11511 I tKMP* IIXk 1161/XBHk 1411/1KSPt IXk 1161/XEHk
1411111 tfZBH* IKOHI IKOHtUk 14111 * IXk 11311 IKNAtXk 11311 '21 * IXk I 1411 IKNOtXk 114111 *XBHk (4) * ImuH* IXk I 1511 IKstXk I 15111 tKMP*etag* I IXk 116) IX

BHk(4)) I IKSPt IXkI161/XBHk(4) I) II;
rUSNH4KOA= I 11/YZAI tfZBHI *muA* IXk I 1311 IKSAtXk 113111 * lUk 1411 I KOAtUk 1411 '21 *XBAk 141 ;
rUSNH4etag=-
KMP* I IXk I 161/XEHk 14) I/lKSPt IXk I 161/XEHk (4) ) ) 1* IKOHI IKOHtUk 141 I ) * IXk 11311 IKNAtXk 1131 I 1* IXk (14) I IKNOtXk (14) I I *XEHk I 4 I *fZBH;
rUSNH4KMP=1 IXk1161/XEHk(41)1 IKSP+IXkI161/XEHk(411) 1*IXk11311 IKNAtXk(13) II*XEHkI41*fZEH* I IUkl411 IKOHtUk(4)) ItIKOH/IKOHtUk(41) 1* IXkl
1411 IKNOtXk I 141) ) *etagl ;
rUSNH4KSP=fZEH*KMP* I IXkI161/XBHk(4) II IKSPtIXkI161/XBHk(41) 1)* I IXk1131/1KNAtXk(131) 1* IUkl411 IKOHtUkl4111tlKOHI IKOHtUkI4111* IXkl1411
IKNOtXk I 141 ) ) I *XBHk 141 ;
rUSNH4KSA= I I1/YZA) +fZBH) *muA* IXk I 1311 IKSAtXk I 1311 '2) * lUk (4) I IKOAtUk I 4111 *XBAk 141; rUSNHHMA=O. 0; rUSNH4KA=0. 0;

\:- Ce Lcu Le t.Lcn f o r model pé r ame t.e r s of rUSNO for the t.ank <1

rUSNOH=O. 0;
rUSN04YZH= 11/12. B6*YZW211 * IKOH/lKOHtUk (41) ) * IXk I HI I IKNOtXk I 14) I) *XBHk (4) * ImuH* IXk I 1511 IKstXk I 15111 tKMP*etag* I IXk I 161/XEHk (41) I IK
SPt IXk 1161/XBHk (4) 1111 * I IXk 11311 IKNAtXk (131) It IKNAI IKNAtXk 1131111;
rUSN04YZA= 11/12. B6*YZW211 *muA* IXk 11311 IKSAtXk (131) ) * lUk (4) I IKOAtUk 14111 *XEAk 141 ;
rUSN04 fZBH=-
lUk 14) I IKOHtUk 141 II * IKNAI IKNAtXk I 131 I ) * IXk I 14) I IKNOtXk I 141 I I *XBHk (4) * ImuH* IXk I 15) I IKstXk I 15) I I tKMP* I IXk I 161/XBHk I 41 ) I IKSPt IXk I 1611

XBHk (4) 1111;
rUSN04muH=-2*fZBH* IXk I 1511 IKstXk (15) ) 1* IKNAI IKNAtXk (131) ) * IXk 11411 IKNOtXk (1411) *XBHk 141 * I lUk (4) I IKOHtUk (4) ) It IKOHI IKOH+Uk (4111)-
111-
YZH) 12. B6*YZHI * IXk I 1511 IKs+Xk 115111 * IKOHI IKOHtUk (4) ) 1* IXk 11411 IKNOtXk I 14111 *XEHk 141 * I IXk I 1311 IKNAtXk I 13111 t IKNAI IKNAtXk I 13) III ;
rUSN04muA= I 1/YZAI * IXk 11311 IKSAtXk I 13) ) '2) * lUk 1411 IKOAtUk (4) I ) *XBAk I 41 ;
rUSN04Ks=fZBH*muH*IXkI1511 IKs+XkI1511'21* IKNAI IKNAtXkI13111*IXkl1411 IKNOtXkI14111*XBHk(4) *1 IUk(4)/IKOHtUkI4) IltlKOHI IKOHtUk(4) II)t
111-

YZHI/2. B6*YZHI *muH* IXk I 1511 IKstXk I 15111 * IKOH/lKOHtUk (41) ) * IXk I 1411 IKNOtXk (14) I ) *XBHk (4) * I IXk I 1311 IKNAtXk (131) It IKNAI IKNA+Xk I 13) III

rUSN04KOH=- I 11-
YZHI/2. B6*YZHI * IKOHI IKOHtUk (41) '21 * IXk I 141/1KNOtXk I 14111 *XBHk 141 * ImuH* IXk 11511 IKstXk I 15) I ) tKMP*etag* I IXk 1161/XBHk I 41) I IKSP+ IXk I 16)
IXBHk I 41 ) I ) I HZBH* lUk (4) I IKOHtUk 141 1'21 * IKNAI IKNAtXk I 131 I 1* IXk I 1411 IKNO+Xk I 141 I I *XEHk (4) *KMP* I IXk I l61/XEHk I 41 II IKSP+ IXk I 161/XEHk I 4
1)11*11-etagl;
rUSN04KNO=fZEH* IXk 11511 IKs+Xk 115111 * IKNAI IKNA+Xk (131) I * (Xk I 1411 (KNO+Xk (1411 '21 *XEHk (41 * (muH* (Xk 11511 (Ks+Xk (15111 +KMP* ( (Xk (161/XEHk
(4) II (KSPt (Xk (16) IXBHk (41 I ) ) I t I 11-
YZHI/2. B6*YZHI * (KOHl (KOH+Uk (4111 * (Xk (1311 IKNAtXk (1311) * IXk (1411 IKNOtXk (14) 1'21 *XEHk I 4) * ImuH* IXk 11511 IKstXk I 15) ) ) tKMP*etag* I IXk I 161
IXEHkl4111 IKSPt IXk (16) IXEHk 1411111 + I I 11-
YZH) 12. B6*YZH) HZEH) * IKOHI IKOHtUk (4) ) I * IKNAI IKNAtXk I 1311) * IXk I 1411 IKNO+Xk I 14) 1'21 *XEHk I 41 * ImuH* IXk I 1511 IKstXk 115111 +KMP*etag* I IXk I
161/XEHk 14111 IKSP+ IXk 1161/XEHk (41) III;
rUSN04KNA=-
fZEH* lUk I 411 IKOHtUk (4) I ) * IXk I 13) I IKNAtXk IDI ) ) * IXk 11411 IKNOtXk I 141 I ) *XBHk I 41 * ImuH* IXk I 15) I IKs+Xk I 151 ) I tKMP* I IXk I 16) IXBHk 141 ) I IKSPt
IXk1161/XEHk(41) 111-
fZEH* IKOHI IKOHtUk (411) * IXk I 13) I IKNAtXk 1131) '2) * IXk I 14) I IKNOtXk I 14) II *XEHk I 4) * ImuH* IXk (1511 IKstXk (1511) tKMP*etag* I IXk I 161/XEHk I 4111
IKSPtIXkI161/XEHkI4111)1;
rUSN04KOA= I1/YZAI *muA* IXk I 1311 IKSAtXk I 1311 '21 * lUk 1411 IKOAtUk 14111 *XEAk I 41 ;
rUSN04etag=- I 11-
YZHI/2. 8 6*YZH) *KMP* I IXk I 161/XEHk 141 II IKSPt IXk (16) IXEHk 141 I ) 1* IKOHI IKOH+Uk I 41 I ) * IXk I 1411 IKNO+Xk 1141 ) I *XBHk 141 * I IXk I 1311 IKNAtXk I 13) )
1+IKNA/IKNA+Xk(13111)-
fZBH*KMP* I IXk I 16) IXBHk (41) I IKSPt IXk I 16) IXBHk I 411) ) * IKOHI IKOH+Uk 14111 * IKNAI IKNAtXk (13) ) 1* IXk I 14) I IKNOtXk I 1411) *XBHk I 41 ;
rUSN04KMP=-
fZBH* I IXk 116) IXBHk I 41) I IKSPt IXk 1161/XBHk (41) II * IKNAI IKNA+Xk I 13) ) 1* IXk 11411 IKNO+Xk I 1411) *XBHk I 11 * I lUk 1411 IKOHtUk (411) +etag* IKOHI IKO
H+UkI41111-111-
YZHI/2. B6*YZHI * I IXk I 161/XBHk I 4) II (KSPt IXk I 161/XBHk I 41111 * IKOHI IKOH+Uk 14111 * IXk I 1411 IKNOtXk I 141 II *etag*XEHk I 41 * I IXk I 1311 IKNAtXk 1131
) ItlKNAI IKNAtXk(13) I));
rUSN04KSP=fZEH*KMP* I IXk I 161/xEHk 14111 (KSP+ IXk I 161/XBHk 141111 * IKNAI IKNA+Xk I 13111 * IXk I 1411 IKNO+Xk I 1411) *XEHk I 41 * I lUk 1411 IKOHtUk (41) )
tetag* IKOH/lKOHtUk 141) II + I 11-
YZH)/2.86*YZHI * I IXk(16)/XBHk14111 IKSPtIXk(16)/XBHkI41111* IKOH/IKOHtUk(4) 1)* IXkl1411 IKNOtXk(14)) l*etag*XBHk(4) * I IXkl1311 IKNAtXkl131
IltIKNA/IKNA+XkI131111;
rUSN04KSA=- I 1/YZAI * IXk I 1311 IKSA+Xk (13) I '21 * lUk I 4) I IKOA+Uk I 41) I *XBAk 141; rUSN04fMA=0; rUSN04KA=0;

t' CaLcu La t.i on for model pa reme t.e.r-s of rUSS for the tank 4
rUSS4f=0.0;
rUSS4 YZH= 11/1 YZW21 I *muH* IXk I 1511 IKs+Xk 1151 I I *XEHk 141 * lUk 1411 IKOHtUk (4) I I * I IXk I 1311 I KNAtXk 1131 ) 1+ IKNAI IKNAtXk 1131 I I ) * IXk I 1411 IKNOt
Xk(14)) 1+ IKOHI IKOH+Uk (41) 1* IXk 11411 IKNO+Xk (1411) * I IXkl1311 IKNA+Xk 113111 + IKNAI IKNA+Xkl 131111;
rUSS4 YZA=Q; rUSS4 fZBH=Q;
rUSS4muH=-
I 1/YZHI * IXk I 1511 IKs+Xk I 15) ) ) *XBHk (4) * lUk (4) I IKOH+Uk I 4) I ) * I IXk (13) I IKNAtXk I 131 ) ) + IKNAI IKNA+Xk I 131 I I 1* IXk I 1411 IKNO+Xk I 14) I ) + lUk I 411 I

KOH+Uk 141 ) I * I IXk I 1311 IKNA+Xk I 131 ) I + IKNAI IKNA+Xk I 131 I I ) * IXk I 1411 IKNO+Xk I 14) I ) ;
rUSS4muA=O;
rUSS4Ks=11/YZH)*muH* IXkl1511 IKs+Xk11511 )*XBHkI4)* IUkI41/IKOH+Uk(4)) 1* I IXk(13)1 IKNAtXkl13l) 1+IKNA/IKNA+Xk(13) 111* IXkl1411 IKNOtXkl14
III + IKOHI IKOHtUk 14111 * IXk 11411 IKNO+Xk 114111 * I IXk 11311 IKNAtXk(131) 1+ IKNAI IKNA+Xk I 131111;
rUSS4KOH=11/YZH)*muH* IXkl1511 IKstXk(15)))* IUkl411 IKOH+Uk(4) I )*XBHkI41 * IXkl1311 IKNA+Xk(13) 11* I1-IXk11411 IKNOtXk(141) II;
rUSS4KNO= I 1/YZHI *muH* IXk 11511 IKstXk I 15) II * IXk I 1411 IKNOtXk (141) ) *XBHk I 41 * lUk I 411 IKOHtUk (4) I) * IKNAI IKNAtXk I 13) I ) + IKOHI IKOHtUk (4) II * I
IXk 11311 IKNA+Xkl13111 + IKNAI IKNAtXk 1131) II;
rUSS4KNA= I 1/YZHI *muH* IXk I 15) I IKstXk I 151 I 1* IXk I 1311 IKNA+Xk I 131 1'2) *XBHk I 41 * lUk I 411 IKOHtUk I 41 ) ) * 11- IXk 11411 IKNOtXk 114 I ) I I ;
rUSS4KOA=O; rUSS4etag=O; rUSS4KMP=Q; rUSS4KSP=Q; rUSS4KSA=Q; rUSS4 fMA=O; rUSS4KA=O;

-:.:CeLcu.La t.t on for model pa ramet.e r s of rUSads f or the tank 4
rUSads4 f=O. 0;
rUSads4YZH= I 11 IYZH'21 ) *KMP* I IXk 1161/xBHk (4) ) I IKSPt IXk I 161/XBHk (4) ) I ) *XBHk I 4) * lUk (4) I IKOH+Uk I 41) I * I IXk I 1311 IKNAtXk I 13111 + IKNAI IKNA+
Xk 1131 I II * IXk I 1411 IKNOtXk 1141 I I +etag* IKOH/lKOHtUk I 41 I ) * IXk I 1411 I KNOtXk I 14) I ) * I IXk I 1311 IKNAtXk I 131 ) It IKNAI IKNA+Xk 113) ) I I ;
rUSads4 YZA=O; rUSads4 fZBH=O; rUSads4muH=O; rUSads4muA=0; rUSads4Ks=O;
rUSads4KOH= I 1/YZHI *KMP* I IXk (16) IXBHk I 41) I IKSPt IXk I 161/XBHk (4) ) I ) * lUk I 411 IKOHtUk (4) ) '21 *XBHk (4) * IXk I 1311 IKNAtXk I 131) I * 11-
IXk 11411 IKNOtXk (1411) I;
rUSads4KNO= 11/YZHI *KMP* ( IXk I 161/XBHk (4) II IKSPt IXk I 16) IXBHk (41) ) I * IXk I 1411 IKNOtXk I 14) 1'21 *XBHk I 41 * lUk I 411 IKOHtUk 141 II * IKNAI IKNAtXk I
13111 tetag* IKOHI IKOHtUk (411) * I IXk lUll IKNA+Xk 113111 + IKNAI IKNAtXk (131)));
rUSads4KNA= I 1/YZHI *KMP* I IXk I 161/XBHk 141 II IKSPt IXk I 161/xEHk I 41 I II * IXk I 1311 I KNA+Xk I 13) 1'21 *XBHk I 41 * lUk 1411 IKOHtUk (4) I I * 11-
IXk I 14) IIKNOtXk I 14) ) II ; rUSads4KOA=0;
rUSads 4 etag=-
(l/YZHI *KMP* I IXk I 161/XBHk I 4111 IKSPt IXk I 16) IXBHk (411) ) * IKOHI IKOH+Uk I 4111 * IXk I 1411 IKNOtXk I 14) II *etag*XBHk I 41 * I IXk I 13) I IKNAtXk I 13111.("
IKNAI IKNAtXk(13)) II;
rUSads4KM:P;-
I l/YZHI * I IXk I 161/xBHk I 41 ) I IKSP+ IXk I l61/XBHk (4) ) ) I *XBHk (4) * lUk (4) I IKOHtUk 141 ) ) * I IXk I 13) I IKNAtXk I 131 I 1+ IKNAI IKNAtXk I 13) I I 1* IXk I 14) I I
KNO+Xk I 141) I +e t eq " IKOHI IKOHtUk I 4111 * IXk I 1411 IKNO+Xk I 14111 * I IXk (13) I IKNAtXk I 1311) t IKNAI IKNA+Xk I 131) II ;
rUSads4KSP= I 1/YZHI * I IXk I l61/XBHk (41) I (KSPt IXk (16) IXBHk (41) I '21 *XBHk 141 * lUk (4) I IKOHtUk (4) I ) * I IXk I 1311 IKNAtXk I 13111 + IKNAI IKNAtXk 1131
II) * IXk 11411 IKNOtXk (141) I tetag* IKOHI IKOHtUk (411) * IXk 11411 IKNO+Xk (14) II * I IXk 11311 IKNAtXk(13) II t IKNAI IKNAtXk (13) II);
rUSads4KSA=0; rUSads4 fMA=KA*XSk (4) *XEHk 141 ; rUSads4KA~XSk 141 *XBHk I 41 * I fMA- IXk I 161/XBHk I 41 ) ) ;

!~ Ce Lcu.Le t.a cn for model pe r emet.e r s of rU$l,m: fen: the t.ank 5
rUSNH5f=0. 0; rUSNH5YZH=0;
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rUSNH5YZA~ (l/YZA) *muA* (Xk (17) I (KSA+Xk (17))) * (Uk (5) I (KOA+Uk (5))) *XBAk (5) ;
rUSNHS f ZBH=-
(Uk (5) I (KOH+Uk (5) )) * (Xk (17) I (KNA+Xk (17) ) ) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19) ) ) +KMP* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5)) )))-
(KOHl (KOH+Uk (5))) * (Xk (17) I (KNA+Xk (17))) * (Xk (18) I (KNO+Xk (18))) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19)) ) +KMP*etag* ( (Xk (20) IXBHk (5)) I (KSP+ (X

k (20) IXBHk (5)))))-muA* (Xk (17) I (KSA+Xk (17))) * (Uk (5) I (KOA+Uk (5))) *XBAk(5);
rUSNH5muH~-fZBH* (Xk (19) I (Ks+Xk(19))) *XBHk (5) * «Xk (17) I (KNA+Xk(17))) * (Uk(5) I (KOH+Uk (5))) + (KOHl (KOH+Uk(5))) * (Xk (18) I (KNO+Xk (18))));

rUSNH5muA=- ( (l/YZA)-fZBH) * (Xk (17) I (KSA+Xk (17))) * (Uk (5) I (KOA+Uk (5))) *XBAk (5) ;
rUSNH5Ks~fZBH*muH* (Xk (19) I (Ks+Xk (19)) A2) * (Xk (17) I (KNA+Xk (17))) *XBHk (5) * ( (Uk (5) I (KOH+Uk (5))) + (KOHl (KOH+Uk (5))) * (Xk (18) I (KNO+Xk (18))

II;
rUSNH5KOH=fZBH* (Uk (5) I (KOH+Uk (5)) A2) * (Xk(17) I (KNA+Xk (17))) *XBHk(5)' (muH* (Xk(19) I (Ks+Xk (19))) +KMP* «Xk (20) IXBHk (5)) I (KSP+ (Xk(20) IXB

Hk(5)))))-
fZBH* (Uk (5) I (KOH+Uk (5)) A2) * (Xk (17) I (KNA+Xk(17))) * (Xk(18) I (KNO+Xk (18))) *XBHk(5) * (muH* (Xk (19) I (Ks+Xk(19))) +KMP*etag* «Xk (20) IXBHk (5)

) I (KSP+ (Xk(20) IXBHk (5)))));
rUSNH3KOH=fZBH* (Uk (3) I (KOH+Uk (3)) A2) * (Xk (9) I (KNA+Xk (9) )) *XBHk (3) * (muH* (Xk (Il) I (Ks+Xk (11))) +KMP' ( (Xk (12) IXBHk (3)) I (KSP+ (Xk (12) IXBHk

(3)))))-
fZBH' (Uk (3) I (KOH+Uk (3)) A2)' (Xk (9) I (KNA+Xk (9))) * (Xk u o: I (KNO+Xk (10))) *XBHk (3) * (muH' (Xk (Il) I (Ks+Xk (11))) +KMP*etag* ( (Xk (12) IXBHk (3)) I

(KSP+(Xk(12) IXBHk(3)))));
rUSNH5KNO=fZBH' (KOHl (KOH+Uk (5)))' (Xk (17) I (KNA+Xk (17))) * (Xk (18) I (KNO+Xk (18)) A2) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19))) +KMP*etag* ( (Xk (20)

IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) III;
rUSNH5KNA=fZBH* (Uk (5) I (KOH+Uk (5))) * (Xk (17) I (KNA+Xk (17)))*XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19))) +KMP* ( (Xk (20) IXBHk (5)) I (KSP+ (Xk (20) IXBHk
(5) ) ) )) +fZBH* (KOHl (KOH+Uk (5)) ) • (Xk (17) I (KNA+Xk (17)) A2) * (Xk (18) I (KNO+Xk (18) )) *XBHk (5) • (muH* (Xk (19) I (Ks+Xk (19)) ) +KMP'etag' ( (Xk (20) IX

BHk (5)) I (KSP+ (Xk (20) IXBHk (5)))));
rUSNH5KOA= ( (l/YZA) +fZBH) 'muA' (Xk (17) I (KSA+Xk (17))) * (Uk (5) I (KOA+Uk (5)) A2) *XBAk (5) ;
rUSNHSetag=-
KMP* ( (Xk (20) IXBHk (5)) I (KSP+ (Xk (20) IXBHk (5) ) ) ) * (KOHl (KOH+Uk (5) )) * (Xk (17) I (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) )) *XBHk (5) * fZBH;
rUSNH5KMP= ((Xk (20) IXBHk (5)) I (KSP+ (Xk (20) IXBHk (5))))' (Xk (17) I (KNA+Xk (17))) *XBHk (5) *fZBH' «Uk (5) I (KOH+Uk (5))) + (KOHl (KOH+Uk (5)))' (Xk (

18) I (KNO+Xk (18))) 'etag) ;
rUSNH5KSP=fZBH*KMP* ( (Xk (20) IXBHk (5)) I (KSP+ (Xk (20) IXBHk (5)))) * ( (Xk (17) I (KNA+Xk (17))) * (Uk (5) I (KOH+Uk (5))) + (KOHl (KOH+Uk (5))) * (Xk (18) I

(KNO+Xk(18)))) *XBHk (5);
rUSNH5KSA= ( (l/YZA) +fZBH) *muA* (Xk (17) I (KSA+Xk (17)) A2)' (Uk (5) I (KOA+Uk (5))) *XBAk (5) ; rUSNH5fMA=0. 0; rUSNH5KA~0. 0;

:i, Calculation for model pa r eme t e r-s of rUSiW for t.he tank 5
rUSN05f=0. 0;
rUSN05YZH= (li (2. 86'YZHA2)) * (KOHl (KOH+Uk (5))) * (Xk (18) I (KNO+Xk (18))) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19))) +KMP*etag* ( (Xk (20) IXBHk (5)) I (K
SP+ (Xk(20) IXBHk (5))))) * ( (Xk (17) I (KNA+Xk (17))) + (KNAl (KNA+Xk (17))));
rUSN05YZA~ (11 (2. 86*YZH'2)) *muA* (Xk (17) I (KSA+Xk (17))) * (Uk (5) I (KOA+Uk (5))) *XBAk (5) ;
rUSN05fZBH=-
(Uk (1) I (KOH+Uk (5))) * (KNAl (KNA+Xk(17))) * (Xk (18) I (KNO+Xk (18))) *XBHk(5) * (muH* (Xk(19) I (Ks+Xk(19))) +KMP* «Xk (20) IXBHk (5)) I (KSP+ (Xk (20) I

XBHk (5))))) ;
rUSN05muH=-2*fZBH* (Xk (19) I (Ks+Xk (19))) * (KNAl (KNA+Xk (17))) * (Xk (18) I (KNO+Xk (18))) *XBHk (5) * ( (Uk (5) I (KOH+Uk (5))) + (KOHl (KOH+Uk (5) )))-

( (1-
YZH) 12.8 6*YZH) * (Xk (19) I (Ks+Xk (19) ) ) * (KOHl (KOH+Uk (5)) ) * (Xk (18) I (KNO+Xk (18)) ) 'XBHk (5) • ( (Xk (17) I (KNA+Xk (17) )) + (KNAl (KNA+Xk (17) ) ) ) ;
rUSN05muA= (l/YZA) * (Xk (17) I (KSA+Xk (17)) A2) * (Uk(5) I (KOA+Uk (5))) *XBAk (5);
rUSN05Ks=fZBH*muH*(Xk(19)1 (Ks+Xk(19))A2)* (KNAl (KNA+Xk(17)))* (Xk(18)/(KNO+Xk(18)))*XBHk(5) * «Uk(5) I(KOH+Uk(5)))+(KOHI (KOH+Uk(5))))+

( (1-
YZH) 12. 86*YZH) *muH* (Xk (19) I (Ks+Xk (19) ) ) * (KOHl (KOH+Uk (5) ) ) * (Xk (18) I (KNO+Xk (18)) ) *XBHk (5) * ( (Xk (17) I (KNA+Xk (17) ) ) + (KNAl (KNA+Xk (17))) )

rUSN05KOH=- ((1-
YZH) 12. 86*YZH) * (KOHl (KOH+Uk (5)) A2) * (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19)) ) +KMP*etag* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20)
IXBHk (5)))) ) +fZBH* (Uk (5) I (KOH+Uk (5) ) A2) * (KNAl (KNA+Xk (17)))' (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) *KMP* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5

)) ))*(l-etag);
rUSN05KNO=fZBH* (Xk (19) I (Ks+Xk (19))) * (KNAl (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) ) A2) *XBHk (1) * (muH* (Xk (19) I (Ks+Xk (19))) +KMP* ( (Xk (20) IXBHk

(5))1 (KSP+ (Xk (20) IXBHk (5))))) + ((1-
YZH)/2. 86*YZH) * (KOHl (KOH+Uk (5) ) ) * (Xk (17)1 (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) ) A2) *XBHk (5) * (muH* (Xk (19) I (Ks+Xk (19))) +KMP*etag* ( (Xk (20)

IXBHk (5)) I (KSP+ (Xk(20) IXBHk (5))))) + (( (1-
YZH) 12. 86*YZH) +fZBH) * (KOHl (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17) ) ) * (Xk (18)1 (KNO+Xk (18) ) A2) *XBHk (5) * (muH' (Xk (19) I (Ks+Xk (19) ) ) +KMP*etag* ( (Xk (

20) IXBHk(5)) I (KSP+ (Xk(20) IXBHk (5)) )));
rUSN05KNA=-
fZBH* (Uk (5) I (KOH+Uk (5) ) ) * (Xk (17)1 (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) • (muH* (Xk (19) I (Ks+Xk (19) ) ) +KMP* ( (Xk (20) IXBHk (5) )1 (KSP+

(Xk (20 )/XBHk (5) ) ) ) ) -
fZBH* (KOHl (KOH+Uk (5) ) ) * (Xk (17)1 (KNA+Xk (17) ) A2) * (Xk (18) I (KNO+Xk (18))) *XBHk (5) * (rnuH* (Xk (19) I (Ks+Xk (19) ) ) +KMP*etag* ( (Xk (20) IXBHk (5))1

(KSP+(Xk(20)/XBHk(5))))) ;
rUSN05KOA= (l/YZA) 'muA* (Xk (17)1 (KSA+Xk (17) ) A2) * (Uk (5) I (KOA+Uk (5) ) ) *XBAk (5) ;

rUSNOSetag=- ( (1-
YZH) 12.8 6*YZH) *KMP* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) * (KOHl (KOH+Uk (5) ) ) * (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) * ( (Xk (17) I (KNA+Xk (17) )

) + (KNAl (KNA+Xk (17) ) ) )-
fZBH*KMP* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20)/XBHk (5)))) * (KOHl (KOH+Uk (5) ) ) * (KNAl (KNA+Xk (17)) ) * (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) ;

rUSN05KMP=-
fZBH* ( (Xk (20) IXBHk (5) )1 (KSP+ (Xk (20) IXBHk (5) III* (KNAl (KNA+Xk (17) ) ) * (Xk (18)1 (KNO+Xk (18) ) ) 'XBHk (5)' ( (Uk (5)1 (KOH+Uk (5) ) ) +etag* (KOHl (KO

H+Uk (5) ) ) )- ( (1-
YZH) 12. 86*YZH) * ( (Xk (20)/XBHk (5) ) I (KSP+ (Xk (20)/XBHk (5) ) ) )' (KOHl (KOH+Uk (5) ) ) * (Xk (18)1 (KNO+Xk (18))) 'etag*XBHk (5)' ( (Xk (17) I (KNA+Xk (17)

)) +(KNAI (KNA+Xk(17))));
rUSN05KSP=fZBH*KMP* ( (Xk (20)/XBHk (5) )1 (KSP+ (Xk (20) IXBHk (5) ) ) ) * (KNAl (KNA+Xk (17) ) ) * (Xk (18) I (KNO+Xk (18) ) ) *XBHk (5) * ( (Uk (5) I (KOH+Uk (5) ) )

+etag* (KOHl (KOH+Uk (5)))) + ((1-
YZH) 12. 86*YZH) * ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) * (KOHl (KOH+Uk (5) )) * (Xk (18) I (KNO+Xk (18) ) ) *etag*XBHk (5) * ( (Xk (17) I (KNA+Xk (17)

) ) + (KNAl (KNA+Xk (17) ) ) ) ;
rUSN05KSA=- (l/YZA) * (Xk (17) I (KSA+Xk (17) ) A2) * (Uk (5) I (KOA+Uk (5) ) ) *XBAk (5) ; rUSN05fMA=0; rUSN05KA=0;

~~ CaLcu Le t Lon for mode I par amet e r s of rU8·S for t he t ar.k 5
rUSS5f=O.0;
rUSS5YZH=(1/(YZH'2) )*muH* (Xk(19)1 (Ks+Xk(19)) )*XBHk(5)* (Uk(1)/(KOH+Uk(5)))* ((Xk(17)/(KNA+Xk(17)) )+ (KNAl (KNA+Xk(17) )) )*(Xk(18) I (KNO+
Xk(18))) + (KOHl (KOH+Uk (5))) * (Xk(18) I (KNO+Xk (18))) * ((Xk (17) I (KNA+Xk(17) )) + (KNAl (KNA+Xk (17))));

rUSSSYZA=O; rUSSS fZBH=Q;
rUSS5muH=-
(l/YZH) * (Xk (19) I (Ks+Xk (19) ) ) *XBHk (5) * (Uk (5) I (KOH+Uk (5) ) ) * ( (Xk (17) I (KNA+Xk (17) ) ) + (KNAl (KNA+Xk (17) )) ) * (Xk (18) I (KNO+Xk (18) ) ) + (Uk (5) I (

KOH+Uk (5))) * ((Xk (17) I (KNA+Xk (17))) + (KNAl (KNA+Xk(17)))) * (Xk(18) I (KNO+Xk (18)));

rUSS5muA=O;
rUSS5Ks= (l/YZH) *muH* (Xk (19) I (Ks+Xk (19) ) ) *XBHk (5) * (Uk (5) I (KOH+Uk (5) ) ) * ( (Xk (17) I (KNA+Xk (17) ) ) + (KNAl (KNA+Xk (17) ) ) )' (Xk (18) I (KNO+Xk (18

))) + (KOHl (KOH+Uk (5))) * (Xk (18) I (KNO+Xk(18))) * ((Xk (17)1 (KNA+Xk (17))) + (KNAl (KNA+Xk (17))));
rUSS5KOH= (l/YZH) *rnuH* (Xk (19) I (Ks+Xk (19) ) ) * (Uk (5)1 (KOH+Uk (5) ) ) *XBHk (5) * (Xk (17) I (KNA+Xk (17) ) ) * (1- (Xk (18) I (KNO+Xk (18) ) ) ) ;
rUSS5KNO= (l/YZH) *muH* (Xk (19) I (Ks+Xk (19)) ) * (Xk (18)1 (KNO+Xk (18)1) *XBHk (51 * (Uk (5) I (KOH+Uk (5) I ) * (KNAl (KNA+Xk (17) ) ) + (KOHl (KOH+Uk (5)1) * (

(Xk (17)1 (KNA+Xk (17))) + (KNAl (KNA+Xk (17))));
rUSS5KNA= (l/YZH) *muH* (Xk (19) I (Ks+Xk (191 ) ) * (Xk (17) I (KNA+Xk (17) IA2) *XBHk (5) * (Uk (5) I (KOH+Uk (5) ) ) * (1- (Xk (18) I (KNO+Xk (18) ) ) ) ;

rUSS5KOA=Q; rUSS5etag=O; rUSS5KMP=Q; rUSS5KSP=Q; rUSS5KSA=Q; rUSS5fMA=Q; rUSS5KA=Q;

~ Calculation for model perernet.er-s of rUS{ids fc r t.he tank 5
rUSads5f=O. 0;
rUSads5YZH~ (11 (YZH'2) ) *KMP* ( (Xk (20) IXBHk (5) ) I (KSP+ (Xk (20) IXBHk (5) ) ) ) *XBHk (5) * (Uk (5)1 (KOH+Uk (5) ) ) * ( (Xk (1711 (KNA+Xk (17)) ) + (KNAl (KNA+
Xk (17)) ) ) * (Xk (18)1 (KNO+Xk (18) ) ) +etag* (KOHl (KOH+Uk (5) ) ) * (Xk (18) I (KNO+Xk (18) ) ) * ( (Xk (171 I (KNA+Xk (17) ) ) + (KNAl (KNA+Xk (17) ) ) ) ;
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rUSads5YZA=O; rUSads5fZBH=O; rUSads5rnuH=0; rUSads5rnuA=O; rUSads5Ks=O;
rUSads5KOH~ (l/YZHI 'KMP' ( (Xk (201 IXBHk (51 I I (KSP+ (Xk (201 IXBHk (51111' (Uk (51 I (KOH+Uk (511 '21 'XBHk (51' (Xk (171 I (KNA+Xk (17111' (1-
(Xk(lBI/(KNO+Xk(lBIIII;
rUSadsSKNO~ (l/YZHI 'KMP' ( (Xk (20 I IXBHk (511 I (KSP+ (Xk (201 IXBHk (5) III ' (Xk (181 I (KNO+Xk (181 1'21 *XBHk (5) * (Uk (51 I (KOH+Uk (5111' (KNAl (KNA+Xk (
17111 +etag* (KOHl (KOH+Uk (5111' ( (Xk (171 I (KNA+Xk (17111 + (KNAl (KNA+Xk (1711 II;
rUSadsSKNA~ (l/YZHI 'KMP' ( (Xk (201 IXBHk (511 I (KSP+ (Xk (201 IXBHk (51111' (Xk (171 I (KNA+Xk (1711 '21 'XBHk (51' (Uk (51 I (KOH+Uk (5111' (1-
(Xk (lB I I (KNO+Xk (lBIIII ; rUSads5KOA~0;
rUSads5etag=-
(l/YZHI 'KMP' ( (Xk (20 I IXBHk (51 I I (KSP+ (Xk (20 I IXBHk (511 I I' (KOHl (KOH+Uk (51 I I' (Xk (lB I I (KNO+Xk (1811 I 'etag'XBHk (51' ( (Xk (17) I (KNA+Xk (1711 1+
(KNAl (KNA+Xk (1711) I ;
rUSads5KMP=-
(l/YZHI' ((Xk(201 IXBHk(511 I (KSP+ (Xk (201 IXBHk (51111 'XBHk (51' (Uk (51 I (KOH+Uk(5) II' ((Xk(171 I (KNA+Xk (17111+ (KNAl (KNA+Xk( 171111' (Xk (181 I (

KNO+Xk(lBIII +e t aq- (KOHl (KOH+Uk (5111' (Xk (lBI I (KNO+Xk(lBIII' ( (Xk (171 I (KNA+Xk (17111+ (KNAl (KNA+Xk(171111;
rUSads5KSP=-
(l/YZHI 'KMP' ((Xk (201 IXBHk (511 I (KSP+ (Xk(201 IXBHk (5111 '21 *XBHk(SI * (Uk (51 I (KOH+Uk(5111 * ((Xk (171 I (KNA+Xk(17) II + (KNAl (KNA+Xk (17111) * (Xk
(lB I I (KNO+Xk (lB III +etag* (KOHl (KOH+Uk (51 I 1* (Xk (lB I I (KNO+Xk (lB I II * ( (Xk (171 I (KNA+Xk (171 II + (KNAl (KNA+Xk (1711 II ;
rUSads5KSA~0; rUSads5fMA~KA*xSk (51 *XBHk (51 ; rUSads5KA~XSk (51 *XBHk (51 * (fMA- (Xk (201 IXBHk (5111 ;

'r CeLcu Le.t.Lon of t.he process matrices
's CeLcu Le't Lcn of the ma't r i.x PSu of t.he sensitivity moelel
Alfu= [Allu (l, l) +DT*rUSNHlSNHl DT*rUSNH1SNOl DT*rUSNH1SSl DT*rUSNHlSads i •

DT*rUSNOlSNHl Allu (2,2) +DT*rUSNOlSNOl DT*rUSNOlSSl DT*rUSNOlSadsl;
DT*rUSSlSNHl DT*rUSS lSNOl Allu (3,3) +DT*rUSSlSS 1 DT*rUSS lSadsl;
DT*rUSadslSNHl DT*rUSadslSNOl DT*rUSadslSSl Allu (4,4) +DT*rUSadslSadsl] ;

AlS=[A11u zeros(4,68);zeros(4,4) Alfu zeros(4,64);zeros(4,8) A1fu zeros(4,60);
zeros(4,12) A1fu zeros(4,56):zeros(4,16} Alfu zeros(4,52);zeros(4,20) Alfu zeros(4,48);
zeros(4,24) Alfu zeros(4,44);zeros(4,28) Alfu zeros(4,40);zeros(4,32) Alfu zeros(4,36);
zeros (4,36) Alfu zeros (4, 32); zeros (4,40) Alfu zeros (4, 28); zeros (4, 44) Alfu zeros (4,24) i

zeros(4,48) Alfu zeros(4,20):zeros(4,52) A1fu zeros(4,l6):zeros(4,56) Alfu zeros(4,12);
zeros(4,60) Alfu zeros(4,8);zeros(4,64) Alfu zeros(4,4);zeros(4,68) Alfu];

A2fu= [A22u (1, l) +DT*rUSNH2SNH2 DT*rUSNH2SN02 DT*rUSNH2SS2 DT*rUSNH2Sads2:
DT*rUSN02SNH2 A22u (2,2) +DT*rUSN02SN02 DT*rUSN02SS2 DT*rUSN02Sads2;
DT*rUSS2SNH2 DT*rUSS2SN02 A22u (3,3) +DT*rUSS2SS2 DT*rUSS2Sads2:
DT*rUSads2SNH2 DT*rUSads2SN02 DT*rUSads2SS2 A22u (4,4) +DT*rUSads2Sads2] ;

A2S=[A22u zeros{4,6B);zeros(4,4) A2fu zeros{4,64);zeros(4,B) A2fu zeros{4,60);
zeros(4,12) A2fu zeros(4,56);zeros(4,16l A2fu zeros(4,52);zeros(4,20) A2fu zeros(4,48):
zeros(4,24) A2fu zeros(4,44);zeros(4,28) A2fu zeros(4,40);zeros(4,32) A2fu zeros(4,36);
zeros(4,36) A2fu zeros(4,32);zeros(4,40) A2fu zeros(4,28);zeros(4,44) A2fu zeros(4,24);
zeros(4,48) A2fu zeros(4,20):zeros(4,52) A2fu zeros(4,16):zeros(4,56) A2fu zeros(4,12);
zeros(4,60) A2fu zeros(4,8);zeros(4,64) A2fu zeros(4,4);zeros(4,68) A2fu];

A3fu= [A33u (1,1) +DT*rUSNH3SNH3 DT*rUSNH3SN03 DT*rUSNH3SS3 DT*rUSNH3Sads3:
DT*rUSN03SNH3 A33u (2,2) +DT*rUSN03SN03 DT*rUSN03SS3 DT*rUSN03Sads3;
DT* rUSS3SNH3 DT* rUSS3SN03 A33u (3,31 +DT* rUSS3SS3 DT' rUSS3Sads3;
DT*rUSads3SNH3 DT*rUSads3SN03 DT*rUSads3SS3 A33u (4,4) +DT*rUSads3Sads3] ;

A3S=[A33u zeros(4,68);zeros(4,4) A3fu zeros(4,64)izeros(4,8) A3fu zeros(4,60);
zeros(4,12} A3fu zeros(4,56):zeros(4,16) A3fu zeros(4,52):zeros(4,20) A3fu zeros(4,48}:
zeros(4,24) A3fu zeros(4,44):zeros(4,28) A3fu zeros(4,40);zeros(4,32) A3fu zeros(4,36);
zeros(4,36) A3fu zeros(4,32),zeros(4,40) A3fu zeros(4,28);zeros(4,44) A3fu zeros(4,24);
zeros(4,48) A3fu zeros(4,20),zeros(4,52) A3fu zeros(4,l6):zeros(4,56) A3fu zeros(4,12);
zeros(4,60) A3fu zeros(4,8);zeros(4,64) A3fu zeros(4,4);zeros(4,68) A3fu];

A4fu= [A44u (1,1) +DT*rUSNH4SNH4 DT*rUSNH4 SNQ4 DT*rUSNH4SS4 DT*rUSNH4Sads4,
DT*rUSN04SNH4 A44u (2,2) +DT*rUSN04 SN04 DT*rUSN04SS4 DT*rUSN04Sads4;
DT*rUSS4SNH4 DT*rUSS4SNQ4 A44u (3, 3) +DT*rUSS4SS4 DT*rUSS4Sads4;
DT*rUSads4SNH4 DT*rUSads4SN04 DT*rUSads4SS4 A44u(4,4)+DT*rUSads4Sads4];

A4S=[A44u zeros(4,6B);zeros(4,4) A4fu zeros(4,64);zeros(4,8) A4fu zeros(4,60);
zeros(4,12} A4fu zeros(4,56);zeros(4,16) A4fu zeros(4,52);zeros(4,20) A4fu zeros(4,48);
zeros(4,24) A4fu zeros(4,44);zeros(4,28) A4fu zeros(4,40);zeros(4,32) A4fu zeros(4,36):
zeros(4,36) A4fu zeros(4,32);zeros(4,40) A4fu zeros(4,2B);zeros(4,44) A4fu zeros(4,24);
zeros(4,48) A4fu zeros(4,20);zeros(4,S2) A4fu zeros(4,16);zeros(4,56) A4fu zeros(4,12);
zeros(4,60) A4fu zeros(4,8);zeros(4,641 A4fu zeros(4,4);zeros(4,68) A4fu]i

A5fu= [A5Su (1,1) +DT*rUSNH5SNHS DT*rUSNHSSN05 DT*rUSNH5SS5 DT*rUSNH5SadsS i
DT*rUSNOSSNH5 A5Su (2, 2) +DT*rUSNOSSN05 DT*rUSN05SS5 DT*rUSN05Sads5;
DT*rUSSSSNHS DT*rUSS5SN05 A55u (3,3) +DT*rUSS5SS5 DT*rUSS5Sads5;
DT*rUSads5SNH5 DT*rUSadsSSN05 DT*rUSads5SS5 ASSu (4,4) +DT*rUSads5Sads5] ;

A5S::[A55u zeros(4,68) ;zeros(4,4) A5fu zeros(4,64) ;zeros(4,B) A5fu zeros(4,60):
zeros(4,12) ASfu zeros(4,56);zeros(4,16) A5fu zeros(4,52);zeros(4,20l A5fu zeros(4,48);
zeros(4,24) A5fu zeros(4,44);zeros(4,2B) A5fu zeros(4,40);zeros(4,32) A5fu zeros(4,36);
zeros(4,36) ASfu zeros(4,32);zeros(4,40) ASfu zeros(4,28);zeros(4,44) A5fu zeros(4,24);
zeros(4,48) A5fu zeros(4,20);zeros(4,52) A5fu zeros(4,16);zeros(4,56) A5fu zeros(4,12);
zeros(4,60) A5fu zeros(4,8);zeros(4,64) A5fu zeros(4,4);zeros(4,68) A5fu];

A15S=[A15u zeros(4,68);zeros(4,4) A1Su zeros{4,64);zeros(4,B) AlSu zeros(4,60);
zeros(4,12) A15u zeros(4,S6);zeros(4,16) A15u zeros(4,52);zeros(4,20) A15u zeros(4,48);
zeros(4,24) A15u zeros(4,44);zeros(4,28) A15u zeros(4,40);zeros(4,32) A15u zeros(4,36)
zeros(4,36) A15u zeros(4,32):zeros(4,40) A15u zeros(4,28):zeros(4,44) A15u zeros(4,24)
zeros(4,48) A15u zeros(4,20);zeros(4,S2) A1Su zeros(4,16);zeros(4,S6) AlSu zeros(4,12)
zeros(4,60) A1Su zeros(4,8);zeros(4,64) Al5u zeros(4,4);zeros(4,68) A15u];

A21S=[AZlu zeros(4,68):zeros(4,4) A2lu zeros(4,64),zeros(4,8) A2lu zeros(4,60);
zeros(4,12) A21u zeros(4,56);zeros(4,16) A21u zeros(4,52);zeros(4,20) A21u zeros(4,48)
zeros(4,24) A21u zeros(4,44),zeros(4,28) A2lu zeros(4,40);zeros(4,32) A21u zeros(4,36)
zeros(4,36) A21u zeros(4,32);zeros(4,40) A2lu zeros(4,28);zeros(4,44) A2lu zeros(4,24)
zeros(4,48) A21u zeros(4,20);zeros(4,52) A2lu zeros(4,16);zeros(4,56) A2lu zeros(4,12)
zeros(4,60) A21u zeros(4,8);zeros(4,64} A2lu zeros(4,4),zeros(4,68) A21u];

A32S= [A32u zeros (4,68) ; zeros (4,4) A32u zeros (4,64) ; zeros (4,8) A32u zeros (4,60) ;
zeros(4,12) A32u zeros(4,56};zeros(4,16) A32u zeros(4,52);zeros(4,20) A32u zeros(4,48)
zeros (4,24) A32u zeros (4,44) ; zeros (4,28) A32u zeros (4,40) : zeros (4,32) A32u zeros (4,36)
zeros(4,36) A32u zeros(4,32)izeros(4,40) A32u zeros(4,28);zeros(4,44) A32u zeros(4,24)
zeros(4,48) A32u zeros(4,20),zeros(4,52) A32u zeros(4,16);zeros(4,56) A32u zeros(4,12)
zeros (4, 60) A32u zeros (4, 8) ; zeros (4,64) A32u zeros (4,4) ; zeros (4, 68) A32u];

A43S= [A43u zeros (4, 68) ; zeros (4,4) A43u zeros (4,64) ; zeros (4, B) A43u zeros (4,60) ;
zeros(4,12) A43u zeros(4,56);zeros(4,16) A43u zeros(4,52};zeros(4,20) A43u zeros(4,48)
zeros(4,24) A43u zeros(4,44);zeros(4,281 A43u zeros(4,40);zeros(4,32) A43u zeros(4,36)
zeros(4,36) A43u zeros(4,32);zeros(4,40) A43u zeros(4,28);zeros(4,44) A43u zeros(4,241
zeros(4,48) A43u zeros(4,20);zeros(4,52) A43u zeros(4,16);zeros(4,56) A43u zeros(4,l2)
zeros(4,60) A43u zeros(4,8);zeros(4,64) A43u zeros(4,4);zeros(4,68) A43u];
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A54S=[A54u zeros(4,68):zeros(4,4) A54u zeros(4,64);zeros(4,8) A54u zeros(4,60):
zeros(4,12) A54u zeros(4,56);zeros(4,16) A54u zeros(4,52);zeros(4,20) A54u zeros(4,48)
zeros{4,24) A54u zeros(4,44):zeros(4,28) A54u zeros(4,40);zeros(4,32) A54u zeros(4,36)
zeros(4,361 A54u zeros{4(32):zeros(4,40) A54u zeros(4,28):zeros(4,44) A54u zeros(4,24)
zeros(4,48) A54u zeros(4,20):zeros(4,52) A54u zeros(4,16);zeros{4,56) A54u zeros(4,12)
zeros(4,60) A54u zeros(4,8);zeros(4,641 A54u zeros(4,4):zeros(4,6B) A54uJ:

ASu=[AlS zeros{72,216) A15S:A21S A2S zeros{72,216}:zeros(72,72) A32S A3S zeros{72,144):zeros(72,144) A43S A4S
zeros (72, 72); zeros (72, 2I6) A54S A5S];

umar rtx (Jf t.he rates of t.he s ens Lt.Lv i t v model c.su
ClSu~[Cnu zeros (10, 68)];
CSu=[C1Su zeros(10,288):zero5(10,72) ClSu zeros(10,216):zeros(10,144) ClSu zer05(10,144): zeros(10,216) C1Su

zeros(10,72);zeros(10,288) ClSu];

~~Development. of the mat r.ix B3u of t.he s ens i t.tv.i ry mode I
Bl thetau= [Bl u (2,2) 0 0 0; zeros (67,4) ) ; B1Su= [B1u: Bl thetauJ ; BSu= [BlSu: zeros (288,4) ] ;

'.I. Deve Lopmerrt of the ve c t.o r DSu of t he sensi ti.vi ty model
!;; CeLcu Le t.Lon of the first. tal1Y..
D1Su=[zeros(l,4) rUSNHlf rUSNOlf rUSSlf rUSads1f rUSNHIYZH rUSNOIYZH rUSSIYZH rUSads1YZH rUSNHIYZA rUSNOIYZA rUSSIYZA rUSadslYZA

rUSNHlfZBH rUSNOlfZBH ...
rUSSlfZBH rUSadslfZBH rUSNHlmuA rUSNOlmuA rUSSlmuA rUSadslmuA rUSNHlmuH rUSNOlmuH rUSSlmuH rUSadslmuH rUSNHIKs rUSNOIKs rUSSIKs

rUSadslKs rUSNHIKOH ...
rUSNOlKOH rUSSIKOH rUSadslKOH rUSNHIKNO rUSNOlKNO rUSSIKNO rUSadslKNO rUSNHIKNA rUSNOIKNA rUSSIKNA rUSadslKNA rUSNHIKOA

rUSNOlKOA rUSS!KOA rUSadslKOA ...
rUSNHletag rUSNOletag rUSSletag rUSadsletag rUSNH1KMP rUSN01KMP rUSS1KMP rUSadslKMP rUSNH1KSP rUSN01KSP rUSS1KSP rUSadslKSP

rUSNH!KSA rUSNO!KSA rUSSlKSA ...
rUSads!KSA rUSNHlfMA rUSNOlfMA rUSS!fMA. rUSadslfMA rUSNHlKA rUSNOIKA rUSSlKA rUSadslKA] ':

CeLcu Le t.Lcn of the second t.ank
D2Su=[zeros (1, 4) rUSNH2f rUSN02f rUSS2f rUSads2f rUSNH2YZH rUSNQ2YZH rUSS2YZH rUSads2YZH rUSNH2YZA rUSN02YZA rUSS2YZA rUSads2YZA

rUSNH2fZBH rUSN02fZBH.
rUSS2fZBH rUSad52fZBH rUSNH2muA rUSN02muA rUSS2muA rUSads2muA rUSNH2muH rUSN02muH rUSS2muH rUSads2muH rUSNH2Ks rUSN02Ks rUSS2Ks

rUSads2Ks rUSNH2KOH ...
rUSN02KOH rUSS2KOH rUSads2KOH rUSNH2KNO rUSN02KNO rUSS2KNO rUSads2KNO rUSNH2KNA rUSN02KNA rUSS2KNA rUSads2KNA rUSNH2KOA

rUSN02KOA rUSS2KOA rUSads2KOA ...
rUSNH2etag rUSN02etag rUSS2etag rUSads2etag rVSNH2KMP rUSN02KMP rUSS2KMP rUSads2KMP rUSNH2KSP rUSN02KSP rUSS2KSP rUSads2KSP

rUSNH2KSA rUSN02KSA rUSS2KSA ...
rUSads2KSA rUSNH2fMA rUSN02fMA rUSS2fMA rUSads2fMA. rUSNH2KA rUSN02KA. rUSS2KA rUSads2KA] ':

~ Ce.Lcu La t.Lon of the third tank
D3Su= [zeros (1, 4) rUSNH3f rUSN03f rUSS3f rUSads3f rUSNH3YZH rUSN03YZH rUSS3YZH rUSads3YZH rUSNH3YZA rUSN03YZA rUSS3YZA rUSads3YZA

rUSNH3fZBH rUSN03fZBH ...
rUSS3fZBH rUSads3fZBH rUSNH3muA rUSN03muA rUSS3muA rUSads3muA rUSNH3muH rUSN03muH rUSS3muH rUSads3muH rUSNH3Ks rUSN03Ks rUSS3Ks

rUSads3Ks rUSNH3KOH ...
rUSN03KOH rUSS3KOH rUSads3KOH rUSNH3KNO rUSN03KNO rUSS3KNO rUSads3KNO rUSNH3KNA rUSN03KNA rUSS3KNA rUSads3KNA rUSNH3KOA

rUSN03KOA rUSS3KOA rUSads3KOA ...
rUSNH3etag rUSN03etag rUSS3etag rUSads3etag rUSNH3I<M:P rUSN03KMP rUSS3KMP rUSads3KMP rUSNH3KSP rUSN03KSP rUSS3KSP rUSads3KSP

rUSNH3KSA rUSN03KSA rUSS3KSA ...
rUSads3KSA rUSNH3fMA rUSN03fMA rUSS3fMA rUSads3fMA rUSNH3KA rUSN03KA rUSS3KA rUSads3KA] , ;

'i;; Calculation of the fourth tank
D4Su=[zeros (1, 4) rUSNH4f rUSN04f rUSS4f rUSads4f rUSNH4YZH rUSN04YZH rUSS4YZH rUSads4YZH rUSNH4YZA rUSN04YZA rUSS4YZA rUSads4YZA

rUSNH4fZBH rUSN04fZBH ...
rUSS4fZBH rUSads4fZBH rUSNH4muA rUSN04rnuA rUSS4muA rUSads4muA rUSNH4muH rUSN04muH rUSS4muH rUSads4muH rUSNH4Ks rUSN04Ks rUSS4Ks

rUSads4Ks rUSNH4KOH ...
rUSN04KOH rUSS4KOH rUSads4KOH rUSNH4KNO rUSN04KNO rUSS4KNO rUSads4KNO rUSNH4KNA rUSN04KNA rUSS4KNA rUSads4KNA rUSNH4KOA

rUSN04KOA rUSS4KOA rUSads4KOA ...
rUSNH4etag rUSN04etag rUSS4etag rUSads4etag rUSNH4KMP rUSN04KMP rUSS4KMP rUSads4KMP rUSNH4KSP rUSN04KSP rUSS4KSP rUSads4KSP

rUSNH4KSA rUSN04KSA rUSS4KSA ...
rUSads4KSA rUSNH4fMA rUSN04fMA rUSS4fMA rUSads4fMA rUSNH4KA rUSN04KA rUSS4KA rUSads4KAJ':

'l, CeLcu La t i on o f the fifth t.ank
D5Su= [zeros (1,4) rUSNH5f rUSN05f rUSS5f rUSads5f rUSNH5YZH rUSN05YZH rUSS5YZH rUSadsSYZH rUSNH5YZA rUSNQSYZA rUSSSYZA rUSadsSYZA

rUSNH5fZBH rUSN05fZBH ...
rUSSSfZBH rUSadsSfZBH rUSNHSmuA rUSNOSmuA rUSSSmuA rUSads5muA rUSNHSmuH rUSN05muH rUSSSmuH rUSadsSmuH rUSNHSKs rUSNOSKs rUSSSKs

rUSads5Ks rUSNH5KOR ...
rUSN05KOH rUSSSKOH rUSadsSKOH rUSNHSKNO rUSNOSKNO rUSS5KNO rUSads5KNO rUSNHSKNA rUSN05KNA rUSS5KNA rUSads5KNA rUSNH5KOA

rUSNOSKOA rUSSSKOA rUSads5KOA ...
rUSNH5etag rUSN05etag rUSSSetag rUSadsSetag rUSNHSKMP rUSNOSKMP rUSS5KMP rUSads5KMP rUSNH5KSP rUSN05KSP rUSS5KSP rUSads5KSP

rUSNHSKSA rUSN05KSA rUSSSKSA ...
rUSads5KSA rUSNH5fMA rUSN05fMA rUSS5fMA rUSadsSfMA rUSNH5KA rUSNQ5KA rUSSSKA rUSads5KA] , i

DSu= [DlSu; D2Su; D3Su; D4Su; D5Su] ;

SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE PROCESS
VARIABLES OF THE ATHLONE MASS BALANCE MODEL BASED ON THE REDUCED
ASM1 BIOLOGICAL MODEL TOWARDS ITS PARAMETERS

1.Main program
1,PROGRAM 1:J\SN1S.m
::Aim - t.he proe rem calculates the sensi ti vi t::..' m...ode I and s imu La t es the sena i ti vi ty functions for the p r cce s s var .ieb Les of the
At h.Lone pr oce ee ba s ed on ASMl reduced b i.o Loq ice L model t.cwe r-ds t.be model pe r-eme t.e r s . 'l'be o.pr oc r aru ce Ll. the function subroutine

rateJ-\l ....SMl.ffi. The calculat.i.on uses a rectucec b ioLoq.i.ce I rnodeI w.i.t h 3 ve ri.ab Le s S"t-icl, sr.o atle! SE.:
%The program uses global definition of the rnodeL pe r ame t.e r s

global Ks KOH KNO KNH KOA Kx muH etag muê, Kh etah iXB YH YA

«ve ï.uee of the model pe r eme t.e r s
f=1.2;YA = 0.24iYH = 0.67;iXB = 0.08;muH = 0.4:Ks = lO;KOR = O.2;KNO
muA = 0.5; KNH = 1; KOA = 0.4;

o . 5 ; bH O. 3; etag O.8:etah 0.8:Kh 3;Kx 0.1;

1. Ve Lue a of t.b e pro ce s s El owr e t.e e
Qo = 40003;Qa = 39916.8;Qp = 39916.8;Qr

Volumes of the process tanks
V1=1l48 ;V2=1l4 8 ;V3=5273;
.s rr.ttuent a, ..e raqe concent re t i cns
Ssi=69. 5; SNHi=3l. 56; SNOi=O. 0;

~·Definiti0n. of the sempLi nq period
DT = 0.01042;days=0.1042*10;

40003;Qw 3840.0;
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K=days/OT
k=O:DT:days
l:lF.verage influent concentrations for SNH, SNOr ~:;s
Xi =0. Ol * [SNHi <one s (1, Kl; SNOi *ones (1, Kl; SSi*ones (1, KJ]
i,Initial conditions- steady state value I." for the Snh , 8no,5$ and ae r c for the s ens Lt i vd t.y Eunct.Lons
XSO = [3. 2; 5.28; 3.808: zeros (45, 1); 1. 344: 7.662; 2. 459; zeros (45, 1); 0.548; 6. 541; 1.15; zeros (45, 1)] ;l,; Lni.ti.e I conditions for the
differential equat.Lons
!i: Steady state values for the biomass XEH, XB..h.,XS
XBH = O.Ol*[2551.76*ones(1,K);2553.38*ones(1,K);2557.13*ones(l,K)];'t XBH steady state COD/rr:'3
XBA = O.Ol*[37.3B9*ones(1,K):40.309*ones(1,K);40.941*ones(1,Kl]:'l' XBA s t.e ady state gall CODhti"3
XS = O.Ol*[60.135*ones(1,K);55.386*onesll,Kl:50.855*ones(1,K)]; '/; XS s t ee dy et.et;e <;1,11COD/m"3
tt r ë j e ct.ory of the control s Lqna I
SOl - [0.2*ones(1,Kl;0.2*ones(1,K)];S02=[4.0*ones(1,K)];U=[S01:S02]:
;,'. ca Lcu Let.Lon of the initial t.i-e je ct.o rv for t.he state vector X and for the sensitivity vector: Y.SS
X =[[3.2;5.28;3.808;1.344:7.662:2.459:0.548;6.541;1.15] zeros(9,K)];;\ .ini.t.d ë.I condi t f.orrs for
XSS = [XSO zeros (144,Kl]; cCe Lcu La t.Lcn of the process matri ce s
lVI = OTlVI; IV2 = OT/V2; IV3 = OTIV3; IV=IV1 'Qo; IW=IV' f
B=[IW 0.00.0;0.0 IV 0.0;0.00.0 IV;zeros(6,31];
Q1=Qo+Qp; Q2=Ql +Qa+Qr; Q3=Q2; IV221=IV2*Q2; IV331=IV3 *Q3
IVl1=1-IV1*Ql 'se Lemen t of All
IV12=IV1*Qp ae Lemenr of AI::!
IV21=IV2*Q1 ~Ielerr.ent of A2l
IV22=1-IV221 ce Lemen t, of A.2z.
IV23=IV2* (Qa+Qr) se Lernen t. of }·1.23
IV32=IV3*Q2 'iele-ment elf:' A3::
IV33=1-IV331 ~element of A33

A=[[IV11 0.0 0.0;0.0 IV11 0.0;0.0 0.0 IV11] [IV12 0.0 0.0;0.0 IV12 0.0;0.0 0.0 IV12] zeros(3,31 ;[IV21 0.0 0.0;0.0 IV21 0.0;0.0
0.0 IV21] [IV22 0.0 0.0;0.0 IV22 0.0;0.0 0.0 IV22] [IV23 0.0 0.0;0.0 IV23 0.0;0.0 0.0 IV23] ;zeros(3,31 [IV32 0.0 0.0;0.0 IV32
0.0;0.00.0 IV32] [IV33 0.0 0.0;0.0 IV33 0.0;0.0 0.0 IV33]]
All=A( 1: 3, 1: 31 ;A12=A( 1: 3, 4: 61 ;A13=zeros (3, 31 ;A21=A(4: 6, 1: 3 I ;A22=A( 4: 6, 4: 61 ;A23=A(4: 6, 7: 9 I ;A31=zeros (3, 31 ;A32=A (7: 9,4: 61 ;
A33=A(7: 9, 7: 91;

B1=[IW 0.0 0.0;0.0 IV 0.0;0.0 0.0 IV]
Cn=OT'[(-iXBI 0.0 (-l/YHI;(-iXBI (-(1-YHII!(2.86*YHI -1/YH;-(iXB+1/YAI 1/YA 0.0;0.00.01.0];
C=[Cn zeros (4, 6); zeros (4,3) Cn zeros (4, 3); zeros (4,6) Cn]

for k = 1: K
XSSk = XSS ( : ,kl;
Xk=X(:, kl;
Uk =U (: ,kl;
XBHk = XBH(:,kl;
XBAk = XBA(: , k) :
XSk = XS(:,kl;
Xik = Xi(:,kl;

(ROASM1,AS, BS, CS, DS] =rateAASMl (Xk, Uk, XBHk, XBAk,XSk, DT,All,A12 ,A2l,A22,A23,A32,A33, Bl, en) ;

XSS(:,k+l) = AS*XSS(:,k) + CS'*ROASMI + BS*Xi(:,k)+DS;
X(:,k+11 [XSS(1:3,k+11 ;XSS(49:51,k+11 ;XSS(97:99,k+11];

end

'svecuor of sens it Lvi.t.y for t.he fj.rs t t enk varfabLes SNH,SNO,SS
SNH1=XSS(1,: I ;SN01=XSS(2,: I :SSl=XSS(3,: I;
SNHlf=XSS (4,: I ;SNOlf=XSS (5,: I ;SSlf=XSS (6,: I;
SNHlYH=XSS (7, : I ; SN01YH=XSS (8, : I; SSlYH=XSS (9, : I ;
SNH1YA=XSS (10, : I ; SN01YA=XSS (11, : I ; SSl YA=XSS (12, : I ;
SNHliXB=XSS (13, : ) ; SNOliXB=XSS (14, : ) ; SS1iXB=XSS (15, : ) ;
SNH1muA=XSS (16, : I ; SN01muA=XSS (17, : I ; SSlmuA=XSS (18, : I ;
SNHlmuH=XSS (19, : ) ; SN01muH=XSS (20, : ) ; SSlmuH=XSS (21, : ) ;
SNH1KS=XSS (22, : I ; SN01KS=XSS (23, : I ; SSlKS=XSS (24, : I ;
SNH1KOH=XSS (25, : I ; SN01KOH=XSS (26, : I ; SSlKOH=XSS (27, : I ;
SNH1KNO=XSS (28, : I ; SN01KNO=XSS (29, : I ; SSlKNO=XSS (30, : I ;
SNH1KNH=XSS (31,: I ;SN01KNH=XSS (32,: I ;SSlKNH=XSS (33,: I;
SNH1KOA=XSS (34,: I ;SN01KOA=XSS (35,: I ;SSlKOA=XSS (36,: I;
SNH1etag=XSS (37, : I ; SN01etag=XSS (38, : I ; SSletag=XSS (39, : I ;
SNH1etah=XSS (40, : I ; SN01etah=XSS (41, : I ; SSletah=XSS (42, : I ;
SNH1Kh=XSS (43, : I ; SN01Kh~XSS (44, : I ; SSlKh=XSS (45, : I ;
SNH1Kx=XSS (46, : I ; SN01Kx=XSS (47, : I ; SSlKx=XSS (48, : I ;

cvec t cr of se ns i.t I vi ty for the second t.ans .. variables SNE, SNO, ss
SNH2=XSS (49, : I ; SN02=XSS (50, : I ; SS2=XSS (51, : I ;
SNH2f=XSS (52,: I ;SN02f=XSS (53,: I ;SS2f=XSS (54,: I;
SNH2YH=XSS (55, : I; SN02YH=XSS (56, : I; SS2YH=XSS (57,: I;
SNH2YA=XSS (58, : I ; SN02YA=XSS (59, : I ; SS2YA=XSS (60, : I ;
SNH2iXB=XSS (61, : I ; SN02iXB=XSS (62, : I ; SS2iXB=XSS (63, : I ;
SNH2muA=XSS (64, : I ; SN02muA=XSS (65, : I ; SS2muA=XSS (66, : I ;
SNH2muH=XSS (67, : ) ; SN02muH=XSS (68, : ) ; SS2muH=XSS (69, : ) :
SNH2KS=XSS (70, : I; SN02KS=XSS (71,: I; SS2KS=XSS (72,: I;
SNH2KOH=XSS (73,: I ;SN02KOH=XSS (74,: I ;SS2KOH=XSS (75,: I;
SNH2KNO=XSS (76, : I ; SN02KNO=XSS (77, : I ; SS2KNO=XSS (78, : I ;
SNH2KNH~XSS (79, : I ; SN02KNH=XSS (80, : I ; SS2KNH=XSS (81, : I ;
SNH2KOA=XSS (82, : I ; SN02KOA=XSS (83, : I ; SS2KOA=XSS (84, : I ;
SNH2etag=XSS (85, : I ; SN02etag=XSS (86, : I ; SS2etag=XSS (87, : I ;
SNH2etah=XSS (88, : I ; SN02etah=XSS (89, : I ; SS2etah=XSS (90, : I ;
SNH2Kh=XSS (91,: I ;SN02Kh=XSS (92,: I ;SS2Kh=XSS (93,: I;
SNH2Kx=XSS (94, : I ; SN02Kx=XSS (95, : I ; SS2Kx=XSS (96, : I ;

r-vect cr of sensitivity for the third tan): ve r i ab Les SNH3, SNO, SS
SNH3=XSS (97, : I ; SN03=XSS (98, : I ; SS3=XSS (99, : I ;
SNH3f=XSS (100, : I ; SN03f~XSS (101, : I ; SS3f=XSS (102, : I ;
SNH3YH=XSS (103, : I ; SN03YH=XSS (104, : I ; SS3YH=XSS (105, : I ;
SNH3YA=XSS (106, : I ; SN03YA=XSS (107, : I ; SS3YA=XSS (108, : I ;
SNH3iXB=XSS (109, : ) ; SN03iXB=XSS (110, : ) ; SS3iXB=XSS (111, : ) ;
SNH3muA=XSS (112, : I ; SN03muA=XSS (113, : I ; SS3muA=XSS (114, : I ;
SNH3muH=XSS (115, : I ; SN03muH=XSS (1,16, : I ; SS3muH=XSS (117, : I ;
SNH3KS=XSS (118,: I ;SN03KS=XSS (119,: I ;SS3KS=XSS (120,: I;
SNH3KOH=XSS (121, : I ; SN03KOH=XSS (122, : I SS3KOH=XSS (123, : I
SNH3KNO=XSS (124, : I ; SN03KNO~XSS (125, : I SS3KNO=XSS (126, : I
SNH3KNH=XSS (127, : I ; SN03KNH=XSS (128, : I SS3KNH=XSS (129, : I
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SNH3KOA-XSS1130, : I ; SN03KOA-XSS 1131, : I ; SS3KOA-XSS 1132, : I ;
SNH3etag-XSS 1133,: I ;SN03etag-XSS 1134,: I ;SS3etag~XSS 1135,: I;
SNH3etah=XSS (136, : ) ; SN03etah=XSS (137, : ) ; SS3etah=XSS (138, ~) ;
SNH3Kh-XSS 1139,: I ;SN03Kh-XSS (140,: I ;SS3Kh-XSS 1141,: I;
SNH3Kx-XSS 1142, : I ; SN03Kx-XSS I 143, : I ; SS3Kx-XSS 1144, : I ;

k=L: 101
:t.Grapl:1S of t.he sensitivity runct rons for UH:.' SBH
~G:t'aphs of t.be sensitivity of 't he variable Slm in the tank 1
figure (1)
subplotIS,2,1) ;plotlk,SNH1, 'k'i
ti t.Le ( "Proce s s variable Snhl t )

ylabel (' \ fontsize{ 6} SHRl ')
xlabelC'\fontsi::e{8}disc.l'et.e time k ")

subplotIS,2,2); plotlk,SNHlf, 'k'i
title('Sensitivity function Snhlf')
ylabel (' \ fontsi zei 8}SNElf'}
xlabel('\font.si::e{8}discret.e t.Lmevk ")

subplot(B,2,31; plot(k,SNHlYH, 'k')
ti t Le t tve r t ebl e Snh I YB' )
ylabel ('\fontsize{8}SNHlYH')
xl abel ( • \ fon t.s t ce {e} dj screte time, k ' )

subplot (8 r 2,4); plot (kt SNHl YA, 'k' )
title( 'Variable SnhlLIl,.')
ylabel ( I \ fontsize {8} SUHlYA' }
xlabel ( '\ f on t.s i ze {8} di s c r et;e time, k' )

subplot(8,2,5); plot (k,SNHliXB, 'k')
title ('Sensitivit.y function SnhliXB')
ylabel ( ,\ fontsize {8} SNHliXB l )

xlabel ('discrete time, k ' )

subplot (8,2,6); plot (k, SNHlmuA, 'k I)
title ( "Se n s i t i.v.t t y function Snh Lmuê")
ylabel ( '\fontsize {8} SNHlmul~' )
xlabel ( ,\ fontsize \ 8} discrete time, k' )

subplot(8,2,7); plot(k,SNHlmuH,'k')
ti t.Le ( "Sen s i.ti vi ty function SnhlmuH')
ylabel ( '\fontsiz.e{ il} SNHlmuH' )
xlabel ( 'di s c ret.e time, k ' )

subplot IS, 2, S); plot Ik, SNHIKS, 'k')
title (' Sena Lt.Lvdt.v function SnhlKS')
ylabel ( 'Yront.sf.ze {6} S'NHIES' )
xlabel ( I discrete time, k ' )

subplot (8,2,9); plot (k , SNH1KOH,' k r )

ti tle ( 'Sensi ti vi ty function SnhlKOH 1 )

ylabel ( '\ f crrts Lze {B}SNli1EOH' )
xlabel ( r \ font s ize {il} d.i sc r et e t.ame, y_' )

subplotIB,2,lO); plotlk,SNHlKNO, 'k')
title (' Sen s Lt.LvL'tv function ~';nhlKi:u)')
ylabel ( '\ f on tsLae {8} SNH1I{NO1 )

xlabel ( "vront s t ae {~l}discrete 't i.rne , r~')

subplot (8,2,11); plot (k, SNH1KNH,, k' )
title( "sens i.r iv i t.v function SnhlKNH')
ylabel ( ! Vf ont s Lz.e {8} ~:l'nni::rJH' )
xlabel( "vr crrt s Lae t aj drsc re t e ttrne , t')

subplot(8,2,12); plot (k,SNHIKOA, 'k')
ti t i e ( "sens t t.i v i ty function SnhlKOA,')
ylabel ( '\ f cn t s Lce {8) SNHlK(JA' )
xLabe L ( r vrcnt s i ze {BJ cu sc rct e time lY" )

subplot (8, 2,13); plot (k, SNH1etag, Ik')

title (' sens.t t t v it y funct Lon Snh Ie t.aq ")
ylabel ( "Vfon t.s Lr.e (8) SNHletag' )
xlabel ( , \ f ont.s Lz.e{8} discrete time f k ' )

subplot (8,2 (14); plot (k, SNHletag, 'k' )
title t t senstt.I v i t;v function Snh Ie t.ah ")
ylabel {' Vf ont.s i ce -{8} SNH1E:tah' )
xlabel ( ! 'vf ont.s Lze {8} discrete tIme , r.. 1 )

subplot(8,2,15); plot(k,SNHlKh, '}:')
title (' Sens Lt iv Lt.v f unc t Lon Sn111K.h')
ylabel (' Vf ont.s Lce {8} SHHIKh I)

xLebe L ( '\£ont.si::e {:3} df s c re r,e time, k' )

subplotIB,2,16); plotlk,SNH1Kx, 'le')
title('Sensitivity function Snh Llcx")
ylabel (' \ fonr e i ce {8) SNH1Kxr )

xlabel ( "v.ton t.s á ze (ij) dd s c r e r.e t Lmer k ' )

t";róphs of sens i t.i vi t v of t.he va r i eb.l.e SNH2 in the tank 2
figure(2)
subplotIS,2,1) ;plotlk,SNH2, 'k')
ti t.Le (' Puoce s s variable 5n112')
ylabel (' vronrs i ce (8J SNH2')
xlabel (' vrcrrt s i.ae . R}discrete time ¥-_')

subplotIB,2,21; plotlk,SNH2f, 'y.')

t Lt Le L' Se ns Lt.Lv-it.y f unc t.Lon 5nh2£')
ylabel (' vroc ts i c e {tJ) SNH2 t ' )
xlabel ( '\ f'orit.s á r.e {8} discrete time, k ' )

subplotIS,2,3); plotlk,SNH2YH, 'k')
title ('Va:r:'iable Snh~YHr)
ylabe.l (' \ fontsize {SI SNH2YH' }
xlabel ( '\ t on t.sI ce {8} discrete time r k ' )

subplot (8,2,4); plot (k, SNH2YA,, k' )
title ï vvart ac.l e Snh2YA')
ylabel ('\fontsize{8}SNH2Y.l\')
xlabel ( , \ rocr.at ce {e} dd.sc re t.e time, k ' }

subplot(8,2,5); plot (k,SNH2iXB, 'k')
ti tle ( "Se ns t ti vi r-y funct.Lon SnhliXB')
ylabel ( "vf'orrt size {8} SNH2iXB' )
xlabel ('c1i.scret.e ti.me,}::')

subplot (8, 2, 6); plot (k, SNH2rnuA,'k')
ti t.Le ( •Sen s I ti v.t t.y f unc t.Lon Snh2muF.')
ylabel ( 'Yf crrt s Lze {8} SNB2rr.uJ..')
xlabel ( '\ f cntai ze {8}dd.e c re t;e time, k I )

subplot (8, 2, 7); plot (k, SNH2muH,'k')
ti t j e ( 'Sens i ti vi t.y function snhzmux ")
ylabel ( '\ font size {8} SNH2muH' )
xlabel ( ! d.i s c re t.e time, k ' )

subplot IS, 2, S); plot Ik, SNH2KS,' k')
ti t.Le ( •ae na i ti vf. t y f unct.d.on ~;nh:KS')
ylabel ( "Vf orrt sLz e {1)} SNH2I<S')
xlabel ( I discrete t Lme, k' )

subplot IB, 2, 9); plot Ik, SNH2KOH, 'k')
title ( •Sen s i t.Lv i. ty t'unc't Lon Snh:.?KOH')
ylabel ( "vf on t size {,8} ~>NH2t(QH')
x Labe L ( '\ fontsize {8} d.i scr e te t.Lme, k' )

subplotIS,2,10); plotlk,SNH2KNO, 'k')
ti tle ( I Sens i tivi ty Eunction Snh~.~ENOI )

ylabel ( '\fonts:i.ze {8} SHH21\NO')
xlabel t ' vt'cnt s i ze t Sj d.i ec re t e tinte, k')

subplot (8,2, Il); plot (k, SNH2KNH,'k' )
ti t.Le ( I Sens i t.Lvi t::-· f'unc't ion Snh:KNH 1 )

ylabel ( • 'vf on't s Lze (8) ~;NH::;ENH')
xlabel ( "vf on't s Lze {8} d.is cre t.e t.i.me , k ' )

subplot(8,2,12); plot (k,SNH2KOA, 'k')
ti tle ( ,
ylabel ( 1

xlabel ( '\font size {IJ j d.i sc re t.e t.Lrne, k ' )

subplot (8, 2,13); plot (k, SNH2etag, 'k' )
ti t Le ( "Sen.si. t.t.vt ty f unc'tLon Snh2etag')
ylabel ( ! \ fontsize {8} ~~NH2etag 1 )

x Labe L ( "Vforrt si.z e { B}discrete t.f.rne,r.:' )

subplot (8,2,14); plot (k, SNH2etah, 1 k' )
title ( "sens i t.a vi ty f'unc't Lon s nhz et.en ")
ylabel ( 1 \ fr.mt.si::€- {8) s!m=~:tah 1 )

xLabe I ( '\ fcrrt sLz e {f:l} d.i sc ret;e time, r:' )

subplot(8,2,15); plot (k,SNH2Kh, Ik')

title I'
ylabel (' ')
x Labe L (' 'vfcrrt s Lz e {ij} d.is c r-e t;e t i.me , t' )

subplot(8,2,16); plot (k,SNH2Kx, lj:')

title ('
ylabel (' !)
xlabel ( '\.fonts.i.ze {(i} discrete t..i.me , k ' )

~:Gz-apb.s of s en s i t.LvLt y of the ve raab Le s SNH in the tan}:

figure (3)
subplot (8, 2,1) ;plot (k, SNH3, r 1: 1 )

ti t.Le ( 'Process va r iabLe Snh3')
ylabel ( I \ f'orrt s i.z e {8} SNE3' )
x Lebe L ('\foTltsize{8}disc:r:et,",; tinte k')

subplot(B,2,2); plot (k,SNH3f, 'k')
ti t Le ( •Sens 'i ti vLt.y f unr.t.d.on Snh 3f' )
ylabel ( "vforrt s.i ze {8} SNH3:f' )
xlabel ( "vf'orrt e i.ze (8} d.i scr e t;e time, k' )

subplotIB,2,3); plotlk,SNH3YH, 'k')
title ('Vi:.....r i.ab.l.e ~inh3,:{H')
y Labe L ( '\ font size {8} SNH3YH' )
xlabel ('\f0!ltslze{S}disc.r:,-'!le time,k')
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subplot (8, 2, 4) plot (k, SNH3YA,'k')
title ('Var:iabl Snh3'i.l\')
ylabel('\fonts ze{8}Slm3Yl~!)
xlabel ( '\ fonts ze {8} di ec re te t Lme, kt)

subplotIB,2,5); plotlk,SNH3iXB, 'k')
title (' Se ns i ti vi t.y function 8nh3iXB')
ylabel ( '\ fontsize {8} SNH3iXB' )
xlabel ('discrete ti.me,}':')

subplot (8,2,6); plot (k, SNH3rnuA,'k' )
title('Sensiti.vity funct.icn SnhSmuê,"}
ylabel ( ,\ f'onts.i ze I 8} SNH3muA 1 )

x Label ( '\ f ont.s i ze {8} di scr.et.e t.Ltne, k ' )

subplot (8, 2,7); plot (k, SNH3muH,'k I)

ti t.Le ( 'Sensi ti. va ty f unc t.Lon Snb3tnuH')
y.Labe L ( '\fontsize {f.l} SNH3uruH' )
xlabel ( 'discrete time, Y..' )

subplot IB, 2, B); plot Ik, SNH3KS, 'k')
ti t.Le ( I Sens i ti vi ty function Snh3:t~S I )

ylabel ( '\ f onts ize {8} SNH3KS')
x Lebe L ( I discrete time, k ' )

subplot IB, 2, 9); plot Ik, SNH3KOH,'k')
ti t.Le ( 'Sens iti vi ty f unc t i on Snh~.KOH')
ylabel ( t \fontsize {f.l} SNH:-HWH' )
xlabel ( I 'vforrt s i ze {8} discrete tdme, k ' )

subplot IB, 2, 10); plot Ik, SNH3KNO,'k' )
title (' Sensitivity fu.nction Snb.3KlW')
ylabel ( '\ fontsize {8} SNH3ra.J"O' )
xlabel ( ,\ fontsize {8} d.i sc ret e t ame, k' )

subplot IB, 2,11); plot Ik, SNH3KNH,' k' )
ti t.Le ( "Sen sd t.i vi ty function ~;nh3YJJH')
ylabel ( '\fontsize {8} SNH3KNH' )
xlabel ( ! 'vf orrt a i.ze {8} di.sc re t e time, k ' )

subplot(8,2,12); plot (k,SNH3KOA,'k')
title (' Sens i t.Lv.i t y function Snh.3KO}i..')
ylabel ( "vf'on t s Lce !ti) SNH3KOJi..' )
xlabel ('\font.size{8}discI·ete time, }'~')

subplot(8,2,13); plot(k,SNH3etag, 'k')
title( "Sen sLt.i v i t y function Snh Set.aq" )
ylabel (' \fontsize {8) .sNH~etag' )
xlabel ( 'Yr cnt s r.ae {8} dr sc ret.e rrme , Y.' )

subplot (8, 2(14); plot (k, SNH3etah, 'k')
title ( "sens i c iv itv function annxe t.eb ")
ylabel ( "vf ont.s Lce (ti} SNH3~,;-tah' )
xlabel ( '\font.size {8) df.s c r e t e t.dmev k ")

sul)plotI8,2,15); plotlk,SNH3Kh, 'k')
title( "Se ns i t i v i t y function Snh3Kh')
ylabel (' vronr.s t ce (8) 5NH3Kh')
xlabel('\fontsize(B}discrete time, k')

subplot 18, 2, 16); plot Ik, SNH3Kx, 'L')
title (' Sens Lt.d vi ty function Snh3Kx')
ylabel ( '\ tonr.s a ce {8 }SNH3Kx' )
xlabel ('\fontsize{8}discrete time, k')

;:Graphs of tbe sens i t i vi r.y funct i ons fOI" the SNO
'.:-;Graphs of the sens:i ti vi ty funct ..i.ons of the caz Labl.e ;::;lWin
t r.e t.ant. 1
figure(4)
subplot{8,2(1) ;plot(k,SN01, 'k')
title (' Process var i aoj.e SNOl')
ylabel ( '\ fonts i ze {8} SNOl' )
xlabel {'\ rcnt s i ce {8} di scr et.e time k ")

subplot(8,2,2); plot(k,SNOlf, 'k')
ti tle ( "sens i ti vt ty function SrWlf')
ylabel (' \fontsize{ 8} SNOlf')
xlabel ( '\ rants i ce {B} di sc.ret.e t.Lme, k ' )

subplot(8,2,3); plot (k,SN01YH, Ik')

title( 'Variable SI.:r01YH')
ylabel ( ,\ fontsize {B} SNOl YH' )
xlabel ( , \ forrts i ze {8} di s c r et.e time. k ' )

subplotI8,2,4); plotlk,SN01YA, 'k')
t t t ï.e tt ve r i eb.l.e SNOlYA')
ylabel (' v f crrt s i ze ]8} SNOl YA')
xlabel ( '\ fontsize {8} d i sc r e t e time, k.:J

subplot(8,2,5); plot (k,SNOliXB, "k ")
title (' se ne Lt j.v.Lty function SNOliXB')
ylabel ( ,\ forrt s i.ze {8} SNOl iXB' )
xlabel ('discret.e time, k')

subplot(8,2,6); plot (k,SNOlmuA, Ik')

t Lt ï.e t r se ns Lt.t v.Lt v f unc t Lon SHOlmu.Z:.')
ylabel ( '\fontsize"( 8} SNOlnllLr,.' )
xlabel ( ,\ fon t a.i ze {a} di s cr e t e time, k ' )

subplot (8,2, ); plot (k, SN01muH,'k' )
title ('Sensi .iv.i.t.y function SNOlmuH')
ylabel('\fon sizef8}SNOlmuH')
xlabel ('disc:rete t.tme , k')

subplot (8,2,8); plot (k, SNOlKS, 'k' )
ti t Le ( "sens t ti vi ty f unc t.Lon SNOII(S')
ylabel('\fontsize{S)SN01KS')
xlabel ('discret.e ti.m~~,}:')

subplot (8,2,9); plot (k, SNOIKOH,Ik' )
t i t j e t t sens it j vf.t.y funct.Lcn SN01.I<OH')
ylabel ( '\font size {8} SN01KOH')
xlabel{'\fontsize{8}discrete time,k')

subplot (8,2,10); plot (k, SNOlKNO,'k ')
title (' Se ns I t Lvt t.y funct.Lon SN01KNQ')
ylabel ( I 'vf crrt s.ize {f3} SNOlKNO ' )
xlabel ('\font.sizefS}disc.t:ete time,k')

subplot 18, 2,11); plot Ik, SN01KNH, 'k' )
title (' Sens i t.i.vit.y function r:~NOIKJJH')
ylabel (' \fGntsize{S}SN01KI..JH')
xlabel ( , vf'orrt s i ze {8} d.i s czet,e time r k ' )

subplotIB,2,12); plotlk,SN01KOA, 'k')
ti t.Le ( 'Sens i ti vi t.y function SN01KOl'~')
ylabel ( , 'vr ont size pJ} SN01!(Ol-:.' )
xlabel ( '\font size {8} discrete- timer k ' )

subplot IB, 2,13); plot Ik, SNOletag, 'k' )
ti t Le ( "Sen s i.Li vi ty function SNOletag')
ylabel ( '\ f'crrt s Lz e {8} SNOlet.i:lg' )
xlabel ( I 'vf on t e i z.e{8} d i sc re t.e time. k ' )

subplot (8,2,14) i plot (k, SNOletag, 'k' )
title (' Sen s i.t.Lv i t y func't i.on snor et.en ')
ylabel ( '\fontsize (B} SN(l1.etah 1 )

xlabel ( '\font size {.B} discrete t.Lrne ~y~' )

subplot (8, 2, 15); plot (k, SN01Kh, "k ' )
title ( "Sen a i trvt ty function SNOIKh')
ylabel ( '\ f ont.s Lze {8) SNOlh"b I )

xlabel ( t \ font size {8} discrc te time, r.:' )

subplot(B,2,16); plot (k,SN01Kx, 'k')
title (' aens it.rvr ty function SI.:rOlKx')
ylabel ( ,\ forrt si.ze t êJ SNOIKx I )

xlabel ( '\. font.sLae {8} d.i.s c r e t;e t:i.me, k ' )

~.iGI:i:1phs of t.he s ens.i t t.vit y functions £OI: the v axi.ab I.e strO in
t he t.ank 2.
figure (5)
subplot (8, 2, 1) ;plot (k, SN02, 'k')
ti t Le ( "pr-oce s s va ri eb.Ie SI.J02')
ylabel ( '\ f'or.t.s i. z e I 8 }S.tJ02')
xlabell'\for,taize(8)di.screte time k')

subplot (8, 2, 2); plot (k , SN02f, 'k')
title (' sens t t Lva t y f unc t.Lon SN02f')
ylabel ('\funtsize{S}SN02f')
xlabel ( •\ rcn t.e i. ~e {8}di ec ret:e t.Lme , k ' )

subplot (8,2,3); plot (k, SN02YH,'j..;' )
title ('va.d.ab.le SNC2YH.')
ylabel (' \fo:ntsize{8}SN02YH')
xlabel ( '\ fc nt.s i ze {8} d.i.e cre t.e time, k I )

subplot 18,2, 4); plot Ik, SN02YA, 'k' )
title ('VarL1..blt;.~SN02YA')
ylabel ( "vf'orrt sLz e {8} SNCl2YA' )
xlabel ( "Vf ont s ia e {8) d i.s cze t.e time, k ' )

subplotIB,2,5); plotlk,SN02iXB, 'k')
ti t.Le ( "Sene i tivi t.y f uncti.on ~;N01..i..';":B1 )

ylabel ( , \ font size {8}SN02iXE' )
xlabel ('disc.r~~tE~ t Lrne , k')

subplot IB, 2,6); plot Ik, SN02muA, 'k' )
t Lt Le t t Sene i t Lv.Lt y r unc t i on ~;NO~:rrn.L:t;.')
ylabel ( 'Yr cnt s Lae 1. 8} SN02mu.n.')
x Labe I ( "vf orrts i z e {8 j d i s c r e t e timer k ' )

subplotI8,2,7); plotlk,SN02muH,'k')
ti t.Le ( "Sen s i ti vi ty function SEO:::muH I )

ylabel {' 'vf orrtsLze {8} SNO:::muH')
xlabel ('disc.rete time, k')

subplot(8,2,8); plot(k,SN02KS, '}':')
title (' Sens i t.Lv.i t y function !~NO:KS')
ylabel ( "vront si.ae t ij} SHG2ES' )
xlabel ( 'di sc re't e rIme , k ")

subplot(8,2,9); plot(k,SN02KOH, '}:.')
ti t.Le ( "Sen s i ti vi t:; function SNO:2KOH')
ylabel ( '\ fon t.s Lc e {8) SNOKOH')
xlabel ('\:E()ntsiz;~U.l}discret.e ti.me , k')

subplot(8,2,10); plot (k,SN02KNO, 'k')
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title ('Sensitivit.y func t.Lcn SNO::KNO')
ylabel {"vfcrrt s Lae {8} SUO:Kl.JO' )
xlabel ('\fonU.:ize{8}disc.rete tiu'.e,k')

subplot {B, 2, Il}; plot (k, SN02KNH,r k' )
t.Lt j e t t se ns Lt.Lvj.t y function ~;a'rO::}:!nl')
ylabel ( 1 vront s t ze {El} SNO::::KJJH')
xlabel ( ,\ fontsize {8} d i s c r'e't e time, k ' )

subplot 18,2,12); plot Ik, SN02KOA, 'k' )
t.Lt ï e t t se ns Lt.Lv Lt.v f unc t i.on SNO::.::r.:OA')
ylabel ( 1 \fontsize{ El} SNO:~KOl'.' )
xlabel ( '\ f orrt s i ze {8}discrete time, k' )

subplot 18,2,13); plot Ik, SN02etag, ');')
title ( 'Sensi ti vi ty function SN02et~ag')
ylabel ( . \ fontsize {£I} SNO:et.ag' )
xlabel t ' v f crrt s Lz e l ê l d.is cre't e time, r_')

subplot(B,2,14); plot {k,SN02etah, 'k')
ti tle ( "Sen s i.ti vi tv func t ion SN02et_ah')
ylabel ( '\fontsi.ze{ t)} SNO::et_<1-11' )
xlabel (' vt orrt s i zet a j di sc ret e time, k')

subplot 18,2, 15); plot Ik, SN02Kh, 'k' )
ti t Le ( 'Sensi ti vi ty function SN02Kh')
ylabel (' \fontsize {8) ~~NO::l\h'}
xl abel ( , 'vr orrt s Lae {El J cd sc.ret e time,}:')

subplot{B,2,16}, plot (k,SN02Kx, 'k')
title (' Sensitivity function SN02Kx')
ylabel ( '\ f'on t.s Lc e [ti) SN02Kx' )
xlabel {, \ fontsize {8} ct sc ret e time,}:')

~GI':aphs f oz the variable .suo in the t.e nk 3

figure (6)
subplot (B, 2, 1) rp Lot; (k, SN03, 'k' )
title (' Process var tst.i e SN03')
ylabel ( '\fontsize{ a} SN03')
xlabel{'\font,size{8}discrf.:te time k')

subplot(8,2,2); plot(k,SN03f, 'klj

title{ 'Sensitivity runct.Lon .sN03f')
y1abel ( 'Yfcnt s i ae !8} SN03f' )
xl abel ( '\ fon ts i zet 8 }di ec t e t.e time. k ' )

subplot(8,2,3); plot (k,SN03YH, Ik')
title ('Variable SN03'fH')
ylabel ('\fontsiz!d8}SN03iH')
xlabel ( '\ f onts i. ze {8} di s cr et;e time, k ' )

subplot 18,2,4); plot Ik, SN03YA, 'k' )
title( 'Ve r i ab.l.e SlWJ'iA')
ylabel ( 1 \fontsize {8} SN03YA' )
xlabel (I \ fon t e i ae I B }di s c r e t.e ti me, k ' )

subplotI8,2,5); plotlk,SN03iXB, 'k')
t.Lt Le t t Sens i t.Lv.i.t.v function E,NO:~L\.B')
ylabel (' \fontsize{8}SN03iXS')
xlabel{'discrete time,k')

subplot 18, 2, 6); plot Ik, SN03muA, 'k')
ti t.Le ( 1 Sens i. ti vity function SNO:~mu]'~')
ylabel ( '\ font size {8} SNO::--;mu..'.....• )
xlabel ( ,\ fontsize {B}d.i ec re t e time, k' )

subplot (B, 2(7); plot (k, SN03muH, 'k 1 )

tLt Le t t se ns i.t r vt t y func't Lon SN03muH')
ylabel ( '\fontsize {13)SN03mLlH')
xlabel ( 1 di s c ret;e time, k I )

subplot (B, 2, B); plot (k, SN03KS,' k')
title (' Sensitivity function SN03KS')
ylabel ( 1 \ fontsize (t)} SN03ES' )
xlabel (' discrete time, k ' )

subplot 18,2,9); plot Ik, SN03KOH, 'k' )
title ('Sensitivity function SN03KOH')
ylabel {' \fontsize {t)} Sl'W:~'KOH')
xlabel ( '\. font s Lae I 8}c.i scret e time, y~' )

subplot{B,2,10); plot{k,SN03KNO, 'k')
title( "sens t t tvt tv function SN03KNO')
ylabe1 ( '\ fontsi:::e i8) SN03KNOI )

xlabel (' vr ont st.ae Ls j drac re t.e t.tme , %')

subplot (8,2,11), plot (k, SN03KNH,'k' )
title (' sens t t.tvt ty function SNO.3KNHt )

ylabel (' \fontsi:::e (8) SN03nm I)

xlabel ( '\fontsize (8} discrete t.Lme , Y..' )

subplot {B,2, 12}; plot (k, SN03KOA,'k')
title ('Sensit.ivity function S!J03K0j\')
ylabel (' Vf ont.s Lc e [8 j SN03KQ}.l..')
xlabel ( '\fontsi:::e (8) dd s c i-et.e time r k f )

subplot(8,2,13); plot(k,SN03etag, 'k')
title (' Sensitivity function SlW3E:tag')

ylabel {'Yf-on't size {H}SNO:3et.aq· )
xlabel ( I 'vforrt s.ize {8}discrete t Lme , Y.:' )

subplot (B, 2,14); plot (k, SN03etah, 'k' )
title (' Sensitivity funct Lcn SN03et:ah f)
ylabel ( 1 \fontsize{ (i} SN03etah' )
xlabel ( '\fontsize {8} dj sc re r.e time,}';')

subplot(B,2,15), plot(k,SN03Kh, 'k')
title (' Sensitiv:l ty runct i on SN03K.h ')
ylabel (' \fontsize t8) SN03Kh' )
xlabel ('\:t'ontsi.ze{8}dJ.5cret.e tLrne , t')

subplot{B,2,16); plot (k,SN03Kx, 'Jc')
title (t sens i r..i.v tty f'uuc't i.on SN03Kx ')
ylabel ( I 'vfon r.s f.ae l 8) :;;N03Kx')
xlabel (' vr ont s.t ae t a j d.is c re t.e t Lme , }'~')

'sGr-aph s of t he s ens f.t.i.vity unc t tons t'o r the SS

'I.,Graphs of the sensitivity func t.Lons for the .sS in t.he t.enk
1
figure (7)
subplot{8,2,1) ;plot(k,SSl, 'k')

title (' Process variable SSl')
ylabel (' \fontsize (8) ~~~;J' )

xlabel I' 'vront s Lae t a j dtscr-e t e t.Lrne L')

subplot 18, 2, 2); plot Ik, SSlf, 'k')
t.Lt.Le j t sen si t.Lv Lt y t unct Lcn ~)Slf')
ylabel ( I Vfonr.s á ce {e,) SSlf')
xlabel ( '\fonts.i.ze {8} c.i sc ret.e t.Lme, k' )

subplot 18, 2, 3); plot Ik, SSlYH, 'k')
title( 'Ve r i.ab Le SS1.YH')
ylabel (' 'vr onr.s Lz eI ti} SSI YE' )
xlabel r ' \fontsiz€' t fj) discrete ti.rne , % f)

subplotI8,2,4); plotlk,SSlYA, 'k')
title ('V<iri.~1ble SSlYJ:,.')

ylabel ( "vronr.s i ce {8) SSlYA' )
xlabel ( "Vfont.s Lc e l ê j discrete t.Lroe , k ' )

subplot(8,2,S); plot(k,SSliXB, 'k')
title( 'Sensitivity function SSliXB')

ylabel (' \ Fon t.s f ne ie issr iXB' )
x Labe L ( 1 discrete t.áme , k I )

subplotI8,2,6); plotlk,SSlmuA, 'k')
ti 't Le ( I Sen.sá.ti.v i ty function SSlmuA')
ylabel (' \fm:it.si::e{8}~3SJ.r.nuA')
xlabel ('\fontsi::.e·{8ldiscrete t Lme , k ")

subplot(B,2,7); plot(k,SSlmuH,''!';:')
ti tle ( 'Sensi t.Lv i ty function SSLmulf ' )
ylabel (' \ t ont.s i zet 8 }SSlmuH ')
xlabel ( 'di SCI'eU: t in,e , J:' )

subplot(B,2,B); plot(k,SSlKS, 'k')
title (' sons t t Ivi t.y funcr.Lon SSlKS f)
ylabel ( '\ ront.e i co (8} SSlKS' )
x Labe L ('di.screte ti.we,}:')

subplot(B,2,9); plot(k,SSlKOH, 'k')
ti t.Le ( "Sen s I t i vd ty function SSlKOH')
ylabel (' \font.3.ize{8}SSlK(),H')
xlabel ( '\ ront.s ice {ti} d i.sc cet.e t.i.me r k ' )

subplot(B,2,IO); plot(k,SSlKNO, 'k')
ti tle ( "Se ns j. ti vi ty runct.Lon s.s1.KNO')
ylabel (' \ fc nt.s i zei 8}SSlKNO' )
xlabel {'\ tcnt.s Lc c {e} discrete U.me,,!.;:')

subplot{B,2,11); plot (k,SSlKNH, 'k')
title (' sens i t tvi r.y function ~;SlKNH')
ylabel ( '\f,mt size {8}SSlY.J~H')
xlabel {' \ ront.s Lc e {ti} discrete t.Lrncv k' )

subplot{B,2,12); plot{k,SSlKOA,lk')
title {'
ylabel ( I

xlabel ( '\, f cn t s iz e {8}dLs cz.et e time, k ' )

subpiot(B,2,13); plot (k,SSletag, "k t )

title (·~~em;itiv:i.t.y r unctLon ~;~;;letag')
ylabel ( I vrcrrts Lz e {8}SSletag' }
xlabel ('\fontsize{8}disc.rete time,k')

subplot (8,2,14); plot (k, SSletag, 'k I )

title(
ylabel ('
xlabel ( '\ font size {8}d.iscr e t.e time ..k ' )

subplotI8,2,15); plotlk,SSlKh, 'k')
ti tie ( "Sen s i.r.Lvi ty Eunc t ion SS11\1'.t )

ylabel ( 'Yrcrrt sLz e {8) SS l.Kh')
xlabel ( "Vf on t s i.z e {8}discr e tt- time, k 1 )
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subplot(B,2,16); plot(k,SSlKx, 'k')
ti t.Le ( I sene i ti vi Ly func t i.cn SSlK.;:')
ylabel ( '\ fon te i ze {8} SSlKz' )
xlabel ( '\ font s i zet e j dt ec r e te time. k ' )

ylabel ( '\fcmt size {8} E;S2Kx' )
xlabel ( '\font s i ze {8} discrete t.Ime , k ' )

1,Graphs of the sensitivity functions of the varible SS in
the tank :
figure(B)
subplot (8,2, I) ;plot (k, 552, 'k' )
title ('Process variable SS2')
ylabel('\fontsize{8}SS:'l
xlabel ( '\ font size {El) discrete t Ime r~')

figure (9)
subplot(B,2,1) ;plot(k,SS3, 'Y.:')
ti 'tLe ( 'Process ve r Lab Le SS3')
ylabel ( "v Eont.s Lce {e} SS3')
xlabel ('\font.si::e{8}discrete time k')

subpIot(8,2,2); plot(k,SS2f, 'k')
title('Sensitivity function 552f')
ylabel ( '\fontsi::e [EI) SS~f' )
xlabel ( '\ fontsize {8} dj.sc ret e time,}::')

sUbplot(8,2,2); plot(k,SS3f, 'k')
ti t.Le ( "Sen s Lti v i t.y function SS3f')
ylabel (' \fontsi zet 8} SS3f')
xlabel ( • \ font.si ce {ti} dLscce t e t.i.mej k ")

subplot(8,2,3); plot(k,SS2YH, '}::')
title L'Ve r Lab Le SS2YH')
ylabel (' \fontsi:.e {B) SS::::YH')
xlabel ( '\fontsiz.e {8) discrete time, Y.:.')

subplot(B,2,3); plot(k,SS3YH, 'k')
title ('Varia.b1e SS3YR')
ylabel ( '\ f on t s i ze {8} SS:1YH')
xlabel ( '\ t'on t.sd ce {ti} di.s c.r e t.e t.Lrnej k ")

subplot(8,2,4); plot(k,SS2YA, 'k')
title ('Variable SS2Ylt')
ylabel (' \fontsi::e (8) SS~YA' )
xlabel ('\fontsize(8}discrete ti.me, k ")

subplot{8,2(4); plot (k,SS3YA, 'k')
title r rve r i aor e SS3YA')
ylabel ('\fontsize{S}SS3YA')
xlabel ( , \ font.e i c e {B} discrete t.Imej k "}

subplotI8,2,5); plot (k,SS2iXB, '):')
t t t.Le t t sens t t ivá ty function SSli.XB')
ylabel (' vf ont.s Lce {8) SS:-2iZB ')
xlabel{'discrete time,k')

subplot{8,2,5); plot (k,SS3iXB, "k ")
ti t.Le { "Sen e i ti vi. t.y runct.t cn S83iXB'}
ylabel ('\fontsize{8}SS3iXB')
xlabel ( 'di scr-e t.e time, k' )

subplot (8,2,6); plot Ik, SS2muA, 'l:' )
title ('Sensitivity function SS2muA')
ylabel ( '\ rcncs i ce {8} SS2mu...Z\.' )
xlabel ( "vf ont.s i ce (8) discrete time, k I )

subplot (8,2,6); plot (k, SS3muA, 'k' )
t Lt j.e t vsen sLt LvLt y f unct.Lon SS3mull..')
ylabel ( "vrcnt s Lze {6} SS3mu]l. I )

xlabel ('\font_si:!.e{8}disc:rete t i.mes k ")

subplot(B,2,7); plot (k,SS2rnuH, 'k')
title ('Sensitivity funct.ion SS2muH')
ylabel {, \ t ont.s i ze {8} SS2muH' )
xlabel ('discrete time, k')

subplot (8, 2, 7); plot (k, SS3muH, 'k')
ti t.Le ( 'Sens i ti vi ty function SS3muH')
ylabel (' vront s Lze {i3} SS3muH')
xlabel ( "d.i s.c.ret e time Ik' )

subplot (8, 2, B); plot (k, 5S2KS, , k' )
title ( I sens tti vi ty- function SS2KS')
ylabel {'\ fontsize{ 8}SS2KS' )
xlabel ('di.screte time, r.')

subplot(8,2,8); plot(k,SS3KS, 'k')
t.Lt.Le t t Sen s i.t.Lv Lt y funct i.on SS3KS')
ylabel ( "vf'orrt s Lze {f3} E;S3KS')
xlabel (' discrete t.Lrne, k')

subplot(8,2,9}; plot(k,SS2KOH, 'k'}
title ('Sensitiv-ity function SS2KOH')
ylabel ( '\ fonts i ze {8}SS2KOH'}
xlabel (' \ ronr.e i cc {ti 1 c i sc rer.e time. k ' )

subplot{8,2,9); plot (k,SS3KOH, '}::'}
title (' Sene i 't i.v.it.y funct ..ion S:':~3KOH')
ylabel ( "vf on t s Lae {(i} SB3KOH')
xLabe L ( "vf orrts.i ze {8}discH;>,te time, k' )

subplot (8,2,10); plot (k, SS2KNO,'k' )
ti.tle (' Se nsit i.v.i ty function SS2KNO')
ylabel ( 1\ forrts i ze {8} SS2KNO')
xLabe I (' \ fontsize{ 8} discr.ete time, k' )

subplot(B,2,10); plot(k,SS3KNO,'k')
t i t Le t t Sens i.r.av i t .r function SS3KNO')
ylabel ( "vf o.nt.sLze i (~}S~;3KNO')
xlabel ( 'Ytcnt sLae {8}d.Iscre t.e ti,we,}:,')

subplot (8,2, Il); plot (k, SS2KNH, 'k.' )
title ( "seas t ti vLr.y function s,s21{NH')
ylabel ( 'I" fontsize {8} SS2KNH')
xlabel ( '" Eont.s i ce (lj j dt sc cet.e time, k ' )

subplot(B,2,11); plot (k,SS3KNH, 'Y..')
t i t Le t t sens.i ri.v Lt y f unc't i.on SS3KNE')
ylabel ( ! \ f cn t s Lze {B}~~~;3KNH' )
xlabel ( 'Yront sLz e t f3 }d.i..sc re t.e 't i.me, Y~')

subplot (B, 2, 12); plot (k, SS2KOA,'k')
title (' sens t t Lvt r.y function 8S2t<OA')
ylabel (' 'vfon t s i ze I8} SS2KOA')
xlabel('\fontsize{8}disc:rete time,k')

subplot (8, 2, 12); plot (k, SS3KOA, 'k!)

title( "ser.stt.t.v it v f unc t Lon SS3KO..;!\')
ylabel ( 1 \ fon t si.ae _{(j} ::;;:;3K01~')
xLabe L ( '\ font s.iz e {8} df.sc.re te 'tame , k ' )

subplot(8,2,13); plot(k,SS2etag, "k ")
ti t.Le t ' sens i t Lv Lt.y func t.fcn SS2eta.g')
ylabel ( '\fontsize i8} SS2et.ag-' )
xlabel (' \ fontsize {8 l d i s cr e t.e time, k' )

subplot (B, 2, 13); plot (k, SS3etag, 'k' )
title ( "sens i t.Lv i ty Lunet Lon S!33eta9')
ylabel (' 'vf onr.s i ae [8) SS3E'~tag' )
x Lebe L (' Vf'on t s Lze l S j d.i sc re t.e time, k')

subplot (B, 2, 14); plot (k, SS2etah, 'k 1 )

title( "se ns t t Lvf.t v function s sce te ri")

ylabel ( '\, fontsize {a} SS2et.':1h' )
xlabel ( '\ f on't s i ae {8} di.s c r e t e tdme , k ' )

subplot(B,2,14); plot(k,SS3etah, 'k')
title (' sens ir.i v tt y function s sSer.e h ")
ylabel ( "vront.s t ce 18) s saet an ')
xlabel (' vf'orrt s Lae Lêl dds cre t e ti.me , k')

subplot(8,2,15); plot(k,SS2Kh, 'k')
ti t Le ( "se ns i ti vi ty function S'S:::l\h I )

ylabel ( '\fonts.i.z.e (8) SS2Kh')
xlabel (I \'fontsize{ 8 Id.i s c r e t e time, k")

subplot(B,2,15); plot{k,5S3Kh, 'kl)

title ( t'unc t Lon SS3Kh')
ylabel (' ti} SS3Kh' )
xlabel ('\.font.s.i.ze{8}d.i.screte time, k')

subplot(8,2,16); plot(k,SS2Kx, 'k')
title (' s ens i t t vt t y function SS:Kx')

subplot (8,2,16); plot (k, SS3Kx, ' k ' )
title( "Serrs f.ti.vit.v function SS3Kz')
ylabel (' 'vf on t.s Lce (e) ::';S3Kx'}
xlabel ( • \ fcn t.s Lce {8}discrete time ,k' )

2,Subprogram
~~SlJBPROGRF'}'1rateAASt-fl_m
AU1:The program function ri:1teI~.;·:5Hl.:mce Lcu La t e s t.he pz oceas r-et.e s , de ri.ve t ive s of t.he proces rates t.ower ds t.he model. pe i-emet.e re
and va ri ab Le s and fo rms the s ens ft.iv i t y model natr i.ce s ne,:eSSE!1"·:/f or s.imulat Lon {Jf t hep roce s s va r Lab.l.es and t.he sens it ivl t.y
func r.Lona for the Ar.hLone process be s ed on the re duce d ASNl biological mo..de L.
~.The program uses global de fLnLt.i on of the model përarne t.e r s

function (ROASM1,AS,BS,CS,DS]=rateAASM1(Xk,Uk,XBHk,XBAk,XSk,DT,All,A12,A2l,A22,A23,A32,A33,Bl,Cn)
aca.l cu.ï at acn of the p rocess rates at every moment of t he r ime

global Ks KOHKNOKNHKOAKx muH etag muê Kh etah iXB YH YA
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êCa LcuLe t.d on of t.ne proce s s r e t.e s for every t.ank
ROASMl (11 ~muH' (Xk (311 (Ks+Xk (3111' (Uk (111 (KOH+Uk (1111 'XBIlk (11;
ROASMl (21 =muft" (Xk (311 (Ks+Xk (3111' (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (2111 *etag'XBHk (11;
ROASMl (31"'IlluA' (Xk (111 (KNH+Xk (1111' (Uk (111 (KOA+Uk (1111 'XBAk( 11;
xl~XSk(lI/XBHk(ll ;
ROASMl (41 ~Kh'XBHk (11' (xli (Kx+xlll' ( (Uk (111 (KOH+Uk (1111 +e t ah " (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (21111 ;

ROASMl (51 '9llUH' (Xk (611 (Ks+Xk (6111 * (Uk (211 (KOH+Uk (2111'XBHk(21;
ROASMl (61 ~muH' (Xk (611 (Ks+Xk (6111' (KOHl (KOH+Uk (2111' (Xk (511 (KNO+Xk (5111 'etag*XBHk (21,
ROASMl (71~muA* (Xk(411 (KNH+Xk (4111' (Uk (211 (KOA+Uk (2111 *XBAk(21;
xl~XSk(21/XBHk(21;
ROASMl (BI ~Kh'XBHk (21' (xli (Kx+xlll' ( (Uk (211 (KOH+Uk (2111 +etah' (KOHl (KOH+Uk (2111' (Xk (511 (KNO+Xk (51111 ;

ROASMl (91 "'IlluH' (Xk (911 (Ks+Xk (9111' (Uk (311 (KOH+Uk (3111'XBHk (31 ;
ROASMl (101 =muH' (Xk (911 (Ks+Xk (9111 * (KOHl (KOH+Uk (3111' (Xk (Bil (KNO+Xk (BIII'etag'XBHk (31 ;
ROASMl (lll'9lluA' (Xk (711 (KNH+Xk (7111' (Uk (311 (KOA+Uk (3111 *XBAk (31;
xl=XSk (31/XBHk (31;
ROASMl (121 =Kh*XBHk (31' (xli (Kx+xlll' ( (Uk (311 (KOH+Uk (3111 +e t ah" (KOHl (KOH+Uk (3111' (Xk (Bil (KNO+Xk (BIlii;
ROASM1=[ROASM1(11 ROASM1(21 ROASM1(31 ROASM1(41 ROASM1(51 ROASM1(61 ROASM1(71 ROASM1(81 ROASM1(91 ROASM1(101 ROASM1(111
ROASMl (121]';

:.-Calculation fol." the s ens t t i v.i t.y Analysis
'. CeLcue Le t.Lon of the de rava't i ve s of t.he process rates toward the process viiriables f or the Tank 1
rSNH1SNH1=- (iXB+l/YAI'muA*XBAk (II' (Uk (111 (KOA+Uk (1111' (KNHI (KNH+Xk (111 A21 ;
rSNHlSN01=-iXB'muH* (Xk (311 (Ks+xk (3111 * (KOHl (KOH+Uk (111 I 'XBHk (11 *etag* (KNOl (KNO+Xk (21 I A21 ,
rSNH1SS1=-iXB'muH'XBHk (li' (Uk (111 (KOH+Uk (1111' (Ksl (Ks+Xk (311 A21 ;
rSN01SNH1~ (l/YAI 'muA*XBAk (11' (Uk (111 (KOA+Uk (1111 * (KNHI (KNH+Xk (111 A21 ;
rSN01SN01=- ( (1-YHI/2. 86*YHI 'XBHk (11 *muH*etag' (Xk (311 (Ks+Xk (3111' (KOHl (KOH+Uk (1111 * (KNOl (KNO+Xk (211 A21 ;
rSN01SS1=- ( (1-YHI/2. 86*YHI 'XBHk (11 'muH*etag* (KOHl (KOH+Uk (11 I I' (Xk (211 (KNO+Xk (21 II' (Ksl (Ks+Xk (31 I A21 ; rSS1SNH1=0;
rSS1SN01~-
(l/YHI 'muH* (Xk (311 (Ks+Xk (3111 'Kh'etah* ( (XSk (lI/XBHk (1111 (Kx+ (XSk (lI/XBHk (11111 'XBHk (11 * (KOHl (KOH+Uk (1111' (KNOl (KNO+Xk (211 A21 ;
rSS1SS1=- (l/YHI 'muH'XBHk (11' ( (Uk (111 (KOH+Uk (1111 + (Xk (211 (KNO+Xk (2111' (KOHl (KOH+Uk (lilli' (Ksl (Ks+Xk (3111 ;
!( Calculation of t.he derivatives (Jf the process rates toward the process variables for the 'rank 2
rSNH2SNH2=- (iXB+1/YAI *muA'XBAk (21' (Uk (211 (KOA+Uk (2111' (KNHI (KNH+Xk (411 A21 ;
rSNH2SN02~-ixB'muH* (Xk (611 (Ks+Xk (61 I I * (KOHl (KOH+Uk (211 I *XBHk (21 "e t aq " (KNOl (KNO+Xk (51 I A21 ;
rSNH2SS2=-iXB*muH*XBHk (21 ' (Uk (211 (KOH+Uk (211 I' (Ksl (Ks+Xk (61 I A21 ;
rSN02SNH2= (l/YAI *muA'XBAk (21' (Uk (211 (KOA+Uk (21 I I' (KNHI (KNH+Xk (41 I A21 ;
rSN02SN02=- ( (1-YHI/2. 86*YHI *XBHk (21 *muH'etag' (Xk (611 (Ks+Xk (6111' (KOHl (KOH+Uk (21 II * (KNOl (KNO+Xk (511 A21 ;
rSN02SS2=- ((1-YHI/2. B6'YHI *XBHk (21 *muH'etag' (KOHl (KOH+Uk (2111' (Xk (511 (KNO+Xk (5111 * (Ksl (Ks+Xk (611 A21 ;rSS2SNH2=O;
rSS2SN02=-
(l/YHI *muH* (Xk (611 (Ks+Xk (6111 =Kh=e t ah= ( (XSk (21/XBHk (2111 (Kx+ (XSk (21/XBHk (21111 *XBHk (21 * (KOHl (KOH+Uk (2111' (KNOl (KNo+xk (511 A21 ;
rSS2SS2=- (l/YHI'muH'XBHk (21' ( (Uk (211 (KOH+Uk (2111 + (Xk (511 (KNO+Xk (5111 * (KOHl (KOH+Uk (21111' (Ksl (Ks+Xk (6111 ;
'i' Ce Leu.Lat.Lon of the de rLvë.t Lve s of the process r e.t es t.owe r d the p roces s vartabj.es for the Tank ::>
rSNH3SNH3=- (iXB+1/YAI 'muA*XBAk (31 * (Uk (311 (KOA+Uk (3111 * (KNHI (KNH+Xk (711 A21 ;
rSNH3SN03=-iXB'muH' (Xk (911 (Ks+Xk (911 I' (KOHl (KOH+Uk (31 I I 'XBHk (31 'etag' (KNOl (KNO+Xk (BI I A21 ;
rSNH3SS3=-iXB'muH'XBHk (31' (Uk (311 (KOH+Uk (31 I I' (Ksl (Ks+Xk (91 I A21 ;
rSN03SNH3= (l/YAI 'muA*XBAk (31' (Uk (311 (KOA+Uk (3111' (KNHI (KNH+Xk (711 A21 ;
rSN03SN03=- ( (1-YHI/2. 86*YHI 'XBHk (31'muH'etag* (Xk (911 (Ks+Xk (9111' (KOHl (KOH+Uk (3111' (KNOl (KNO+Xk (Bil A21 ;
rSN03SS3=- ( (1-YHI/2. 8 6'YHI 'XBHk (31 *muH*etag' (KOHl (KOH+Uk (31 II' (Xk (811 (KNO+xk (81 I I' (Ksl (Ks+Xk (91 I A21 ; rSS3SNH3=O;
rSS3SN03=-
(l/YHI *muH* (Xk (911 (Ks+Xk (9111 'Kh'etah' ( (XSk (31/XBHk (31 II (Kx+ (XSk (31/XBHk (31111 'XBHk (31 * (KOHl (KOH+Uk (3111' (KNOl (KNO+Xk (Bil A21 ;
rSS3SS3=- (l/YHI 'muH'XBHk (31 * ( (Uk (311 (KOH+Uk (3111 + (Xk (811 (KNO+Xk (Bill' (KOHl (KOH+Uk (31111' (Ksl (Ks+Xk (9111 ;

'.I- Cé Lcu La t Lon of the de ri.ve t i ves of the proce s e r e.t e s t owe rc the pncce s s parameter YH for t.he tank J
rSNHlf=Q. 0; rSNOlf=Q. 0; -ss i e-o , 0; rSNHl YH=Q;
rSNOlYH=-muH'etag'xBHk (11' (Xk (311 (Ks+Xk (3111' (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (2111 * (1/2. 86*YW21 ;
rSSl YH~ (1/YW21 *muH'XBHk (11' (Xk (311 (Ks+Xk (31 I I' ( (Uk (111 (KOH+Uk (11 II + (Xk (211 (KNO+Xk (211 I' (KOHl (KOH+Uk (11 I II ;
'i. Ce.LcuLat ion of the de r i ve tLve s of the p r-oce as r-e.t.e a t.ower d the pz oces s variables fo r: YA for the tank 1.
rSNH1YA= (1/YAA21 'muA* (Uk (111 (KOA+Uk (1111' (Xk (111 (KNH+Xk (1111 'XBAk (11;
rSN01YA=- (1/YAA21 'muA' (Uk (111 (KOA+Uk (1111 * (Xk (111 (KNH+Xk (1111 *XBAk (11; rSSl YA~O;
lt. CeLcu Let Lon of t.he der Lva t.i ve s of the proce s s r-ates 't owa r d t he process pe reme t.e r iX.:a for t.be t.ank 1
rSNHliXB=-muH'XBHk (11' (Xk (311 (Ks+Xk (3111' ( (Uk (111 (KOH+Uk (1111 + (Xk (211 (KNO+xk (2111' (KOHl (KOH+Uk (1111 'etagl-
muA* (Uk (111 (KOA+Uk (1111' (Xk (111 (KNH+Xk (1111 'XBAk (11; rSNOliXB=O; rSSliXB=O;
~ ce i cuï.e t.t o» of t.he de r Ive.t Lvcn of the process r at.es t.ower d t.he pxoce e s parameter. mnA Fo r the t.ank 1
rSNHlmuA~- (iXB+1/YAI' (Uk (111 (KOA+Uk (1111' (xk (111 (KNH+Xk (1111 'XBAk (11 ;
rSNOlmuA= (l/YAI * (Uk (111 (KOA+Uk (1111' (Xk (111 (KNH+Xk (1111 'XBAk (1) ; rSSlmuA=O;
:1 Calculation of the derivatives of t.he process r at.es toward t.be p roces s pe.r-amet.er muH for. t.he t ank 1
rSNHlmuH=-iXB*XBHk (11 * (Xk (311 (Ks+Xk (3111 * ( (Uk (111 (KOH+Uk (1111 +e t aq e (Xk (211 (KNO+Xk (2111 * (KOHl (KOH+Uk (11111 ;
rSNOlmuH=- ( (1-YHI/2. 86'YHI'XBHk (11' (Xk (311 (Ks+Xk (3111' (KOHl (KOH+Uk (1111' (Xk (211 (KNO+Xk (21 II ;
rSSlmuH=- (l/YHI 'XBHk (11 * (Xk (311 (Ks+Xk (3111 * ( (Uk (111 (KOH+Uk (1111 + (xk (211 (KNO+Xk (2111 * (KOHl (KOH+Uk (11 III ;
't, CeLcu I e t.Lon of the derivatives of the process r-at.e s toward t.be pr-oce s s per ernet e r K~;;for the tan}: 1
rSNH1KS=ixB'muH*XBHk (11 * (Xk (311 (Ks+Xk (311 A21 ' ( (Uk (111 (KOH+Uk (111) +etag* (Xk (211 (KNO+Xk (2111' (KOHl (KOH+Uk (11111 ;
rSN01KS= ( (1-YHI/2. B6*YHI *XBHk (11 'muH* (Xk (311 (Ks+Xk (3111 * (KOHl (KOH+Uk (1111 * (Xk (211 (KNO+Xk (2111 'etag;
rSSlKS= (l/YHI 'muH'XBHk (11 * (Xk (311 (Ks+Xk (31 I A21 * ( (Uk (111 (KOH+Uk (11 II + (Xk (211 (KNO+Xk (21 I I * (KOHl (KOH+Uk (11 I I I ;
\c Cé Lcu La t.Lon of the de r Lva't i ve s (Jf the p r oces s rates t.cwa rd the process pa ramet.e r KOB for the 't ank
rSNH1KOH=iXB*muH'XBHk (11 * (Xk (311 (Ks+Xk (3111' (Uk (111 (KOH+Uk (111 A21 • (l-etag* (Xk (211 (KNO+Xk (21111 ;
rSN01KOH=- ( (l-YHI/2. 86'YHI'XBHk (1) 'muH* (Xk (311 (Ks+Xk (3111 * (Uk (111 (KOH+Uk (111 A21 ' (Xk (211 (KNO+Xk (2111 ;
rSS1KOH= (l/YHI *muH*XBHk (11 * (Xk (311 (Ks+Xk (311 I' (Uk (111 (KOH+Uk (111 A21' (1-
(Xk (211 (KNO+Xk (21111 +Kh'XBHk (11' ((XSk(lI/XBHk (1111 {Kx+ (XSk (lI/XBHk (11111 * (Uk (111 (KOH+Uk (111 A21 * (-l+etah' (Xk (211 (KNO+Xk (21111;
~. Cë Lcu Lat.Lor. of the de ri.vë.t Lves of the p roce s s r at.e s toward t.he parameter T<NOfor the tan}: J
rSNHIKNO=iXB*muH'XBHk (11 'etag* (Xk (311 (Ks+Xk (3111 * (Xk (211 (KNO+Xk I A21 ' (KOHl (KOH+Uk (11 I I ;
rSN01KNO= ( (1-YHI/2. 86*YHI'muH'XBHk (11 *etag* (Xk (311 (Ks+Xk (3111' (Xk (211 (KNO+Xk (211 A21' (KOHl (KOH+Uk (11 II ;
rSS1KNO= (l/YHI 'muH'XBHk (11' (Xk (311 (Ks+Xk (3111 * (Xk (211 (KNO+xk (211 A21' (KOHl (KOH+Uk (1111-
Kh*XBHk (11 "e t ah " ( (XSk (lI/XBHk (1111 (Kx+ (XSk (1) IXBHk (11111' (Xk (211 (KNO+Xk (211 A21' (KOHl (KOH+Uk (1111 ;
1; CaLcu La't i on of the de r i.va.t Lve a of the process rates t.owe r d the pr ocee s parameter ENE for the tank J.
rSNH1KNH= (iXB+1/YAI *muA* (Uk (111 (KOA+Uk (1111 * (Xk (111 (KNH+Xk (1111 *XBAk (11 ;
rSNOIKNH=- (l/YAI *muA* (Uk (111 (KOA+Uk (1111' (Xk (111 (KNH+Xk (111 I 'XBAk (11; rSS1KNH=O;
~ CaLcu Le t Lcn of the de r j.vat.i ves of the process rates toward the process pe r eme r.e r KOh f o r the t enk
rSNH1KOA= (iXB+1/YAI 'muA' (Uk (111 (KOA+Uk (111 A21 * (Xk (111 (KNH+Xk (1111 'XBAk (11 ;
rSN01KOA=- (l/YAI 'muA' (Uk (111 (KOA+Uk (111 A21' (Xk (111 (KNH+Xk (1111 'XBAk (11; rSS1KOA=O;
; Cé Lcu.La t.Lcn of the de r ivë.t Lvea of the process r e t e s t.owa r d the p rccee s e t.e q for t he t.atik I
rSNHletag=-iXB'muH* (Xk (311 (Ks+Xk (3111' (Xk (211 (KNO+Xk (2111' (KOHl (KOH+Uk (11 I *XBHk (11 ;
rSNOletag~-( (1-YHI/2.86'YHI*muH* (Xk(311 (Ks+Xk(3111'(Xk(21/(KNO+Xk(2111' (KOHl (KOH+Uk(llll*XBHk(ll ;rSSletag=O;
~ CaLcu.Let Lcn of the de r i ve t Lve s of the pr-oce s s r c t e s t.cwe r d the process parameter e t ah for t.he tank 1
rSNHletah=O; rSNOletah=O;
rSSletah=Kh' ( (XSk (lI/XBHk (1111 (Kx+ (xSk (ll/xBHk (11111' (Uk (111 (KOH+Uk (1111' (Xk (211 (KNO+Xk (2111 * (KOHl (KOH+Uk (1111 'XBHk (11 ;
rt: CeLcuLer.t cn of the de r dva't Lve s (;f the process .r e t e s t.ower-d t.he pr-oc e s s pe reme te r Kh f or- the tank 1
rSNH1Kh=O; rSN01Kh~O;
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rSS1Kh~ ((XSk (1) IXBHk(l)) I (Kx+ (XSk(lI/XBHk (11) II' ((Uk (111 (KOH+Uk(1) II +etah' (Xk (211 (KNO+Xk(2)) I' (KOHl (KOH+Uk(ll) II 'XBHk (11;
'" Cë.Lcu La t i or, of the dez-i.v a't i ve s of the process r-aces t.owa r d the process pararaeter K:{ for t.he tank 1
rSNHIKx=O; rSNQIKx=Q;
rSS1Kx~-Kh' ( (Uk (1) I (KOH+Uk(11 I) +etah' (Xk (211 (KNO+Xk(2) ) i- (KOHl (KOH+Uk(1) ) II 'XBHk (11' ( (XSk (lI/XBHk (1) II (Kx+ (XSk (lI/XBHk (11111 ;

'1.. Calculation of the de r ive tLve e of the process r-e.t.es t.owe r d the pxoc e e s parameter f for t.he t e nk ::
rSNH2f=O. 0; rSN02f~O. 0; rSS2f~O. 0;
(~Calculation of th€' derivatives of the process rates toward the process parameter: 'lH .ïor t.h..=: tan): ~
rSNH2YH~O;rSN02YH~-muH'etag'XBHk (21' (Xk (611 (Ks+Xk (6111' (KOHl (KOH+Uk(2111' (Xk (51/ (KNO+Xk(51) I' (1/2. B6'YW21 ;
rSS2YH- (1/YHA21 'muH*XBHk (2)' (Xk (611 (Ks+Xk (6111' ( (Uk (211 (KOH+Uk(2111 + (Xk (5) I (KNO+Xk(5111' (KOHl (KOH+Uk(21111 ;
1,;CeLcuLa t i on of the de r i.ve t Lve s of the pr oce s s r-e.t.es t cwer d the process parameter Y~ll,.for the tank 2
rSNH2YA~(1/YAA21'muA'(Uk(2)/(KOA+Uk(2111'(Xk(41/(KNH+Xk(4)1 I'XBAk(21;
rSN02YA-- (1/YAA21 'muA' (Uk (2) I (KOA+Uk(2) I )' (Xk (411 (KNH+Xk(411) 'XBAk (21 ; rSS2YA~O;
'.; Ca Lcu Le t.Lcu of t.he de r Lva t i ve s of the process rates toward the process pe.r eme t.e r iXB for the t.e nk ::
rSNH2iXB~-muH'XBHk (21' (Xk (611 (Ks+Xk (6111' ( (Uk (211 (KOH+Uk(211) + (Xk (5) I (KNO+Xk(5111' (KOHl (KOH+Uk(211) 'etagl-
muA' (Uk (211 (KOA+Uk(211)' (Xk (411 (KNH+Xk(41) I 'XBAk (21 ; rSN02iXB~O; rSS2iXB~O;
~. Ce Lcu La t.Lcn of the der rve t i ves at the proce s s ce tes t.owe r d t.he process perame't e r muê, for the t.ank 2
rSNH2muA~- (iXB+1/YAI' (Uk (211 (KOA+Uk(2111' (Xk (411 (KNH+Xk(4111 'XBAk (21 ;
rSN02muA~ (11YA)' (Uk (211 (KOA+Uk(2111' (Xk (411 (KNH+Xk(4111 'XBAk (21 ; rSS2muA~O;
~ Calculation of tbe de r f.ve t.i ves of t.he prcce s s rates t ove rd the process pe.r-ame t.er mull ter the tank ::
rSNH2muH~-iXB'XBHk(21' (Xk(6) I (Ks+Xk(61) 1*( (Uk(211 (KOH+Uk(2111+etag' (Xk(511 (KNO+Xk(5111' (KOHl (KOH+Uk(21111;
rSN02muH~- ( (1-YHI/2. 86'YHI 'XBHk (21' (Xk (611 (Ks+Xk (611)' (KOHl (KOH+Uk(21) I' (Xk (511 (KNO+Xk(5111 ;
rSS2muH~- (l/YHI 'XBHk (21' (Xk (611 (Ks+Xk (6111' ( (Uk (211 (KOH+Uk(2111 + (Xk (511 (KNO+Xk(511)' (KOHl (KOH+Uk(21 II;
~~Calculation cf the derivatives of t.he p.roce s s rates toward the process pa r emet e r KS -i cs: t.he
rSNH2KS~iXB'muH'XBHk (21 * (Xk (611 (Ks+Xk (611 A21' ( (Uk (2) I (KOH+Uk(2111 +etag* (Xk (511 (KNO+Xk(51) I' (KOHl (KOH+Uk(211) I ;
rSN02KS~ ( (1-YHI/2. B6'YHI 'XBHk (21 'mu!!* (Xk (611 (Ks+Xk (611) , (KOHl (KOH+Uk(2) II' (Xk (511 (KNO+Xk(5111 'etag;
rSS2KS~ (l/YHI 'muH'XBHk (21 ' (Xk (6) 1 (Ks+Xk (61 I A21' ( (Uk (211 (KOH+Uk(2111 + (Xk (511 (KNO+Xk(51 ) I' (KOHl (KOH+Uk(21 I II ;* Calculation of the de ri.ve.t Lve s (Jf the process r e.t.e s tove r.c t.he pxoce s s pa rame t e r T:\DH.for the t.a nk
rSNH2KOH~iXB'muH*XBHk (21' (Xk (611 (Ks+Xk (6111' (Uk (211 (KOH+Uk(211 A21* (l-etag' (Xk (511 (KNO+Xk(51111 ;
rSN02KOH~-( (1-YH)/2.B6'YHI'XBHk(21 *muH* (Xk(61/(Ks+Xk(6) 11* (Uk(21/(KOH+Uk(21IA21' (Xk(511 (KNO+Xk(51) I;
rSS2KOH~(l/YHI 'muH'XBHk (21' (Xk (6) 1 (Ks+Xk (6111' (Uk (211 (KOH+Uk(211 A21' (1-
(Xk (511 (KNO+Xk(51 I I I +Kh*XBHk (21' ( (XSk (21/XBHk (21 II (Kx+ (XSk (21/XBHk (21 II I * (Uk (21/ (KOH+Uk(21 I A21' (-l+etah' (Xk (5) I (KNO+Xk(51 ) ) I ;
l Calculation of the ce rtvat t.ves of the process r e tes t ower c the pzoce s s paremet e r I~NOtOI· the t.ank 2
rSNH2KNO~iXB*muH*XBHk(21 veteq- (Xk (611 (Ks+Xk (611)' (Xk (511 (KNO+Xk(511 A2)' (KOHl (KOH+Uk(2111 ;
rSN02KNO~( (1-YHI/2.B6'YHI'muH'XBHk(21'etag' (Xk(61/(Ks+Xk(6111' (Xk(511 (KNO+Xk(51IA21* (KOHl (KOH+Uk(2111;
rSS2KNO~(l/YHI 'muH'XBHk (21' (Xk (611 (Ks+Xk (611)' (Xk (5) I (KNO+Xk(5) I A21' (KOHl (KOH+Uk(21) 1-
Kh'XBHk(21 eet ah e ((XSk (21/XBHk (2111 (Kx+ (XSk (21/XBHk (211) 1* (Xk (5) I (KNO+Xk(511 A21* (KOHl (KOH+Uk(2111;
1; Calculation of the de r i ve t.Lve e of the process r-e te e t.owa xd the process pe.r-eme t.e r KNH for the t.ank 2.
rSNH2KNH~(iXB+l/YAI 'muA' (Uk (211 (KOA+Uk(21) I' (Xk (411 (KNH+Xk(4111 'XBAk (21 ;
rSN02KNH~- (l/YAI 'muA* (Uk (211 (KOA+Uk(2111' (Xk (4) 1 (KNH+Xk(411 I 'XBAk (21 ; rSS2KNH~O;
l,) Calculation of the der Lva't ive s of the process rates t.owa r-d the process pe r emet.e r KO)', for: t.he t.e nk ::
rSNH2KOA~(iXB+1/YAI 'muA' (Uk (211 (KOA+Uk(211 A21' (Xk (411 (KNH+Xk(4111 'XBAk (2);
rSN02KOA~- (l/YAI 'muA' (Uk (211 (KOA+Uk(211 A2)' (Xk (411 (KNH+Xk(411) 'XBAk (21 ; rSS2KOA~O;
•. Cë.Lcu La t Lon of the de ri.vë t i ve s of the p r oce s s cet es tower d t.he proces s parameter e t e q fc r Uie t.ank 2
rSNH2etag~-iXB*muH' (Xk (611 (Ks+Xk (6111' (Xk (5) I (KNO+Xk(511)' (KOHl (KOH+Uk(2111 *XBHk (21 ;
rSN02etag~- ( (1-YHI/2. B6*YHI 'muH* (Xk (611 (Ks+Xk (6111* (Xk (511 (KNO+Xk(5111* (KOHl (KOH+Uk(2) II 'XBHk (21 ; rSS2etag~O;
% CeLcu l a'tLon of the de ri vat.i 'les of t.he process rer.es t ocard t he p roce s s par amet.e r e t.ah for t.he tank :::
rSNH2etah=O; rSN02etah=O;
rSS2etah~Kh* ( (XSk (21/XBHk (2111 (Kx+ (XSk (21/XBHk (2111)' (Uk (2) I (KOH+Uk(2) I )' (Xk (511 (KNO+Xk(511) , (KOHl (KOH+Uk(211 I *XBHk (21 ;
\: Ce Lcu La t.Lon of th€- de r i.ve t Lve s of the process rates t.cwa r d t he process pa r ame te r Kh for t.he tan]: :::
rSNH2Kh=Q; rSN02Kh=O;
rSS2Kh~ ( (XSk (21/XBHk (2) II (Kx+ (XSk (2) IXBHk (21111' ( (Uk (211 (KOH+Uk(211) +etah* (Xk (5) I (KNO+Xk(5111' (KOHl (KOH+Uk(2111) 'XBHk (21 ;
% Calculation of the de r i.va t.Lvee of the process r a t.e s toward the P1:0C(":SS parameter Kx for the t.an k 2
rSNH2Kx=O; rSN02Kx=Q;
rSS2Kx~-Kh' ( (Uk (211 (KOH+Uk(2111 +etah " (Xk (5) I (KNO+Xk(5111' (KOHl (KOH+Uk(21111 'XBHk (21' ( (XSk (21/XBHk (2111 (Kx+ (XSk (21/XBHk (21111 ;

'x CeLcu LetLon of the derivatives of the precess rates t.owar-d t.he process pe ..r emer.e r- YH far the tan}: 3
rSNH3f~O. 0; rSN03f~O. 0; rSS3f~O. 0; rSNH3YH~O;
rSN03YH=-muH*etag*XBHk (3) * (Xk (9) I (Ks+Xk (9) ) ) * (KOHl (KOH+Uk (3) ) ) * (Xk (8) I (KNO+Xk (8) } ) * (1/2 _86*YH"'2) ;
rSS3YH~ (1/YH'2) 'muH'XBHk (31' (Xk (911 (Ks+Xk (9111' ((Uk (311 (KOH+Uk(3111 + (Xk (B) I (KNO+Xk(B) II' (KOHl (KOH+Uk(3111);
rt: Calculation of the derivatives of the p r oce s s rates t.owar-d t.he process pe r emet.e r fA fc r t.he Lank 3
rSNH3YA~(1/YAA21 'muA' (Uk (3) I (KOA+Uk(3) ) )' (Xk (711 (KNH+Xk(7111 *XBAk (31 ;
rSN03YA~- (1/YAA21 'muA' (Uk (311 (KOA+Uk(3) II' (Xk (711 (KNH+Xk(711) 'XBAk (31 ; rSS3YA~O;
'1, Calculation of the deri ve t Lvea of t.be process rates tcwer c the process pe r amet.e r iXB for the tank 3
rSNH3iXB~-muH'XBHk(31' (Xk (911 (Ks+Xk (9111' ((Uk(3) I (KOH+Uk(3111 + (Xk(BII (KNO+Xk(BIII * (KOHl (KOH+Uk(31) I 'etagl-
muA' (Uk(311 (KOA+Uk(31)) * (Xk (711 (KNH+Xk(7111 'XBAk (31;
rSN03iXB=O; rSS3iXB=O;
~i ce ï.c.ne t.ton of t.he crerrve c t ves of the oroce.s s r at.e s t.cwar-d t he prcce ss pe ..rern..ar.er; rnuê fer t.he 't e nk 3
rSNH3muA~- (iXB+1/YAI * (Uk (3) 1 (KOA+Uk(3111' (Xk (711 (KNH+Xk(7111 'XBAk (31 ;
rSN03muA~ (l/YAI' (Uk (311 (KOA+Uk(3111' (Xk (711 (KNH+Xk(7111 'XBAk (31 ; rSS3muA~O;
'~, Cë.LcuLa t i on of t.he de ri ve t i.ves (If: the pr-ocess rates r owe ro the pxoce s s muf for: the t.ank 3
rSNH3muH~-iXB'XBHk (31' (Xk (911 (Ks+Xk (9111' ( (Uk (311 (KOHtUk (31 II +etag' (Xk (BI (KNO+Xk(Bill' (KOHl (KOH+Uk(31111 ;
rSN03muH~- ( (1-YHI/2. B6*YH) 'XBHk (3) • (Xk (911 (Ks+Xk (9111' (KOHl (KOH+Uk(31) I' (Xk (Bil (KNO+Xk(Bill;
rSS3muH~- (l/YHI 'XBHk(31' (Xk(911 (Ks+Xk(9111' ((Uk(311 (KOH+Uk(3111+ (Xk(BII (KNO+Xk(BIII' (KOHl (KOH+Uk(31111;
'1; Ce.LcuLa t.Lon of the de ri.ve t I ves of the p r oce sa i-e.t e s t.ower d t.he pr oces s pe r-emet.er KS for the tank :3
rSNH3KS~iXB'muH'XBHk (31' (Xk (911 (Ks+Xk (911 A21' ( (Uk (311 (KOH+Uk(3) II +etag* (Xk (Bil (KNO+Xk(Bil I' (KOHl (KOH+Uk(311) I ;
rSN03KS~ ( (1-YHI/2. B6*YHI*XBHk (31 emuH" (Xk (911 (Ks+Xk (9111' (KOHl (KOH+Uk(3) II' (Xk (8) I (KNO+Xk(Bill *etag;
rSS3KS~ (l/YHI 'muWXBHk (31' (Xk (9) I (Ks+Xk (9) I A2)' ( (Uk (311 (KOH+Uk(31 I 1+ (Xk (Bil (KNO+Xk(BI I I' (KOHl (KOH+Uk(31 I I I ;
;:~ Ca Lcu Let i cn of t.he der i va t.Lve s of t.he proce ss rat.ea t.oward t he proce ss pe.r-amct.e r KOR for t.he tank
rSNH3KOH~iXB'muH'XBHk (31 * (Xk (911 (Ks+Xk (91) I' (Uk (311 (KOH+Uk(31) A21' (l-etag' (Xk (Bil IKNO+Xk(BIlii;
rSN03KOH~- ( (1-YHI/2. B6'YHI 'XBHk (3) 'muW (Xk (9) I (Ks+Xk (9111' (Uk (311 (KOH+Uk(311 A2) * (Xk (Bil (KNO+Xk(Bil) ;
rSS3KOH~(l/YHI*muH'XBHk (3)' (Xk (911 (Ks+Xk (9) II' (Uk (311 (KOH+Uk(311 A21' (1-
(Xk (Bil (KNO+Xk(BIIII +Kh'XBHk (3) * ((XSk (3) IXBHk (31) I (Kx+ (XSk (31/XBHk (3) I) I' (Uk (311 (KOH+Uk(311A2)' (-l+etah* (Xk (Bil (KNO+Xk(Bill) ;
~ Calculation of the de r i ve t.Lve s of the p rcoe s s rates toward the p roces s pë rame t.er KNO f or t.he t ank 3
rSNH3KNO-iXB'muH*XBHk (3) 'etag' (Xk (911 (Ks+Xk (911 I ' (Xk (Bil (KNO+Xk(811 A21' (KOHl (KOH+Uk(311 I ;
rSN03KNO~( (1-YHI/2. B6'YHI 'muH'XBHk (31 "e t aq " (Xk (911 (Ks+Xk (9) I ) • (Xk (B) I (KNO+Xk(BI I A21• (KOHl (KOH+Uk(31 I I ;
rSS3KNO~(l/YHI 'muH'XBHk (31' (Xk (911 (Ks+Xk (9111' (Xk (Bil (KNO+Xk(811 A21* (KOHl (KOH+Uk(3111-
Kh*XBHk (31 *etah' ( (XSk (3) IXBHk (3111 (Kx+ (XSk (3) IXBHk (3) I II' (Xk (Bil (KNO+Xk(B) ) A21' (KOHl (KOH+Uk(3111 ;
~ Ce Lcu l e t i.on of the de cf.ve t.tve s of the p roce s s rates 't oward the p rocess perame t.e r KNH tor t.he tank 3
rSNH3KNH~(iXB+1/YA) 'muA' (Uk (311 (KOA+Uk(3111' (Xk (711 (KNH+Xk(711) *XBAk (3) ;
rSN03KNH~- (11YA) 'muA' (Uk (3) I (KOA+Uk(311) * (Xk (711 (KNH+Xk(711) 'XBAk (31 ; rSS3KNH~O;
~. Ca Lcu La t.i on of the de r-Lve t i.ve s of the process re.t e s t.cwe r d t.ne pr'oce e s pa rame t e r KDA for the t.auk 3
rSNH3KOA~(iXB+1/YAI *muA' (Uk (311 (KOA+Uk(311 A21' (Xk (711 (KNH+Xk(7111 'XBAk (31 ;
rSN03KOA~- (l/YAI 'muA' (Uk (311 (KOA+Uk(311 A21' (Xk (711 (KNH+Xk(71) ) 'XBAk (31 ; rSS3KOA~O;
:~ Calculation of the de r i ve t.Lve s of the pa-oce s s r c t.es toward the pl::0CeSS pe r arnet.er etac ier t.he tank 3
rSNH3etag~-iXB'muH' (Xk (911 (Ks+Xk (9111' (Xk (Bil (KNO+Xk(BI) I * (KOHl (KOH+Uk(31) I 'XBHk (31 ;
rSN03etag~- ( (1-YHI/2. B6'YH) 'muH' (Xk (911 (Ks+Xk (9111' (Xk (B) I (KNO+Xk(Bill' (KOHl (KOH+Uk(311) *XBHk (3) ; r ssSet aq=us
~ CeLcu La t t on of t.he derivatives of the process rates t.owe r d the process paz amet e r e t ah rO.L" the t.ank :.0;

rSNH3etah=O; rSN03etah=O;
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rssaer an-xn- ( (XSk (3) IXBHk (3) ) I (Kx+ (XSk (3) IXBHk (3) ) ) ) , (Uk (3) I (KOH+Uk (3) ) i- (Xk (8) I (KNO+Xk (8) ) i- (KOHl (KOH+Uk (3) ) ) *XBHk (3) ;
~, Ce.LcuLa t.Lon of the de r Lve.t.Lve s of the process rc.t e s t.cwër-d t.he process pa rame't e r- Kh for the tank 3
rSNH3Kh=Q; rSN03Kh=O;
rSS3Kh~ ( (XSk (3) IXBHk (3) ) I (Kx+ (XSk (3) IXBHk (3) ) ) ) * ( (Uk (3) I (KOH+Uk (3) ) ) +etah* (Xk (8) I (KNO+Xk (8) ) ) * (KOHl (KOH+Uk (3) ) ) ) *XBHk (3) ;
$, Calculation of the der i vet Lves of the pro ce sa r-et.e s toward t he process pe rame t.er Kx for the tank :3
rSNH3Kx=Q; rSN03Kx=O;
rSS3Kx~-Kh' ( (Uk (3) I (KOH+Uk (3) ) ) +etah* (Xk (8) I (KNO+Xk (8) ) ) * (KOHl (KOH+Uk (3) ) ) ) *XBHk (3) * ( (XSk (3) IXBHk (3) ) I (Kx+ (XSk (3) IXBHk (3) ) ) ) ;

:,',DeceLopment. of the mat r ix AS of t.he rnodeL of sens t ti vj.t.y
Alf= [All (1,1) +DT*rSNHlSNHl DT*rSNHlSNOl DT*rSNHlSSl;

DT*rSNOlSNHl All (2, 2) +DT*rSNOlSNOl DT*rSNOlSSl;
DT*rSS1SNH1 DT*rSS1SN01 All (3,3) +DT' rSS1SS1) ;

AlS=[All zeros(3,45):zeros(3,3) Alf zeros(3,42);zeros(3,6) Alf zeros(3,39):zeros(3,9) Alf zeros(3,36):zeros(3,12) Alf
zeros(3,331 :zeros(3,15) Alf zeros(3,30) :zeros(3,18) Alf zeros(3,27) ;zeros(3,21) Alf zeros(3,24) :zeros(3,24) Alf
zeros(3,2l);zeros(3,27) Alf zeros(3,lB) :zeros{3,30) Alf zeros(3,lS) ;zeros(3,33) Alf zeros(3,l2) :zeros(3,36) Alf
zeros(3,9);zeros(3,39) Alf zeros(3,6);zeros(3,42) Alf zeros(3,3);zeros(3,45) Alf];
A2f~ [A22 (1,1) +DT' rSNH2SNH2 DT'rSNH2SN02 OT' rSNH2SS2;

DT*rSNOZSNH2 A22 (2,2) +DT*rSN02SN02 DT*rSN02SS2;
OT*rSS2SNH2 DT*rSS2SN02 A22 (3,3) +DT*rSS2SS2 J :

A2S=[A22 zeros(3,45};zeros(3,3) A2f zeros(3,42);zeros(3,6) A2f zeros(3,39);zeros(3,9) A2f zeros(3,36};zeros(3,l2) A2f
zeros(3,33);zeros(3,lS) A2f zeros(3,3D):zeros(3,18) A2f zeros(3,27);zeros(3,2l) A2f zeros(3,24);zeros(3,24) A2f
zeros(3,2l);zeros(3,27) A2t zeros(3,18) :zeros(3,30) A2f zeros(3,15) :zeros(3,33) A2f zeros(3,12) :zeros(3,36l A2f
zeros(3,9):zeros(3,39) A2f zeros(3,6):zeros(3,42) A2f zeros(3,3}:zeros(3,45) A2t];
A3f= [A33 (1,1) +DT*rSNH3SNH3 DT*rSNH3SN03 DT*rSNH3SS3:

DT'rSN03SNH3 A33 (2,2) +DT'rSN03SN03 OT' rSN03SS3;
DT* rSS3SNH3 DT*rSS3SN03 A33 (3,3) +DT* rSS3SS3) ;

A3S=[A33 zeros(3,45);zeros(3,3) A3f zeros(3,42);zeros(3,6) A3f zeros(3,39):zeros(3,9) A3t zeros(3,36):zeros(3,l2) A3f
zeros(3,33);zeros(3,lS) A3f zeros(3,3D};zeros(3,lB) A3f zeros(3,27):zeros(3,2l) A3f zeros(3,24};zeros(3,24) A3f
zeros(3,2l);zeros(3,27) A3f zero.s(3,lB):zeros(3,30) A3f zeros(3,lS):zeros(3,33) A3f zeros(3,12):zeros(3,36) A3f
zeros(3,9) :zeros(3,39) A3f zeros(3,6) :zeros{3,42) A3f zeros(3,3) :zeros(3,45) A3f]:
~rnatrices of the interconnections
Al2S=[Al2 zeros(3,45):zeros(3,3) A12 zeros(3,42):zeros(3,6) A12 zeros(3,39):zeros(3,9) A12 zeros(3,36):zeros(3,l2) A12
zeros(3,33) :zeros(3,lS) A12 zeros(3,30) :zeros(3,18) A12 zeros(3,27) :zeros(3,2l) Al2 zeros(3,24) :zeros(3,24) Al2
zeros(3,2l);zeros(3,27) A12 zeros(3,lB);zeros(3,30) A12 zeros(3,15);zeros(3,33) A12 zeros(3,12);zeros(3,36) A12
zeros(3,9);zeros(3,39) A12 zeros(3,6)izeros{3,42) A12 zeros(3,3);zeros(3,45) A12]:
A21S= [.A2l zeros (3, 4S); zeros (3, 3l A21 zeros (3, 42); zeros (3, 6) A2l zeros (3,39); zeros (3, 9) A2l zeros (3, 36); zeros (3, 12) A2l
zeros(3,33):zeros(3,15) A2l zeros(3,30);zeros(3,lB) A21 zeros(3,27);zeros(3,21) A2l zeros(3,24),zeros(3,24) A2!
zeros(3,2l) :zeros(3,27) A21 zeros(3,lB) s ze r o s t Sv S'O) AZl zeros(3,15) ;zeros(3,33) A21 zeros(3,12) izeros(3,36) A21
zeros(3,9) ;zeros(3,39) A2l zeros(3,6) :zeros(3,42) A21 zeros(3,3) ;zeros(3,45) A2l]:
A23S=[A23 zeros(3,45}:zeros(3,3) A23 zeros(3,42);zeros{3,6) A23 zeros(3,39);zeros{3,9) A23 zeros(3,36):zeros(3,lZ) AZ3
zeros(3,33) :zeros{3,15) A23 zeros(3,30) ;zeros(3,18) A23 zeros(3,27) ;zeros(3,2l) A23 zeros(3,24) :zeros(3,24) A23
zeros(3,2l):zeros(3,27) A23 zeros(3,lB):zeros(3,30) A23 zeros(3,15);zeros(3,33) A23 zeros(3,12):zeros(3,36) A23
zeros{3,9):zeros(3,39) A23 zeros(3,6);zeros(3,42) A23 zeros(3,3};zeros(3,45) A23];
A32S=[A32 zeros(3,4S);zeros(3,3) A32 zeros(3,42);zeros(3,6) A32 zeros(3,39);zeros(3,9) A32 zeros(3,36);zeros(3,12) A32
zeros(3,33)izeros(3,15) A32 zeros(3,30);zeros{3,lB) A32 zeros(3,27);zeros(3,21) A32 zeros(3,24);zeros(3,24) A32
zeros(3,21):zeros(3,27) A32 zeros(3,18};zeros(3,30) A32 zeros(3,15)izeros(3,33} A32 zeros(3,12):zeros(3,36) A32
zeros(3,9);zeros(3,39) A32 zeros(3,6)izeros(3,42) A32 zeros(3,3);zeros(3,45) A32];
tt.he mat r-Lx of t.he sue te of sensitivity
AS~[A1S A12S zeros(48,48) ;A21S A2S A23S;zeros(48,48) A32S A3S);

vma t r-Lx of the r-et.e a for t.he mode L of s ens Lt ivf.t.y
ClS=(Cn zeros(4,45)];CS=[C1S zeros(4,96);zeros(4,48) CIS zeros(4,4B):zeros(4,96) C1S];

1, De ve Loprnent; of the matrix ES of the model of eerrs Lt.Lv i tv
Bltheta~ [Bl (2,2) 0 0; zeros (44,3) ) ; B1S~ [Bl; Bl theta) ; BS~ [B1S; zeros (96, 3) ) ;

Development of the vector DS of 'the model of se ns it Lv.i.t.y
~ Calculation of the first tank
DlS= [zeros (1, 3) rSNHlf rSN01f rSS1f rSNHlYH rSN01YH rSS1YH rSNHlYA rSN01YA rSS1YA rSNHliXB rSNOliXB rSSliXB rSNHlmuA rSNOlmuA
rSSlmuA rSNHlmuH rSNOlmuH rSSlmuH rSNHIKS rSN01KS rSSlKS rSNH1KOH rSN01KOH rSS1KOH rSNH1KNO rSNOIKNO rSS1KNO rSNH1KNH rSN01KNH
rSS1KNH rSNH1KOA rSNOIKOA rSSlKOA rSNHletag rSNOletag rSS!etag rSNH1etah rSNOletah rSSletah rSNH1Kh rSN01Kh rSS1Kh rSNH1Kx rSN01Kx
rSS1Kx] , i

~ Ca Lcu l a t Lon of the second tank
D2s= [zeros (1,3) rSNH2f rSN02f rSS2f rSNH2YH rSN02YH rSS2YH rSNH2YA rSN02YA rSS2YA rSNH2iXB rSN02iXB rSS2iXB rSNH2muA rSN02muA
rSS2muA rSNH2muH rSN02muH rSS2muH rSNH2KS rSN02KS rSS2KS rSNH2KOH rSN02KOH rSS2KOH rSNH2KNO rSN02KNO rSS2KNO rSNH2KNH rSN02KNH
rSS2KNH rSNH2KOA rSN02KOA rSS2KOA rSNH2etag rSN02etag rSS2etag rSNH2etah rSN02etah rSS2etah rSNH2Kh rSN02Kh rSS2Kh rSNH2Kx rSN02Kx
rSS2Kx] , ;
~!. Ca Lcu Let.Lon of the t.hird t.ank
D3S= [zeros (1,3) rSNH3f rSN03f rSS3f rSNH3YH rSN03YH rSS3YH rSNH3YA rSN03YA rSS3YA rSNH3iXB rSN03iXB rSS3iXB rSNH3muA rSN03rnuA
rSS3muA rSNH3muH rSN03rnuH rSS3muH rSNH3KS rSN03KS rSS3KS rSNH3KOH rSN03KOH rSS3KOH rSNH3KNO rSN03KNO rSS3KNO rSNH3KNH rSN03KNH
rSS3KNH rSNH3KOA rSN03KOA rSS3KOA rSNH3etag rSN03etag rSS3etag rSNH3etah rSN03etah rSS3etah rSNH3Kh rSN03Kh rSS3Kh rSNH3Kx rSN03Kx
rSS3Kx] , ;

DS~[D1S;D2S;D3S) ;

SOFTWARE FOR SIMULATION OF SENSITIVITY FUNCTIONS OF THE PROCESS
VARIABLES OF THE ATHLONE MASS BALANCE MODEL BASED ON THE REDUCED UCT
BIOLOGICAL MODEL TOWARDS ITS PARAMETERS

1.Main program
q'"ROGRAJolAUCT$.m
'1AH-1:'l'he p r oqr-am function rateAUCTr';.ID ce Lcu La t.e s the process r a t es , derivatives of the proces rates t.cwa r-ds
and va r Leb.Les and f o rms the s errs it Lvi ty model metr Lce s nece e se r y f01:· s amul e tLon of t hep r oce s s ve r ie bLes and
tunet.Lons [or the At.hLone process based on t.he reduced lieT bic.Loc i.ce ..l rnode I .
.itTh..~ program uses qLoba I definition of 't he model parameters

global Ks KOH KNO KNA KOA muH etag muA KMP fZBH YZH YZA KA KSA KSP fMA

;"Process model pe rame t.e r s
f~lo2;YZA ~ 0.15;YZH ~ 0.67;fZBH ~ 0.068;muH ~ lo5;Ks ~ 5;KOH
KNA = D.01:KA = D.17;KOA = D.D02ifMA=liKSP=O.027;KSA=1:
"t. rl owr a t.e s
Qo ~ 40003;Qa ~ 39916.8;Qp ~ 39916.8;Qr ~ 40003;Qw ~ 384.0;

0.002 ;KNO 0.1: etag 0.33;KMP 1.35;muA = 0.5;
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't: Volumes
Vl-1148 ;V2=114 8 ;V3=5273;

;.';lnfl uent ave xeqe concentrations
SSi=69. 5; SNHi-31. 56; SNOi-O. 0; XSi=202. 3;
aner.e rmi net Ion of t.he sampling pe rLod

DT = 0.01042; days=O. 1042*10
Keda ys z'D'I'
k=O: DT: days
'sLnf Luerrt concent rut.Lons t r e j ect.or Le.s for SNH, SNO, SS, sads
Xi = [SNHi*ones {1, Kl; SNOi*ones {1, Kl; SSi *ones (1, Kl ;XSi -one s (l,K) ] *0.1
1,Initial cond.itions- steady state veLue s for the Snh , Sno,Ss and zero for the sensiti. ....r i.t.y functions
XSO ""[7.918;5.37 ;2.808; 82.135; zeros (68, ll;8. 344;3.662; 1. 459;5.15; zeros (68, 1);5.548; 6. 541; 1.15; 5 .1; zeros (68, 1)) % Lnd.t.i.e I condftLone
for the differential equa t.Lon s
!" st.eedy s te te values for the b.Lorna s s XBH, XEA, Y.S
XBH = 0.01* [2551. 76*ones (1, Kl ; 2553. 38*ones (1, Kl ; 2557. 13*ones (1, Kl ] ~l. XBH s t.ee.dy s t.ert e COD/m....3
XBA = O.Ol*[148.389*ones(1,K);148.309*ones(1,K);148.94l*ones(l,K)]'i; >:BA steady s t.at.e gall COII/mA]
XS = 0.01*[82.135*ones(l,Kl:76.386*ones(l,Kl;64.855*ones(1,K)J '~XS steady s t.e't e all COD/m"']
ct re j ect.or y of the control s i.qna I
SOl = [0.2*ones(1,K};0.2*ones(1,K}];S02=[4.0*ones(1,Kl];U=[S01;S02];
~ Ce Lcu Lë t Lon of the initial t.r e j e c t.o r-y for the state ve ct.o r X and fo r
X =I [7.918;5.37; 2.808;5.3; 8.344 ;3. 662; 1. 459; 5.15; 5 .548; 6. 541; 1.15;5 .1] initial ccnd i t Lons for the d.i f f'e r-en t La I
equations
XSS : [XSO zeros (216, KI];
r ca Leuj at.Lon of t.he process state space rnode I matrices
'sCe Lcule t Lon of t.he matrix A
IV1 = DT/V1;IV2 = DT/V2;IV3 = DT/V3;IV-IV1*Qo;IVV-IV*f;
B= [lVV O. 0 O. 0 O. 0; O. 0 IV O. 0 O. 0; O. 0 O. 0 IV O. 0; O. 0 O. 0 O. 0 IV; zeros (8,4 I ]
Q1-Qo+Qp; Q2-Ql+Qa+Qr; Q3-Q2; IV221=IV2*Q2; IV331-IV3*Q3
IV1l=1-IV1*Ql êe Lernent; of All
IV12=IVl *Qp
IV21=IV2*Q1
IV22-1-IV221

ce Lement; of A,12
:~element of A:21

s.e Lernen t of A:':'
IV23=IV2* (Qa+Qr) 'seLemen t. of .T.I":3
IV32=IV3*Q2 ê e Lement; of 1032
IV33=1-IV33l 'ae.l.emerrt of A33

A-[[IV11 0.0 0.0 0.0;0.0 IV11 0.0 0.0;0.0 0.0 IV11 0.0;0.0 0.0 0.0 IV11] [IV12 0.0 0.0 0.0;0.0 IV12 0.0 0.0;0.0 0.0 IV12 0.0;0.0
0.0 0.0 IV12] zeros (4, 4 l;

[IV21 O. 0 O. 0 O. 0; 0 . 0 IV21 O. 0 O. 0; 0 . 0 O. 0 IV21 O. 0; 0 . 0 o. 0 o. 0 IV21] [IV2 2 O. 0 o. 0 o. 0; 0 . 0 IV22 O. 0 o. 0; O. 0 o. 0 IV22 O. 0; 0 . 0
0.0 0.0 IV22] [IV23 0.0 0.0 0.0;0.0 IV23 0.0 0.0;0.0 0.0 IV23 0.0;0.0 0.0 0.0 IV23];

zeros(4,41 [IV32 0.0 0.0 0.0;0.0 IV32 0.0 0.0;0.0 0.0 IV32 0.0;0.0 0.0 0.0 IV32] [IV33 0.0 0.0 0.0;0.0 IV33 0.0 0.0;0.0 0.0
IV33 0.0;0.0 0.0 0.0 IV33]]
A11u-A(1: 4,1: 4 I ;A12u-A(1: 4,5: 81 ;A13u=zeros (4,4 I ;A21u-A(5: 8, 1: 4 I ;A22u-A(5: 8, 5: 81 ;A23u-A(5: 8, 9: 121 ;A31u=zeros (4,4 I;
A32u=A(9: 12,5:81 ;A33u-A(9:12, 9:121;
cCaLcu La t.Lon of the mat.rLz BLu and Cu
B1u=[IVV 0.0 0.0 0.0;0.0 IV 0.0 0.0;0.0 0.0 IV 0.0;0.0 0.0 0.0 IV];
x1--1/YZH; x2=1 /YZA; x3= (l-YZHI / (2. 86*YZHI ; x4-x3-fZBH; x5=-x2-tZBH;
Cnu=[-fZBH 0 x L 0;0 -fZBH xl O;-fZBH -x3 x I 0;0 x3-fZBH x I O;-fZBH 0 x1;0 -fZBH 0 x1;-fZBH -x3 0 x1;0 x3-fZBH 0 x1;0 0 0 1;-x2-
tZBH x2 0 0];
Cu=[Cnu zeros(10,8) :zeros(10,4) Cnu zeros(10,4l :zeros(10,8) Cnu];

~~Simulél.ti(,n of Uie process aerrs Lt.Lvd ty model
for k = 1: K

xssk = XSS (:, k) ;

Xk-X(:, kl :
Uk -U(:,kl;
XBHk ~ XBH(:, kl ;
XBAk - XBA(:, kl;
XSk = XS(:,kl;
Xik = Xi(:,k);

[ROUCT,ASu, BSu,CSu,DSu]=rateAUCTS (Xk,Uk,XBHk,XBAk,XSk, DT,Allu,A12u,A21u,A22u,A23u,A32u,A33u,Blu,Cnu);

XSS(:,k+1) = ASu*XSS(:,k) + CSu'*ROUCT + BSu*Xi(:,k)+DSu;
XI: ,k+11 - [XSS (1:4,k+11 ;XSS(73:76,k+11 ;XSS(145:148,k+1I];

end

'svec t.c r of aene i t.Lvd ty f or the first t.e nk XStheta
SNH1=XSS (1,: I ;SN01=XSS (2,: I ;SSl-XSS (3,: I ;Sads1-XSS (4,: I;
SNHlf=XSS (5,: I ;SNOlf=XSS (6,: I ;SSlf-XSS (7,: I ;Sadslf=XSS (8,: I;
SNH1YZH-XSS (9, : I ; SN01YZH=XSS (10, : I ; SSlYZH-XSS (11, : I ; Sads1YZH=XSS (12, : I ;
SNHlYZA=XSS (13,: I ;SN01YZA-XSS (14,: I ;SSlYZA-XSS (15,: I ;SadslYZA=XSS (16,: I;
SNHlfZBH-XSS (17, : I ; SNOlfZBH-XSS (18, : I ; SSlfZBH=XSS (19, : I ; SadslfZBH=XSS (20, : I ;
SNHlmuA==XSS(21, : ) ; SN01muA=XSS (22, : ) ; SSlmuA=XSS (23, : ) ; Sads 1rnuA=XSS (24, : ) ;
SNH1muH-XSS (25, : I ; SN01muH=XSS (26, : I ; SSlmuH=XSS (27, : I ; Sads1muH-XSS (28, : I ;
SNH1KS=XSS (29, : I ; SN01KS-XSS (30, : I ; SS 1KS=XSS (31, : I ; Sads 1KS=XSS (32, : I ;
SNH1KOH-XSS (33, : I ; SN01KOH=XSS (34, : I ; SSlKOH=XSS (35, : I ; Sads1KOH-XSS (36, : I ;
SNH1KNO-XSS (37, : I ; SN01KNO=XSS (38, : I ; SSlKNO-XSS (39, : I ; Sads1KNO=XSS (4 0, : I ;
SNH1KNH=XSS (41,: I ;SN01KNH=XSS (22,: I ;SSlKNH-XSS (43,: I ;Sads1KNH=XSS (44,: I;
SNH1KOA=XSS (45, : I; SN01KOA=XSS (46, : I ; SSlKOA-XSS (47, : I; Sads1KOA-XSS (48, : I;
SNHletag=XSS (49, : ) ; SNOletag=XSS (50, : ) ; SSletag=XSS (51, : ) : Sads letag=XSS (52, : ) ;
SNH1KMP-XSS (53,: I ;SN01KMP=XSS (54,: I ;SSlKMP=XSS (55,: I ;Sads1KMP-XSS (56,: I;
SNH1KSP-XSS (57, : I ; SN01KSP-XSS (58, : I ; SSlKSP=XSS (59, : I ; Sads1KSP=XSS (60, : I ;
SNHIKSA=XSS (61, : ) ; SNOIKSA=XSS (62, : ) ; SS lKSA=XSS (63, : ) ; SadslKSA=XSS (64, : ) ;
SNH1fMA=XSS (65, : I; SN01fMA-XSS (66, : I ; SSlfMA-XSS (67, : I ; SadslfMA=XSS (68, : I ;
SNH1KA-XSS (69, : I ; SN01KA=XSS (7 0, : I ; SSlKA-XSS (71, : I ; Sads 1KA=XSS (72, : I ;

c'vec t o r of s en s i t i.v i t y for the eecc ...nd t ank x suhe t a

SNH2=XSS (73, : I ; SN02=XSS (74, : I ; SS2=XSS (75, : I ; Sads2=XSS (76, : I ;
SNH2t-XSS (77, : I ; SN02f-XSS (78, : I ; SS2f=XSS (79, : I ; Sads2f-XSS (8 0, : I ;
SNH2YZH=XSS (81,: I ;SN02YZH=XSS (82,: I ;SS2YZH-XSS (83,: I ;Sads2YZH-XSS (84,; I;
SNH2YZA-XSS (85,: I ;SN02YZA=XSS (86,: I ;SS2YZA-XSS (87,: I ;Sads2YZA-XSS (88,: I;
SNH2fZBH=XSS (89, : I ; SN02fZBH=XSS (90, : I ; SS2fZBH=XSS (91, : I ; Sads2fZBH~XSS (92, : I ;
SNH2muA-XSS (93, : I ; SN02muA-XSS (94, : I ; SS2muA=XSS (95, : I ; Sads2muA=XSS (96, : I ;
SNH2muH~XSS (97, : I ; SN02muH-XSS (98, : I ; SS2muH-XSS (99, : I ; Sads2muH=XSS (100, : I ;
SNH2KS=XSS (101, : I ; SN02KS=XSS (102, : I ; SS2KS-XSS (103, : I ; Sads2KS=XSS (104, : I ;
SNH2KOH=XSS (105, : I SN02KOH-XSS (106, : I SS2KOH=XSS (107, : I Sads2KOH-XSS (108, : I ;
SNH2KNO=XSS (109,: I SN02KNO=XSS (110,: I SS2KNO-XSS (111,: I Sads2KNO=XSS (112,: I;
SNH2KNH=XSS (113, : I SN02KNH=XSS (114, : I SS2KNH=XSS (115, : I Sads2KNH~XSS (116, : I ;
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SNH2KOA:XSS 1117, : I ; SN02KOA:XSS 1118, : I ; SS2KOA:XSS 1119, : I ; Sads2KOA:XSS 1120, : I ;
SNH2etag:XSS 1121, : I ; SN02etag:XSS 1122, : I ; SS2etag:XSS 1123, : I ; seds z e t eq=Xs s 1124, : I ;
SNH2KMP:XSS 1125, : I ; SN02KMP:XSS 1126, : I ; SS2KMP:xSS 1127, : I ; Sads2KMP:XSS I 128, : I ;
SNH2KSP:XSS 1129,: I ;SN02KSp:XSS 1130,: I ;SS2KSP:XSS 1131,: I ;Sads2KSP:XSS 1132,: I;
SNH2KSA:XSS 1133, : I ; SN02KSA:XSS 1134, : I ; SS2KSA:XSS 1135, : I ; Sads2KSA:XSS I 136, : I ;
SNH2fMA:XSS 1137, : I ; SN02fMA:XSS 1138, : I ; SS2fMA:XSS 1139, : I ; Sads2fMA:XSS 1140, : I ;
SNH2KA:XSS 1141, : I ; SN02KA:XSS I 142, : I ; SS2KA:XSS I 143, : I ; Sads2KA:XSS 1144, : I ;

Svect.or ot sens it LvLt y for the t h i.r d tenk xs thet e
SNH3:XSS I 145, : I ; SN03:XSS 114 6, : I ; SS3:XSS 1147, : I ; Sads3:XSS 1148, : I ;
SNH3f:XSS 1149, : I ; SN03f:XSS 1150, : I ; SS3f:XSS 1151, : I ; Sads3f:XSS 1152, : I ;
SNH3YZH:XSS 1153, : I ; SN03YZH:XSS 1154, : I ; SS3YZH:XSS 1155, : I ; Sads3YZH:XSS 1156, : I ;
SNH3YZA-XSS 1157, : I ; SN03YZA:XSS 1158, : I ; SS3YZA:XSS 1159, : I ; Sads3YZA:XSS 1160, : I ;
SNH3fZBH:XSS 1161, : I ; SN03fZBH:XSS 1162, : I ; SS3fZBH-XSS 1163, : I ; Sads3fZBH:XSS 1164, : I ;
SNH3muA:XSS 1165, : I; SN03muA:XSS 1166, : I ; SS3muA:XSS 1167, : I ; Sads3muA:XSS I 168, : I ;
SNH3muH=XSS(169. ; ) ; SN03muH=XSS (170, : ) ; SS3rnuH=XSS (171, : ) ; Sads3muH=XSS (172 r : ) ;

SNH3KS:XSS 1173, : I ; SN03KS:XSS 1174, : I ; SS3KS:XSS 1175, : I; Sads3KS:XSS 1176, : I ;
SNH3KOH:XSS 1177, : I ; SN03KOH:XSS 1178, : I ; SS3KOH:XSS 1179, : I ; Sads3KOH:XSS 1180, : I ;
SNH3KNO-XSS 1181,: I ;SN03KNO:XSS 1182,: I ;SS3KNO:XSS 1183,: I ;Sads3KNO:XSS 1184,: I;
SNH3KNH:XSS 1185, : I ; SN03KNH:XSS 1186, : I ; SS3KNH:XSS 1187, : I ; Sads3KNH:XSS 1188, : I ;
SNH3KOA:XSS (l8 9, : I ; SN03KOA:XSS 1190, : I ; SS3KOA:XSS 1191, : I ; Sads3KOA:XSS 1192, : I ;
SNH3etag=XSS (193, : ) ; SN03etag=XSS (194, : ) ; SS3etag=XSS (195, : ) ; Sads3etag=XSS (196, : ) ;
SNH3KMP:XSS 1197, : I ; SN03KMP:XSS 1198, : I ; SS3KMP:XSS 1199, : I ; Sads3KMP:XSS 1200, : I ;
SNH3KSP:XSS 1201,: I ;SN03KSP:XSS 1202,: I ;SS3KSP:XSS 1203,: I ;Sads3KSP:XSS 1204,: I;
SNH3KSA:XSS 1205, : I ; SN03KSA:XSS 1206, : I ; SS3KSA:XSS 1207, : I ; Sads3KSA:XSS 1208, : I ;
SNH3fMA:XSS 1209,: I; SN03fMA:XSS 1210,: I; SS3fMA:XSS 1211,: I; Sads3fMA:XSS 1212,: I;
SNH3KA:XSS 1213,: I ;SN03KA:XSS 1214,: I ;SS3KA:XSS 1215,: I ;5ads3KA:XSS 1216,: I;

k:l:10l
:,\Graph,o;; of the sens Lt ivj t y funct.Lon a fOI the SNH
:t;Graph f o r the first. tank
figure (l)

subplot 19, 2, li ;plot Ik, SNH1, 'k' I
title (' Pzoces s ve r Lab Le 8nhl')
ylabel {•\ fonts i ze {8} 51tHl ' )
xlabel('\fonr.si:etS)discrete time k ")

ylabel ( "Vf orrt s i ze {8} SNRl¥J-1P, )
xlabel ('\font.l3ize{8}di.scI:ete time,k')

subplot (9, 2, 15); plot (kt SNHIKSP, I kT)
ti tle ( "Se ns i ti vt t.y funct.Lon SnhlK3?')
ylabel ( , \ font size {8} SNH1KSP')
xlabel ( '\ forrt.s i ze {8} dis c.re t.e t Lme , k ' )

subplot(9,2,2); plot(k,SNHlf, "k "]
title (' Sensitivity function Snhlf')
ylabel ( t \. font size {8}SNHlf' )
xlabel (' x torrts i ae t a j c i s cr et.e time, k')

subplot (9, 2, 16); plot (k, SNHIKSA,'k')
ti t.Le ( 'Sens i ti vi ty function ~;nhll:SA')
ylabel ( '\font si.ae {8} SNHIT::s.n.' )
x1abe1 ( '\. font size {8} d.i s c r e t.e time, k ' }

subplot (9, 2, 3); plot (k, SNHIYZH,'k')
title L'Va r Lë bLe SnhlYZH')
ylabel ( I \ fontsize {B} SNHlYZH')
xlabel (' vronte i ae t s j c i s cr e t.e t Lme , k')

subplot 19, 2, 171; plot Ik, SNHlfMA, 'k' I
ti t.Le ( "Sen s.i t.Lv i ty f unc't ion Snhlfl1f.\.')
ylabel ( '\ font size i B} SNH1:fH.1' ...' )
xlabel ( ,.\ f'on t s i ze {8} d.i s cze te t cme, k ' )

subplot(9,2,4); plot(k,SNHlYZA, 'k')
ti tle ( 'Variable $n111YZA')
ylabel ( '\.fontsize {8} SNHlYZA')
xlabel (' \ fontsize {8 j d.i s c r e t.e time, k ' )

subplot 19,2,18 I; plot Ik, SNH1KA, 'k' I
ti t.Le ( , Se ns i t.Lv.i t.y function SnhlKA')
ylabel ( '\fonts.i.ze{ (i} SHH.lEA' )

xlabel ('\fontsize{8}discrete time,k')

:~G.r:aphs for: t.be seceed t enk
subplot (9,2,5); plot (k, SNH1fZBH, , k ' )
title (' sens t t f.vLt y function SnhlfZBH')
ylabel ( 'Yf ont s Lz e {i~} SNHl.fZBH· }
xlabel ('discrete t.Lme, 1-:')

figure (2)
subplot 19,2, 1 I ; plot Ik, SNH2, 'K' I
title ( 'Process ve r a.abLe [:;nb:: I)

ylabel ( '\ font.si ze pJ} SNH2' )
xlabel ( '\, font.s Lce (8) discrete time k')subplot(9,2,6); plot (k,SNHlmuA, "k")

title ( 'Sen.si ti.vity function Snhlroul ..')
ylabel ( '\.fontsize. {8} SNHlmlL~')
xlabel ( ,\. fon't s i ze I 8 Ld.i s c r'e't e t Line , k ' )

subplot 19,2,7 I; plot Ik, SNHlmuH, 'k' I
ti t.Le ( , se ns i ti vi ty function Srrh LmuHI )

ylabel ( '\ fontsize. {8} SNHIIDUH' )
xl abel ( 'discrete time, k' )

subplot 19,2,2 I; plot Ik, SNH2f, 'k ' I
't i t.Le t t Sen sit i.v-i t.y f'unct.Lon Snh2f')
ylabel ( '\ ron t.s t ce {8} SNH2f' )
xlabel {'\ ront.st r.e {ti} di.sc r et.c t ime i k ")

subplot 19, 2, 81; plot Ik, SNH1KS, 'i<' I
title (' Sen s i t Lvi ty function SnhlKS')
ylabel ( 'Yrorrt s Lae {8} SNHH~S')
xlabel (' dd s c re t.e time, k ')

subplot(9,2,3); plot(k,SNH2YZH, 'k')
title L'Ve r i ab l.e Snh~YZH')
ylabel (' \font.aize{8}SNT!2YZH')
xlabel ( '\ tont.s i ce f 8} di scrct.e time, J~' )

subplotl9,2,91; plotlk,SNH1KOH, 'k' I
ti t Le ( 'Sensi ti vi ty function ~;_;!lhlKOH')
ylabel ( '\fontsize (8} SNUl ECJH' )
xlabel (' \fontsize{ 8 l di s c re t e time, k")

subplot{9,2,4); plot(k,SNH2YZA, 'k')
title t tVa rLab.Le .snh2YZ"~!)
ylabel ( '\ f onts i ze {e} SNH2'iZ,A! )
xlabel {"vr ont.s I ce (8 j dr ec re te time, J-,;' )

subplot 19,2,10 I; plot Ik, SNH1KNO, 'k' I
title (' s ens i.r.i v i t y f'unc t i.on SnhlKNO')
ylabel ( 'Yr onr.s i ae t Cl} SNHlh"NO')
xlabel ( , \fontsize 18} discrete time, k ' )

subplot(9,2,5); plot(k,SNH2fZBH, 'k')
title (' Se ns LtLvi t.y func t.Lon Snh2fZBH')
ylabel ( ,\ f ont a i ze {8} SHE2fZBH' )
x Labe L ('ci.i.s::::ret.e t Lue , t')

subplot(9,2,11); plot(k,SNHlKNH, 'k')
ti tle ( 'Sensiti vi ty' func t ion SnhlKNH')
ylabel ( '\fontsi::e {:3} SNl-flKlm' )
xlabel ( I Vf ont s Lz.e{8 I dá.ac r et;e time,}: l )

subplot (9, 2, 6) i plot (k, SNH2muA,'k')
ti tle ( "Sens i ti vj ty funcr.Lon Snh2:HiLlA')
ylabel ( '\ font size {8} SNE2muA' )
xlabel {'\ t'on t.s i ze {e} d i.ec r e t.e time, k ' )

subplot(9,2,12); plot(k,SNHlKOA, 'k')
title (' Sens i t.i.v it y function SnhlKOA')
ylabel ( "vf on t.s a ae (8) SNHIK(;A')
xlabel ( "Vf ont.s Lze {8 j d.Ls c r et;e time, r:.' )

subplot(9,2,7); plot (k,SNH2muH, "k ")
ti t Le ( l Sens i t tv.t ty f unc ti.on ~;nh::muH')
ylabel ( "vf'ont s i.z.e {8} SNH2muH' )
xlabel ( "dds c r et;e time, k ' )

subplot (9,2,13); plot (k, SNHletag, 'k ')
title (' sens i t t vit)' tunet ton SnhLet.aq ' )
ylabel (' 'x fon t.s á ce (8j SNHletag')
xlabel ( . \fontsi::e (8 J d Lsc r et;e t ame, k ' )

subplot(9,2,8); plot (k,SNH2KS, "k ")
title (' Seus it.Lvd.ty runctï.on !":inh2ES')
ylabel ( 'Yf orrt s Lze {8} SNH2r:':S ' )
xlabel ( "dd s c.re t e t.Lme , k ' )

subplot (9, 2,14); plot (k, SNH1KMP,'k')
title ( t Sens.i t iv i t.y function Sn111KHP')

subplot(9,2,9)i plot(k,SNH2KOH,'k')
title ( function Snh::KCJH')
ylabel ( • )
xlabel ( I 'cf'ont eLze {8} disere te 't i.me, k' )
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subplot 19, 2, 10); plot Ik, SNH2KNO,']:')
title (t Se ns i t Lvd.t.y function Snh:KNO')
ylabel ( '\ fontsi ze {8} SNH2KNO' )
xlabel ( I \ fon t s i ze I e} discrete time, k ' )

subplot{9,2,11); plot(k,SNH2KNH,'k')
title (' Sensitivity function Snh2KNH')
ylabel ( ,\ f on't a Lz e {8} SNH2KNH' )
xlabel ( • \ fonts i ce {8} di sc ret.e time r k ' )

subplot (9,2,12); plot (k, SNH2KOA,'):' )
ti t Le ( "sens i tivi ty function Snh:2KOA')
ylabel ( ,\ fontsize {8} SNH2KOAI)

xlabel ( '\ rcnt.s i ze {8} di cc rc t e time, k ' )

subplot (9,2,13); plot (k, SNH2etag, Ik' )
title (' s e ne t tLvt r.y runct.Lon Snh2etag')
ylabel ( r \ font size: ; 8} SNH2et.ëtg' )
xl abel (' \ f cn ts i ze {8 Id i s c re t.e time, k ")

subplot(9,2,14); plot (k,SNH2KMP, "k ")
title (' sens Lt avj.t.y func:tion Snh~':}J:·rf>·)
ylabel ( '\ font size {8} SNH2Kt-1PI )

xlabel ('\fontsize{B}disGrete time, k')

subplot 19, 2,15); plot Ik, SNH2KSP, 'k' )
ti t.Le ( "s ene I ti vi ty function ~':".nh:KSP')
ylabel ( '\. rcrrt s i ze {8} SNICKSP' )
xl abel (' 'v f orrt s i.z e {8 l d.i s c re t e time, k' )

subplot 19,2,16); plot Ik, SNH2KSA, ' I:' )
ti t.Le ( I Sensi ti vi tv function Snh2KS~q_')
ylabel (' \fonts.i.z.e.{ ti} SNH2KSF.')
xlabel { I \. font size {8} discrete time, k' }

subplot 19,2,17); plot Ik, SNH2fMA, 'k' )
title ( "Sen s.i ti vd 't y f unc't ion S:nr12f}{.q_')
ylabel ( '\fontsl ze {8} SNH:f!1P.' )
x Label ( , \.fontsize {8} d.is c r e t e time, k' )

subplot (9, 2,18); plot (k, SNH2KA,'k')
ti t.Le ( 'Sensi ti vi t-, funct ion Snh2KA')
ylabel ( '\fontsi::.e'( lj} ~;NH2K,:ll,.' )

xlabel ( "vr orrt s Lae {8} discrete time, k ' )

%graphs [or SNH variable i.n the third 't ë nk

figure (3)
subplot I9, 2, 1) ;plot Ik, SNH3, 'k' )
ti t Le (' Pr cce ss ve r Lab Le Snh:~')
ylabel {' \ rcnr s ice {f;} SNH3' )
xlabel('\fQntsi::e(8}discret.e time k'j

subplotI9,2,2); plotlk,SNH3f, "k ")
ti t.Le ( "Se ns Lti vi ty function Snh:3f')
ylabel ( '\ ront s i ze {8} SHJU f' )
xlabel ( "Vf on t s Lce (8) discrete time, k ' )

subplot 19,2,3); plot Ik, SNH3YZH, 'r.' )
ti tle ('Variable Snh3YZH')
ylabel (' 'vfon t.e i t.e {8} SHH3YZH' )
xlabel (' \ rcnt.e i ce {8} d i sc r et.e time, k ' )

subplot(9,2,4); plot(k,SNH3YZA, '}:')
t.i t.Le ('Variable Snh3YZ.Il~I )

ylabel ( '\ fonts i ze {8} SNH3 'f.ZA' }
xlabel ( '\ ron t.s t ce {[::}di sc ret.e time, k ' )

subplot(9,2,5); plot (k,SNH3fZBH, '1-.:')
ti t.Le ( t Sens i ti. v i.t.y fuact.ion Snh3f ZBH' )
ylabel ( '\ f ont.e i ze {8) SNH3 fZBH' )
xlabel ('discrete 'tLme, t')

subplot(9,2,6); plot(k,SNH3muA, 'k')
ti t Le ( 'Sensi ti v .i ty function Snh3muA')
ylabel ( ,\, fontsize {8} SNH3muA' )

x I abel ( '\ ront.s i ce {8} d i sc re t.e t.Lme , x ' )
subplot (9,2,7); plot (k, SNH3muH,'k' )
ti t ï e ( "Sen s i ti vi ty funcr i on snb Smux")
ylabel ( t \ font size {8} SNH3mdI' )
xlabel ('discrete time, t')

subplot (9, 2, 8); plot (k, SNH3KS, "k ")

ti t Le ( , Sens i ti vity f unc ti.on SnhJKS')
ylabel t ' \fontsize{ 8 }SNH3KS')
xlabel ('discret.e t.Lme , k')

subplot (9,2, 9); plot(k,SNH3KOH, 'k')

title (' Sens i t.Lv.i.t.v runc t i.on ~,nh:H\OH')
ylabel ( I \fontsize l~qSNH3f~OH')
xlabel ( 'I" fontsize {8} d.i s c re t e time, k' )

subplot(9,2,10); plot(k,SNH3KNO, 'k')
title (' Sens i t av Lt;v function ~:;nh3KNO')
ylabel ( '\ font si.ae {8} SNH3KHO')
xlabel ( ,\ font size {8 Id i s c re t e time, k' )

subplot(9,2, 1); plot (k,SNH3KNH, 'k')
ti tle ( "Sen s i .iv-i.t.y function Snh3KNH')
ylabel('\fon size{8}SNH3KNH')
x Labe Lt t vt on s i z.ej aj dts cr.e t.e t i rnes k")

subplot (9,2, 12); plot (k, SNH3KOA,'k' )
ti t.Le ( "senst ti vi t.y tur.ct.i.on Snl:l3I<OA')
ylabel ( r \ font size {8} SNR3KOA' )
xlabel ( I \ roct.s Lce {e} discrete time, Jo:' )

subplot (9, 2, 13); plot (k, SNH3etag, ':k')

title (·Sensiti.v:i.t.y funct.i.on SnhSe t.aq")
ylabel ( 'Yf'orrts i ze {8} SNH3etag1 )

xlabel ( '\ fontsize {(3 j d Lec r e t e time, k ' )

subplot(9,2,14); plot (k,SNH3KMP, 'k')

ti 't Le ( 'Sens i tr vi ty f unct.Lon Snh3KHP I )

ylabel ( "vf'cnt sLze {~3} SNH3K!:1P' )
xlabel ( ,\ forrt.si ze {8} dds c re t;e time, k ' )

subplotI9,2,15); plotlk,SNH3KSP, 'k')
title ('Sensitivity function ~;nh3i'{SP')
ylabel ( '\fontsize {8} SNH3KSP' }
xlabel ( '\fontsize{ 8 j d i s c ret;e t.Lme , k' )

subplotI9,2,16); plotlk,SNH3KSA,'k')
title (' Sen s i t.LvLt.y funct.ion Snb3E\Si'.')
ylabel ( "vr ont s i.z e {6} SNH3KSA' )
xlabel ( "Vforrt s i ze {8} d.i s c r et.e time, k ' )

subplotI9,2,17); plotlk,SNH3fMA,'k')
title( "s ens i t.avd t v function Snh3fHJ.I.')
ylabel ( '\ font s i.z e {>:3} SNH3fM.ll..' )
xlabel ( I \ font size {8} d i.acr et;e time, k ' )

subplotI9,2,lB); plotlk,SNH3KA, 'k')
t Lt Le L' Sens i t.Lv Lt y f unc't i.on Snh3KA')
ylabel ( '\ fonts.i.ze {8} SNH3KP.' )
xlabel ('\fontsi.ze{8}discrete 't i.me, }'~')

au r eph s of t.he sens i t i.vi t.y func t i.on s for the SHO
:;Graphs cd the sens i t.LvLt y functions of the ver i cb Le HNOin
t.be t enk 1
figure (4)
subplot(9,2,1) ;plot(k,SN01, 'k')
title (' Process va.r.i.ab Le SNOl')
ylabel (' \fontsize {8} ~~NOl t )

xlabel I' vront s t ae t s j cu scre t e ti.rne ,')

subplotI9,2,2); plotlk,SNOlf, 'k')
title('Sens.i.t.:i.v:i.tv function SNDlt')
ylabel (' 'x fonr.s Lce -j 8) SNOlf '}
xlabel ( I 'vfcn t sa.z e {Ei j d.i.sc r e t;e t.Lrne , Y..' )

subplot (9, 2, 3); plot (kr SN01YZH, 'k')
ti tle ('V<'ui;:1ble SNOl YI.;n' )
ylabel { I Vf ont.s i.c e (8l SNOl YZH' )
xlabel ( "Vf orrt s Lze {8} d.is cz-et.e t.Lrne , 'k. ')

subplot (9, 2, 4); plot (k , SNOIYZA, IJ:')
title L'Ve.r i abLe SN01YZA')
ylabel (' vronr.nt ce {8} SNOl YZ.n..' )
xlabel ('\font.si.ze{(i}discrete t.ame , k ")

subplotI9,2,5); plotlk,SNOlfZBH, 'l:')
title( "SensLt.Lv i t y function SNOlfZ,BH')
ylabel ( '\, fon t.s i ::e f tl} SNO]. tZBH' )
xlabel (' d.i s c re t e time, 1:' )

subplotI9,2,6); plotlk,SNOlmuA, "k ")
title ( "Sen s Lti vi. ty function SN011nuA ')
ylabel ( '\ Lont.s Lce {8} SNOlmu,!).' )
xLabe I (' 'vfont.s Lce (12.) discrete time, k' )

subplotI9,2,7); plotlk,SNOlmuH, ']:')
title( "sens t t ivi t.y function SN01:1ttUH')
ylabel (' \,ton t.s f ce {ti} S,NOJ.muH')
xlabel ('discre.te 't i.rne , k ")

subplotI9,2,8); plotlk,SN01KS, 'k')
t Lt Le tt sens t ti vi r.y function SNOlKS')
ylabel ( • \,fonts i. ze {S} SN0.l.K~~· ' )
xlabel ( 'discrete time, k ' )

subplot (9,2,9); plot (k, SNOlKOH,'k' )
ti tle ( "Sens L't i v.i,t.y function Sn01K0H')
ylabel ( '\ fontsize {8} SNOIKOH' )

xlabel ( • \,rcr-r.s i ce {t1} d i.s c re t.e time, k I )

subplot(9,2,lO); plot (k,SNOIKNO, 'k')
t i t Le t t sen s i t ivi.t.y function SN01r{HC')
ylabel ( '\ f ..c.rrt si ze {8}SNOlKNO' )
xlabel ( •\ f cn t.a ize I 8}di.s c r e t e time, k ' )

subplot (9,2,11); plot (kr SNOlKNH,'k! )
ti tLe ( 'Sens i ti vi ty function SN01I~HH')
ylabel ( I \ font size {8} SN()1KHH')
xlabel ( '\ f orrt ..si ze {S}d i.s cre t.e time,].,;')
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subplot 19,2,12); plot Ik, SN01KOA, "k ' )
title ( 'Sensiti vi ty function Sn01KOA')
ylabel ( '\ fonts i ze {e} SHOIKOA' )
xlabel ( "Vf cnt.s Lce {8) discrete time, k')

subplot (9,2,13); plot (k, SNOletag, '}'~1 )

ti t.Le ( I Se ns Lti vi ty function SNOletag')
ylabel (' v r om.s Lce t e j srco ï e t.eq" )
xlabel (' \ fontsi::e {8}discrete time. k ' )

subplot (9,2,14); plot (k , SNOIKMP, • Y.:' )
title L' Se ns at iv i t.y funct.ion SNOIK1·1P')
ylabel ( • \ t ont.e i ze {8} SHOIKMP' )
xlabel ( '\ fon t.s Lce {8} di s c.rer.e time, k ' )

subplot (9,2,15); plot (k, SNOIKSP, '}::' )
ti t.Le ( I Se ns i,ti vd. ty funct.d.cn SNOIKS Pi)
ylabel ( '\ fonts i ze {e} SN01KSP l )

xlabel ( • \ fonts i ce {8} di sc ret.e t.Lme, k I )

subplot (9, 2, 16); plot (k, SNOlKSA, '}';.')
ti t.Le ( I Se ns Lti vi ty function SNOlKSA' )
ylabel ( I \ font size {8} SNOlKSA' )
xl abel ( '\ fon t.e i ce [8 }dl s c r e t.e time, k ' )

subplot (9,2,17); plot (k, SN01fMA, 'k I)

title (' Se ns Lt i vf.t y runcr.Lcn .8NOIH-U .... )
ylabel {, \ fontsize {8} SnOlfMA I)

xlabel (' \ fontsi zei 8} dis c r e t.e time. k ' )

subplot (9,2,18); plot {k, SN01KA, 'k')
title (' se cs Lt.Lvf.t.y runct t on SNOlKP.')
ylabel {'\fontsize {8} SN01Y']'.')
xlabel ( '\ fonts i. ze {8} di sc r e t.e time. k ' )

1;Graphs cf the sensitivity functions for the variable SlIO in
t.he tank ::
figure (5)
subplot (9, 2, 1) ;plot (k, SN02, 'k')
title t ' Process vë r i.ab Le SN02')
ylabel (' 'vf on t.s Lce (8) SN02')
xlabel ( '\fontsize {Ef j dl.scret e t.Ime t')

subplot (9, 2, 2); plot (k, SN02f, '}:')
ti.tle( "ser.s t.t t v i t v function SN02f')
ylabel ( '\fontsize {8} ~:l'lO~..:f')
xlabel ( '\fontsi.ze {t3} c.i sc ret.e tdme- k ")

subplotI9,2,3); plotlk,SN02YZH,'k')
title L'Ve rLab Le SN02YZH')
ylabel ( '\fontsi::e (8) SN02YZH' )
xlabel ( 'Yr ont s i ee {B} discrete t.Lme , Y..' )

subplot (9, 2, 4); plot (k, SN02YZA, 'k!)
title( "ve r Lab Le E:NO:YZF-.')
ylabel ( '\ f on t.s Lce [8 j SN02YZ}\.' )
xLebe L t ' \fontsize (8 }discrete time,}:')

subplotI9,2,5); plotlk,SN02fZBH, 'k')
title ('Sensit.ivitv runct Lcn SN02fZBH')
ylabel ( , \ ronce i ce {8} SH02. fZBH' )
xlabel ( 'di acz et;e time, k ' )

subplot 19,2, 6); plot Ik, SN02muA, 'J:' )
ti t.Le ( "Se ns Lti v i ty function SN02muA')
ylabel ( '\ tcnr.s i ce (8} SN02mu..1".l..')
xl abel ( '\ fontsi ce {8) dd sc re t.e time, k ' )

subplot 19,2,7); plot Ik, SN02muH, 'J:' )
title ('Sensitivity function SN02muH')
ylabel ( . \fontsi :::e{ EI} SN02rn.uH')
xlabel ('disc:retE' t.ime,).:')

subplot 19,2,8); plot Ik, SN02KS, 'J:' )
ti t.Le ( 'Sensi ti vity f unc t i.on 8n02K5')
y Labe L ( '\ fonts ice {8} SN02KS t )

xlabel ( 'discrete t Ime , k ' )

subplot 19,2,9); plot Ik, SN02KOH, 're' )
title( 'Sensitivity function SN02KOH')
ylabel ( '\ fontsi ze {e} SN02KOH' )
xlabel ( . \ fon t.s Lce [ij) d'i s c re t.e time, k ' )

subplot 19,2,10); plot Ik, SN02KNO, 'J:' )
title (' se ns t t ivi r y func t Lon SN02KNO')
ylabel ( '\ Eon t a.i ze {8} SNQ2KNO' )
xlabel (' \ ronr.e t ce {8} crr'sc rer.e t t rne, J.;:' )

subplot (9,2,11); plot (k, SN02KNH, 't.' )
title t ' Sensitivity function SNO:I:.;:HH')
ylabel ( '\ f'crrt s i ze {8} StJ"H2KNH' )

xlabel ( '\ fontsi ze {fl j d i ec r e t e t. itne , k')

subplot (9 f 2, 12); plot (k, SN02KOA, , k' )
ti tle ( "Se rrs i ti vi t.y funct.Lon SNO:I:.;:I.)P.')
ylabel ( ,\. fon t s i ae I 8} SN02KOA' )
xlabel ( • \ f'on t s i ze {8} di s cr e t.e time, k ' )

subplotI9,2,13); plotlk,SN02etag, ')':')
ti t.Le ( "Serrs Lt i.v i ty function SN02etag')
ylabel ( '\ fcnt.s i ze {S} Slm2et"'g' )
xlabel ( "vronrs t ce {8) discrete time Ik' )

subplot 19, 2, 14); plot Ik, SN02KMP, ',,')
ti t.le ( I Se ns L't Lv.i r.y f unot.Lon SN02KJ:.1P')
ylabel (' \ forrt.st ce {8} :3N02KHP' )
xlabel (' \ f o nt.s i ce {8}discrete time, k ' )

subplot 19, 2, 15); plot Ik, SN02KSP, 't')
ti t.Le ( "Sen s L ti vi ty Eunct.Lon SN02KSP')
ylabel ( '\ f on t s i ze {S} SN02KSP' )
xlabel ( '\ tont.s ic e {8} discrete time, k ' )

subplot (9, 2,16); plot (k, SN02KSA, 'y~' )
title (' se ns tt Lvtr.y f unc ti.cn SN02F~SA')
ylabel ( ,\ f cn t.s i ze {8 J SU02K~·.A' )
xlabel ( , \ Lon t.s f. ce {ti) d i.s c.re t e t.i.me , k ' )

subplot (9, 2, 17); plot (k, SN02fMA, 'k')
title( "Sens t t iv.t t.y f uncr.Lcn SN02f11A')
ylabel ( '\ forrt size {S} ~,N02ft1A' )
xlabel ( '\ ï ont.s i cc {El}discrete time, k ' )

subplot (9, 2,18); plot (kl SN02KAI 'k')
title r t ser.s r tIva t.y funct.Lon SN02K.P-.')
ylabel ( '\fontsize {8} SN02KP.' )
xlabel ( '\ f'on t.s i ze {8} d.i.s cze t.e time, k ' )

tGraphs for t.he ve rdab Le SNO in the tank 3

figure (6)
subplot (9, 2,1) ;plot (k, SN03, 'k')
ti t.Le ( "Pr-oce s s va.rLabLe SN03')
ylabel (' v font.s Lc e (S j SN03')
xlabe1 ( '\ fon t sLae (8) di sc re t;e 'ti.me Y.: 1 )

subplot(9,2,2); plot (k,SN03f, 'k')
title (' Serrs Lt.d.vi ty function SN03f')

ylabel ( '\ rorrr.s i ce {e) SN03f' )
xlabel (' vfonr.s t z e (8 j d.i s c re t.e t.Lme k ' )

subplotI9,2,3); plotlk,SN03YZH, ']:')
title ('Vari.able S!W:WZH ')
ylabel ( '\ ronr.etce {e} SN03YZH')
xlabel {"vrcnt s i.ae (8 l dis cr e t.e ti.me , Y.:' )

subplot(9,2,4); plot (k,SN03YZA, 'J:')
title ('V["xiable SN03YZA')
ylabel ( '\ f.o nt.s i ce {tJ: SN03YZ?1.')
xlabel (' 'vf ont.s i.a e [8] d i s c r e t.e time, k' )

subplotI9,2,5); plotlk,SN03fZBH, ','I
title (I Sens i.t.Lv i.t.y f'u nct.Lon SN03fZB'f:l!)
ylabel ( '\ t ont.s i ze {8} SN03fZBH' )
xlabel ( 'discrete 't i.rne , k ' )

subplot(9,2,6); pIot(k,SN03muA, 'k')
t.Lt.Le t t SensLti v'i t.y f unct.Lon SN03muA')
ylabe1 (' \tont..<~i:;e{8}Slm:3muA')
xlabel ( "', rcnt.s t ce {iJ} di sc rct.c time, k ' )

subplot(9,2,7); plot (k,SN03muH, "k ")
ti t Le ( "Serrs Lti vi t-y funct.Lon SN03muHI )

ylabel ( ' ....f ont.a i ze {8} SN03muH' )
xlabel ('disc.rete ti.w,e,"t')

subplot (9,2,8); plot (k , SN03KS, , k ' )
ti t Le ( "sene! ti vi.t y f unot.Lon SN03I:S')
ylabel (' \ forrt.s i ze {8} .S.N03KS' )
xlabel ('disc:r''::'1te t.i.rn.~~,}:')

subplot(9,2,9); plot (k,SN03KOH, 'k')
ti t Le ( "Se ns Lti vi ty function SN03KOH')
ylabel ('\fontsize{8}SN03l<OH')
xlabel ( '\, t on t.s t ce {ti) d i.e c re t e time, k' )

subplot(9,2,10); plot (k,SN03KNO, 'k')
ti tle ( 'Sens i ti v; t-y runct.Lon SNO:::r:(NO')
ylabel ( "Vf ont s i ze I S} SN'03KNO')
xlabel ('\f'lntaize{S}di.scl:ete time, k')

subplot(9,2,ll); plot (k,SN03KNH, 'k')
title (·:~ens.itiv:i.ty f'unc ti.on SH03T.\HH')
ylabel ( ! 'vf orrts i.z e {8} SN03Y,NH' )
xlabel ( "vf'on t e Lze {8} di s c re t.e time, k ' )

subplot 19,2,12); plot Ik, SN03KOA, 'k' )
tit1e(
ylabel ( ,
xlabel ('\:Eontsize{8}dise:r::·ete 't i.me s k")

subplot(9/2/13); plot (k,SN03etag, "k "}
ti tle ( "Sens i,t.i vi 't y function SN·03etag')
ylabel ( ! 'cr-ont size {~.)}SN03etag' )
xlabel ('\fontsize{8}discr~'te time, k' )
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subplot 19, 2, 14); plot Ik, SN03KMP, ',')
ti t Le ( I Sensi ti vi ty function SN03hl1P')
ylabel ( '\ fontsi ze {8} SN03KHP' )
xl abel (' \ fontsize{8 j d i ac r e t e time, kl)

subplot 19,2, 15); plot Ik, SN03KSP, 't' )
ti t.Le ( "Se ns i ti vi ty function SN03KS P' )
ylabel ( ,\ fontsize {8} SN03KSP' )
xLabel ( I \ ront e i ce {8} discret.e time, k ' )

subplot (9, 2, 16); plot (k, SN03KSA, 'k')
t.Lt.Le t t Sens i t Lva t.y function SN03KSA')
ylabel { I \ fontsize {8} SN03KSA' )
xlabel ( '\ fontsi ze {8} discrete t tme , k' )

subplot (9, 2, 17); plot (kt SN03fMA,'k')
ti 't Le ( 'Sensi ti vi ty function SN03fHA')
ylabel ( , \ f'ontsize 1~} SN03fM.~_')
xlabel ( '\ fontsi ze {8}di s c re t e time, k r )

subplot (9, 2,18); plot (k, SN03KA,1 k')
title (1 se us Lt j.vLt y function E.N03KA')
ylabel ('\fontsize{B}SN03KA')
xlabel ('\fontsize{8}discIete time, k' )

%Gr,"lphs c;f t.he sensitivity unctions for the ss

·~Grdphs of the sens t t.ic t r.y runct i ons f o r the SS i.n tbe t.ë.nk
1
figure (7)
subplot I9, 2,1) ;plot Ik, SSl, 'I:' )
title (' Pr-oces s ve rd ab Le SSl')
ylabel (' \fontsize{ 8} SSl' )
xlabel('\fontsize{B}disCI'ete time k' )

subplotI9,2,2); plotlk,SSlf, ',,')
title (' Sensitivity function SS1f')
ylabel ( '\fontsize {t3} ~i;.)lf')
xlabel('\fontsize{8}disc:rete time, k')

subplotI9,2,3); plotlk,SSlYZH, 'I:')
title ('Variable SSlYZH')
ylabel ( '\fontsi:::e {ti) SSl YZH' )
xl abel ( '\fontsize {8} discrete tnoe. k' )

subplot(9,2,4); plot (k,SSlYZA, 'k')
title ('Variable SS! YZA')
ylabel ( '\fontsize{ B} ~;.sl YZA')
xI abel ( '\fontsize {8} co.ac ret e t.ime ( }:' )

subplot(9,2,5); plot(k,SSlfZBH, 'k')
title( 'Sensitivity function SSlfZBH')
ylabel ( '\fontsi:::e (ti) SSliZBH' )
xl abel ( 'di SCI:E:te t ime , k r )

subplot(9,2,6); plot(k,SSlmuA, 'J~')

title( 'Sensit.ivity function SSlmuA')
ylabel ( •\ f on t s Lce (8) S:";lmuA')
xlabel ( I Yr cr.t s i ae {8} discrete time r k ' )

subplot(9,2,7); plot (k,SSlmuH, '1:')
title{'Sensitivity function S3lmuH')
ylabel (' \t'ontsi::E:{8}SSlmuH')
x.l abe Lt t d i scne t.e time,k')

subplot(9,2,B); plot(k,SSlKS, Ik')

title (' Sensi.ti v i t y function SSlKf·')
ylabel ( '\ rcnt.s i ce f8} SSlKS' )
x Labe Lt t di s cret e time,k')

subplot 19, 2, 9); plot Ik, SSlKOH, "k ")
t Lt j e tt senst t a vt t y function SSlKOH')
ylabel ( '\ rcnt.s i ce fEs) SSlKOH!)
xlabel ( "vf ont.s t ce {8 j disc i-et.e time, k ' )

subplotI9,2,10); plotlk,SSlKNO, '):')
title ( 1 Se ns L 't i.v.i.t y func t Lon SSlKN"()')
ylabel ( '\ fonts i ce {ti} SSlKNO' )
xLabel ( '\ fonts i ~:E:: {8} di s c r e t.e time r k ' )

subplot 19, 2, 11); plot Ik, SSlKNH, '1':')
ti t.Le ( I Sensi ti vi ty function SSlKNH')
ylabel ( '\ fonts i ze {e! ss lKNH' )
xlabel ( "Vfon t s Lce (8) df.scr er.e time, k')

subplotI9,2,12); plotlk,SSlKOA, 'k')
title('Sensitivity function SSlKOA')
ylabel ( I \ fon t aLze {8} SSlK(~A' )
xlabel ( • \ Iont.s i ce {8ld i s c re t.e time, k ' )

subplotI9,2,13); plotlk,SSletag, ',')
title (' Sensitivity function SSletag')
ylabel ( •\ fon t s i ze {8} SSletag' )
xlabel ( '\ fonts i ze I 8 j d.i sc xet.e time. k I)

subplotI9,2,14); plotlk,SSlKMP, 'k')
ti t.Le ( ! Sen s i ti vi t-y f'unc t.Lcn SSl"Kl'1P')
ylabel ( • \ font size {8}SSlKNP' )
xlabel ( I \ forrt.s i ze I8}di SCI:E:te 't i.me, k ' )

subplotI9,2,lS); plot (k,SSlKSP, "k ")
title (' Sen.sa.ti.v it.y f.unc t i.on SSlKSP')
ylabel ( ,\ forrtai ze {8} SSlK~;P')
xlabel ( '\ fcnr.s t ce (8 j discrete time, k' )

subplot(9,2,16); plot (k,SSlKSA, 'k')
ti t.Le ( 'Sensi ti vi t-y function SSlKSA')
ylabel (' \font.si:~e{B}SSlK5,l\.')
xlabel ( f \ fo nt.e i c e {8} d i.s c.re t.e time, J..:! )

subplot 19, 2, 17); plot (k, SSlfMA, '):')
title('Sensitivity function SSlf!'1P.')
ylabel ('\font.size{8)SSlfHA')
xlabel (' \ Ecn t.s i ce I 8) discrete t i.me, J..:' )

subplot (9, 2, 18); plot (k, SSlKA, , k I)
title ('Sensiti.·,t.i..ty funct.Lon SSlKi\')

ylabel ( "vf'onts i ze I 8} SSlYJ\.')
xlabel (' vt ont.s i ce Laj o i s c rc t e t.i.me s k' )

~:GI·aphs of the sensitivity func ti.on s of the ve r-LbLe SS in
t.he tank 2
figure IB)
subplot (9,2,1) ; plot (k, SS2, "k ' )
title (' Process va riab Le SS2')
ylabel ('\fontsj.ze{8}SS2')
xlabel('\fontsizc{S}discns-te time k')

subplotI9,2,2); plot(k,SS2f, 'k')
title (' Sens Lr.Lv.i t y f unc t i.on SS:f')
ylabel ( 'Yforrt si.ze I 8} SS2f' )
xlabel ( "Vf cn t s i ze {8} disere te timer k ' )

subplotI9,2,3); plotlk,SS2YZH, '1'.')
title ('Variabl~:: SS2YZH')
ylabel ( 1 vrcnt size {8} ~;~;2.YZH' )
xlabel ( 1 vfcrrt si.z e {B} dd s c re t;e timE.~,}~')

subplot (9,2,4); plot (k, SS2YZA,'}: I )

title ('Variablt" SS2YZA')
ylabel ( "vfcn t.s Lz e {ti} SS::YZ.'\')
xlabel ( '\font s.i.ze {8} c.iscre te timf..~,}:.')

subplot (9,2,5); plot (k, SS2fZBH, 'k ')
title( "Sensi.t ..Lv it y function SS2fZBH')
ylabel ( "Vfont.s f.ze {te} ~;f,;2.fZBH I)

xlabel ( 'discrete time, k' )

subplot (9, 2, 6); plot (k, SS2muA, 'r.:.')
title (! Sen s i.t.Lv it y funct i.on SS2rrruA')
ylabel ( f \ .ïonr.s Lc e (ti) SG::rrr..:tA' )
xlabel ( I 'vrcnt so.ae (e j dtsc ret.e t.Lrne , Y..')

subplot(9,2,7); plot(k,SS2muH, 'r.')
title ( •Sen.s Lti.v i. tv function SS2rnuH f)
ylabel ( , 'vfont.s i ce {8} SS::muH I)

xlabel('discrete time,k')

subplot (9,2,8); plot (k, SS2KS, I k I )

title ( tacctf.or, SS2KS')
ylabel ( r SS:~KS' )
xlabel (' d i.s c re t.e time, J~' )

subplot(9,2,9); plot (k,SS2KOH, "k "]
title ('
ylabel ('
xlabel ( "vf on t.s aae (IS) di sc.re t;e time, k ' )

subplot(9,2,lO); plot (k,SS2KNO, "k ")
title ('
ylabel ('
xlabel ( '\ f ont.s a ce {8} discrete time ( k' )

subplot(9,2,11); plot (k,SS2KNH, Ij:')
ti t.Le ( •Sensi t i vi t-y function SS2KNH')
ylabel (' \for.t.sJ.:::e{8}SS:::KNH')
xlabel ( '\ Eo nt.s i ce {8} d.i.s cr e t;e t i.rne, k ' )

subplotI9,2,12); plotlk,SS2KOA, ,,')
title (' aens LtLvLr.y f unct.Lon SS2KOA')
ylabel (' \font.s].ze{8}SS2KOA')
xlabel ( r 'vf'on t.s Lae {8) dd s c r-et;e time, k ' )

subplotI9,2,13); plotlk,SS2etag,'k')
title( "Sen s i t Lv i r.y f unct.Lon SS2eta.g')
ylabel ( "Vr ont s Lz e t 8} SS2:etag')
xlabel ( '\ fcn r.s ic e {e j dd sc ret;e t Lme, k ' )

subplotI9,2,14); plotlk,SS2KMP,'k')
title( "sens it LvLt.y Euncr.d.on S.s2K1-1P')
ylabel ( "vfcrrt size {8} SS2:KHP' )
xlabel (I \ f ont ei zei 8 l d i.s c r e t.e time, k ')

func ti.on ~;S2KSP')
ylabel ( '\ t crrt s i ze {8}~~S2r.:sP')
xlabel ( 1\ font.s i ze {S}di SCIE:t.e time, k ' )
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subplotI9,2,161; plotlk,SS2KSA, '):'1
ti t.Le ( •Sensi ti vi ty function SS2KSA')
ylabel ('\fontsize{8}SS2KSA')
xlabel ( •\ fon t s Lce [8) da s cr e t.e time, 1:' )

subplotI9,2,171; plotlk,SS2fMA, '):'1
title (I Sensitivity function SS2fMA')
ylabel (' \ fontsi ::e{ 8} SS2fM..l\.' )
xlabel (' \ tont.e i ce {Ell d i s c r e t.e time, kt}

subplot 19,2,18 I; plot Ik, SS2KA, '),:' I
ti t.Le ( I Sensi ti vi ty function SS2KAT

)

ylabel ( • \ fon ts i ze {8) SS2KA' )
xlabel (' \ t cnt s i ce pn discrete time, kt)

~'Graphs for SS variable in the t.ank 3

figure (9)
subplotl9,2,ll ;plotlk,SS3, '),:'1
title (' Process ve r Lab Le r-~S3')
ylabel ( I \ f ont sLae {8} S~:;3• )
xlabel('\fontsize{8}discrete time k')

subplotI9,2,21; plotlk,SS3f, 't')
title( 'Sensitivity function 5S3ft)

ylabel ( '\fontsize (SI sss e ')
xlabel t ' \fontsize{8 }dis.-;rete ti.me,)'_·}

subplotI9,2,31; plotlk,SS3YZH, 'k')
t i t.Le t t ve r Lab.l e SS3YZH')
ylabel ( "vf ont.s Lc e [8) SS3YZH ')
xlabel ( , vront s i ae {EI} c.isc ret e t jme , r. ' )

subplot (9,2,4); plot (k, SS3YZA, '1-.: I )

title r t ve r i.ect e S.s3YZA·)
ylabel ( • \ fontsi:.e {9) SS3YZA' )
xlabel ( . \ fontsize {8}discrete time r k ' )

subplotI9,2,5); plotlk,SS3fZBH, 'le')
title( 'Sensitivity function SS3fZBH')
y.Labe L (' 'vf ont.s t a e (8) SS3fZBH' )
xlabel ( I d.is c re t e time, k ' )

subplot 19,2,6); plot Ik, SS3muA, "k ' I
title ('Sensitivitj' function SSJmu.i\')
y Labe L ( '\ fontsi::e [tl) SS3mu.Z>..!)
xlabel (' \fontsi.ze {8} discrete t.Lme , I':')

subplot 19, 2,7); plot Ik, SS3muH, 'l:')
ti t.Le ( 'Sensiti vi ty function SS3muH')
ylabel ( '\ rcnt.s i ce {8} SSJmuH')
x Labe Lf t d.i s cz e t e time,k')

subplot 19,2,8 I; plot Ik, SS3KS, ' k ' I
title (' Sensiti vi ty function SS3KS')
ylabel ( "v f ont s i ze {S} SS3K_:; I )

x Labe Lt t d.i s c re't e time,k')

subplotI9,2,9); plotlk,SS3KOH, 'k'i
title ('Sensitivity function SS3KOU')
ylabel ( '\ fon t s i ce {El) SS3KOH' )
xlabel ( '\ fon t.s Lce (8 j cisc r et.e time, k ' )

subplotI9,2,lO); plotlk,SS3KNO, 't')
ti t Le ( "Sen s i.ti vi ty funct.Lcn SS3Kl'fO')
ylabel ( " font.s i ze {3} SS3KNO')
xlabel ( I \ fontsi::e 11:: j od sccet.e time, k' )

subplotI9,2,lll; plotlk,SS3KNH, '}:')
title (' Se ns i t iv i t.y function .sS.3"KNH')
ylabel ( "v f ont.s á ze {8} SS3KNH')
xlabel ( '\ ront s i ce {ij} di sc ret;e t.Lme , J.;:' )

subplot (9,2,12); plot (k, SS3KOA,'k' )
ti t Le ( 'Sensi ti vi ty function SS3KOA I )

ylabel ( , 'vfon t s i ze {8} SS3KOA' )

xlabel ( '\ fon t.s i :;e~ El) discrete time, k')

subplot (9, 2, 13); plot (k, SS3etag, '}':' )
ti 'tLe ( "Se ns Lti vi ty function SS3et ag' )
ylabel ( I \ fontsize {8} SS3etag I )

xlabel ( " t'on ts i ze {e Idi setete time, k ' )

subplot (9,2,14); plot (k, SS3KMP,, k' )
title (' Se ns i t.Lvf.t y function SS3"EMP')
ylabel ( , \ font size {8} SS3KHP' )
xl abel (' \fontsize{8 j di s c r e t e time, k')

subplot(9,2,15); plot(k,SS3KSP, 'k')
t.Lt.Le Lv Sens i t.Lv i t.y function ES3KSP')
ylabel ( ! \ fontsi.ze {8}SS3l<:SP')
xlabel ( '\ fontsize {a} di s c r e te time, k ' )

subplot(9,2,16); plot(k,SS3KSA, 'k')
tit1e( 'Sensitivity function SS3¥:SP.~')
ylabel ( '\:1: ontsize {8}SS:~KSA' )
xl abel i 'I.. forrt eLze {8}discrete t.Ime , k ' )

subplot(9,2, 7); plot (k,SS3fMA, 'k')
title ( "Se ns i. i v Lt.y runct.aon SS3fHA')
ylabel ('\for, ,size{8}SS3f1:.1;'i..')
xlabel (' 'vf on s i ze t s j d.Lecr.et.e time, k')

subplot(9,2,18); plot (k,SS3KA, 'k')
ti t Le ( "seus t ti vi ty function SS3Kft_')
ylabel (' \fontsize{ 8 }SS3Y..A')
xlabel ( , \ rcnt.s t r.e {8} d Lsc re t e time, k ' )

1.;Graphs of the eene i t.i vi ty functions for the sees in t.be
t.enj; 1
figure (10)
subplot (9, 2, 1) ;plot (k, Sads1, 'k')
title (' Pre/cess ve.r i.ab Le Sad.sl. ')
ylabel (' \font.size {El}Sadsl' )
xlabel ( "vrcnt size {8} d.isc re te ti.me }:')

subplot(9,2,2); plot(k,Sadslf, 'k')
title (' Sen.sLt.Lv I ty function Sadslf' )
ylabel ( I Vf ont.s Lce (8) Sadslf' )
xlabel ( "Vf orrt s aze t &) discrete t.Lrne s k ")

subplot(9,2,3); plot(k,Sads1YZH, 'L')
title ('Vaxiable. Sad.,s1.YZH')
ylabel (' 'vf ont.s Lce {8) Sadsl YZH')
xlabel (f\fQnt.si.z,e{8}discret"€ t.Lrnej k")

subplot 19, 2, 4); plot Ik, SadslYZA, 'lo')
ti t.Le ('VaLi.abl.e Se ds I YZl'~')

ylabel ( "vfont.s Lce {&} Sade I YU"_')
xlabel ( I 'vf ont.s Lce (£:) d i s c.ret;e time, k ' }

subplotI9,2,51; plotlk,SadslfZBH, 'k'i
title (' senst tLv it y function Saclslf2.BH')
ylabel ( "font.si ce {8} saas i r zna ' )
xlabel ( 'discrete time, J:' )

subplot(9,2,6); plot (k,SadslmuA, '1-:".')
t.Lt.Le t t Se ns i t Lvd t.y f unc t.Lon Sed s Lrnuê.")

ylabel ( '\, f cnts I ze (8) Se.ds Imuzv' )
xlabel ( "vronr.sc ce (8) d ï.s c r et.e time, k' )

subplot (9, 2, 7); plot (k, SadslmuH, '}'~')
ti t.Le { "Se ns Lti vi t-y funct.Lon Sad s Irnul'l1 )

ylabel ( '\ font.si ze {8} Sad s Imu'll ' )
xlabel ('discret.e t nne . r~')

subplot (9, 2, 8); plot (k, SadslKS, 'k')

t.Lt Le j t sens i t Lvi t.y funct.i.on SadslKS')
ylabel ( , \ f cn t s i ze (8) SadslKS ')
xlabel ('cl.i.scret.e tLme , r.:')

subplot(9,2,9); plot(k,SadslKOH, 'k')
title ( f'urrct.Lon SadslKOH')
ylabel (' 8}SadslKOH')
xlabel (" fontsize (8 j di.s cr e t;e t.Lme , k ' )

subplot(9,2,10); plot (k,Sads1KNO, 'k')
ti t j e ( 'Sens i ti vf, ty runct.ton Sads1.b."N"O')
ylabel ( "v.tent size {S} SadslKNO 1 )

xlabel('\fontsi~;e{e}d:Lscl.'et:e time,k')

subplot (9, 2,11); plot (k, SadslKNH, 'I':' )
title ( "Sen s i ti v a t.y f unct.Lon Sad.slKNH')
ylabel ( '\ font size {8} SadslKNH' )
xlabel ( , \ f ont.si ze {8} d Lsc.r e t.e 't i.me, k ' )

subplot 19, 2, 12); plot Ik, SadslKOA, 'k' I
title(
ylabel ('
xlabel ( '\ f onts i ze {El} d.i.e cze t.e time, k ' )

subplot(9,2,13); plot (k,Sads1etag, IJ:')
ti t.Le ( "Seus i t LvLt.y funcrti.on s eds Le t eq")
ylabel (' 'vtor.t s i ae t s j Sads Let.ec ")
xlabel ('\tontsize{8}discrt?t.:" t i.mes k")

subplotI9,2,14); plotlk,SadslKMP, 'k')
t Lt.Le t tsens i t av i.ty f unot.d on S.:,dsl}J.>1P')

ylabel ( 'Yr cnt size {B} Sads1.KHP' )
xlabel('\fontsize{S}discrete time,k')

subplot(9,2,15); plot(k,SadslKSP, 'k')
title('Sensitivity function SadslKSP')
ylabel ( "vfont.s Lae {8}SódsU·:SP' )
xlabel ('\fontsize{8}discrete 'ti.me s k"}

subplot (9,2,16); plot (k, SadsIKSA, 'k' )
title (' Sens i.r.Lv.Lty function SadslKSA')
ylabel (' vf orrt s Lze {e} Sóds.1.l::·SI...')
xlabel (' Vf-on+s.iz.e l Bj d.is c r e t.e t i.rne, r.:')

subplot (9,2, 17); plot (k, SadsifMA, 'k' )
title (' funct ion S{jdslfH~'._')
ylabel ( , Sadslf:r-m_' )
x Labe L ( 'Yront sLz e {13}cu scre te t tme, Y.:.' )

subplot(9,2,18); plot (k,SadslKA, 'k')
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title( "Sens Lt Lv.it y function SadslK.~')
ylabel ( ,\ fontsize{ EI} SadslK:'..' )
xlabel ( '\ fon t.s aze {8} di ac r e t.e t. itne, k ' )

~;Graph.s of the sensitivity functions of the va r i.b l e SS in
t.he tank _.,
figure (11)
subplot 19, 2, 1) ;plot Ik, Sads2, ',')
ti tle ( 'Process variable sacs:' ")
ylabel ( '\fonts.ize {8) ::~ads:')
xlabel ( ! vfont s.i.ae t 8 j di sc re t e time k')

subplot(9,2,2); plot(k,Sads2f, 'J';.')
title (' ser.s i t.iv it y function Sads2f')
ylabel ( '\fontsize (8} Sads2f' )
xlabel ( '\fontsize {EI} d.i sc ret e time, r.: 1 )

subplot (9, 2, 3); plot (k, Sads2YZH, 'k')
title ('Variable Sads::":YZH')
ylabel (' 'vf on t s á ce {8) Sads2YZH' )
xlabel ( '\fontsize {8) df.s c r et;e time, 1-:' )

subplot (9,2,4); plot (k, Sads2YZA, •k' )
title ('Variable 5ads=:YZP.')
ylabel ( '\fontsi:.e {8} Sad.s2YZA 1 )

xlabel ( '\fontsize {B} discrete t ame, r:.' )

subplot(9,2,5); plot (k,Sads2fZBH, 'k')
title( "SertsLt iv i t y function Sads2fZBH')
ylabel ( '\ fon t s Lce (8) Sads2fZBH' )
xlabel (' d.i ac re t e time, k' )

subplot (9, 2, 6); plot (k, Sads2muA, 'k' )
title ('Sensitivity function Sads2.rnuA')
ylabel ( • \ f'ont.s t ce {ti} Sads2muA' )
xlabel (' 'c f on t.s Lce I 8) dd s c r et;e time, k' )

subplot (9,2,7); plot (k , Sads2muH, •k ' )
title (' Sensitivity function Sads~muH')
ylabel ( 1 \ fontsi ze [B} Sads2muH' )
xLabe Lt t d.i s c re t e time,k')

subplot I9, 2, B); plot Ik, Sads2KS, 'k' )
ti t.Le ( "Se ns i,ti vi ty function Sads:KS')
ylabel {'\ fontsi ze {8} Sads2KS ' )
xlabel ('discrete time, r~')

subplot 19,2,9); plot Ik, Sads2KOH, ',' )
title ( 'Sensiti vi ty function Sads1h\)H')
ylabel ( I \ fonts i z e {3} Sads2K.OH' )

xlabel ( '\ fonts t ce {El} di sc ret.e time . k ")

subplot(9,2,10); plot (k,Sads2KNO, 'r:.')
title( 'Sensitivity Eunc t.Lon Sads:'::KNO')
ylabel ( '\ fon t e i ze{ 8 }Sads2KNO' )
xlabel (' 'c ï ont.s i ze t s j di ecr e te t.Lme , k ")

subplot (9, 2,11);. plot (k, Sads2KNH, 'I-:' )
title( "sens tt i v t.t.y f unc t.Lon Sads:'::KNH')
ylabel ( ,\ fontsize {8} Sads2KNH·' )
xlabel ( • \ re-nt s i re {e} di sc rer.e time, k ' )

subplot (9, 2,12); plot (k, Sads2KOA, 'J.-:')
title( "Sens it Lv i.t.y runcr.t.cn Sad.s:~KOA')
ylabel ( I \ fontsize {8} Sads2KOA I )

xlabel ( •\ fon t.s i ZE: {8} di s c r e t.e t tme , k' )

subplot(9,2,13); plot(k,Sads2etag, 'l:')

title ( "sens t ti vLt.y funct.ion Sads:'::etóg!)
ylabel ( "vf orrt s i ze {il} Sad s Eet eq ' )
xlabel (' \ fontsize {8 l d.i ec r e t.e time. k')

subplot (9, 2, 14); plot (k, Sads2KM:P, 'k' )
ti tle ( •sens t t.i vity function $ijds2YJ.yI.P')
ylabel ( 'I" fontsize {8} Sads2Kl-1P' )
xl abel ('\fontsize{8}disclete time. k')

subplot(9,2,15); plot(k,Sads2KSP, "k ")

title( "s ene i t av i.t y f unct Lon Si:i.ds2KSP')
ylabel('\fontsizef8}Sads:'::KSP')
xl abel ( ,\. f'orrt s i ze {8} discrete time, k' )

subplotI9,2,16); plotlk,Sads2KSA, 'k')
title( 'Sensitivity- function Sads2KSF~')
ylabel ( 'Yfonts Lze j \"3}S8.d3:::KSA 1)
xlabel ( 'I" f on't s.i ze {8} di s c r e t e time. k ' )

subplotI9,2,17); plotlk,Sads2fMA, "k ")
title ( f Sensi ti vi t y func t i.on Sads2fHA')
ylabel ('\font.size{\"3}SadB:.:fNll,.')
x Label ('\fontsize{8}diso::rete 't i.me , k')

subplot 19, 2, 1B); plot Ik, Sads2KA, 'k' )
ti t Le ( "ëens i.ti vi ty function Sads2K1:.')
ylabel (' vf on t.s Lce (Ij) Sads2KZ:..')
xLabel ( , \ f'orrt s.i.ze {8}discrete time Ik' )

'!.Graphs for SS ve r Lab Le .in the t enk :1

figure (12)
subplot(9,2,1) ;plot(k,Sads3, 'k')
title ( "Pr-oce sa vari.able S8d.S:~I)

ylabel (' 'vr ont.s r ce (8) Sads3' )
xlabel (1'vfont s i ae I ê Ldds c re t.e time "k')

subplot(9,2,2); plot(k,SS3f, 'k')
title( "Sensi.t.i.v i t v function Sads3f')
ylabel ( '\ fon t.s Lce {tJ} Sacis Sf I )

xlabel {'\fontsi.ze {8} discrete time, k ' )

subplot(9,2,3); plot (k,Sads3YZH, 'I:')
title( 'Variable Sads3YZH')
ylabel (' vfont.s i ce t a j s adsx'ï za t )

xlabel (' Vf ont.s Lce (8) discrete time, k ' )

subplot(9,2,4); plot (k,Sads3YZA, 'k')
title (vvar.t ab ï.e Sads.3YZl-:.')
ylabel ( • \ fonts} c e {8} Sads3YZ.h' )
xlabel ( '\ f onr.s Lce {8) discrete time, k' )

subplot (9, 2, 5); plot (k, Sads3fZBH, 'k I)
title ('Sensitivit.y funct.Lon Sads3fZBH')
ylabel ( '\, ront.s i ce {8} Sads3fZBH' )
x Labe Lt t dá s cr-e t e timer}:')

subplot 19,2,6); plot Ik, Sads3muA, 'k' )
title ('Sensitivit.y f un c t.Lo n Sads3muA')
ylabel ( '\ fonts i. ze {CJ} Sads3muA' )
xlabel ( "vf ont.s Lze (8) discrete time, k ' )

subplot 19,2,7); plot Ik, Sads3muH, 'k.' )
title('Sensitivit.y f unct.Lcn Sads3muH')
ylabel ( '\ f ont.s i ze {8} Sads3muH I)
xlabel ('discrete tim~,}:')

subplotI9,2,B); plotlk,Sads3KS, 'k')
title( "sens t t Lva.t.y func t i on Sads3:KS')
ylabel('\fontsize{8)Sads3KS')
xlabel ('discrete t.Lme, k')

subplot (9,2,9); plot (k, Sads3KOH, 'k' )
title( "sens it t vt t y functi on Sads3KOH')
ylabel ( '\. forrt size {8} Sads3KOH' )
xlabel ( '\ font ..s t ze {S} d i.s cr.e t;e time. J.,;' )

subplot (9, 2, 10); plot (k, Sads3KNO, 'r:.' )
title r t sene it j.vj.t.y functi.cn Sads.3KHO')
ylabel ( 1 \. font size {8} ~:;ad.'dl<NO' )
xlabel ( '\ t'on t s i ze {8} c tecr e te time, k ' )

subplot (9,2,11); plot (k, Sads3KNH, 'k' )
title I
ylabel ( ,
xlabel (' \ f cn t.a iz e {3 j d.i.scre t.e time, k ' )

subplot(9,2,12l; plot(k,Sads3KOA,'k')
title(
ylabel (I

xlabel (' 'vrcnts i ae t s j dt sc re t.e time, k')

subplot(9,2,13); plot (k,Sads3etag, "k ")
title (
ylabel ( I , )

xlabel('\fantsize{8}discrete time,k')

subplotI9,2,14); plotlk,Sads3KMP, "k' )
title (' Sens i t.Lv.i t y function Sads3KHP')
ylabel (' 'vr crrt s t.z e {B} Scd.s3I\I'1P')
xlabel(1\fontsize{8)discrele tirue,k')

subplotI9,2,15); plotlk,Sads3KSP,'k')
title{ "Sen s.i t.Lv.it y f unc't i on ~;ads3KSP')
ylabel (1vront siae {ij} ~;óds.:'KSP' )
xlabel ( '\:fontsize {8} d.is c re t e tLn.e , k I )

subplot 19,2,16); plot Ik, Sads3KSA, "k ' )
title( "Sens Lr.Lvit y function Sads]K8A')
ylabel I'
xlabel (1

subplotI9,2,17); plotlk,Sads3fMA, 'k')
title( "Sens.i t.Lv.it y function Sads3f}.'J...!l..')
ylabel (' \font~si::;e {B} Sads.3fl"Ll\~ ')
xlabel ( "Vfon t s Lze {8} d.i s cr-et;e ti.rae s k ")

subplot 19,2,18); plot Ik, Sads3KA, 'l:' )
title t ' Sen s i t.Lvit y func t i.on S.::"f'ds3K.i\')
ylabel ( "v ï ont.s Lze (8] ~3(ids3K..;")

xlabel {"vtont s i ze {8} discrete time , r..' )
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2.Subprogram
'iSUBPROGRAN rateAUCTS . m
%AIH:The p roq ram function rateAS111.TIl calculates the process rates, derivatives of the proces rates towards the model
parameters and variables and forms the sensitivity model mc t r áce s necessary for simulation of theprocess variables and
the sensitivity functions for the At h.Lone process be aed on the r-e duccd UCTbiological model.
:!The p roq rem uses global definition of the rncde I parameters

function [ROUeT ,ASu, BSu, CSu, DSu] =rateAUCTS (Xk, Uk, XBHk,XBAk, XSk, DT,Allu,A12u,A21u,A22u,A23u,A32u,A33u, BIu, Cnu)
global Ks KOH KNO KNA KOA muH etag muA KMP fZBH YZH YZA KA KSA KSP fMA

óCaLcu Lat.Lon of t.he process rates at every moment of t.he time
:1. .reacti on S .in t.ank 1
ROUCT (l)-muH* (Xk (3) I (Ks+Xk (3))) * (Uk (1) I (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) *XBHk (1);
ROUCT (2) '"I!IuH* (Xk (3) I (Ks+Xk (3))) * (Uk (1) I (KOH+Uk (1) ) ) * (KNAl (KNA+Xk (1)) ) * (Xk (2) I (KNO+Xk (2))) *XBHk (1) ;
ROUCT (3)"""uH* (Xk (3) I (Ks+Xk (3))) * (KOHl (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) * (Xk (2) I (KNO+Xk(2))) *XBHk (1);
ROUCT (4) =muf+e (xx (3) I (Ks+Xk (3) ) ) * (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2))) *XBHk (1) ;
ROUCT (5) ~KMP* ((Xk (4) IXBHk (l))! (KSP+Xk(4) IXBHk (1))) * (Uk (1) I (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) *XBHk (1);
ROUCT (6)~KMP* ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1))) * (Uk (1) I (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) * (Xk(2) I (KNO+Xk (2))) *XBHk (1);
ROUCT (7)~KMP* ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1))) * (KOHl (KOH+Uk (1))) * (Xk(l) I (KNA+Xk(l))) * (Xk (2) I (KNO+Xk(2))) *etag*XBHk (

1) ;
ROUCT (B)~KMP* ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1))) * (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) * (Xk (2) I (KNO+Xk(2))) *etag*XBHk (1)

ROUCT (9) ~KA*XSk (1) *XBHk (1) * (fMA- (Xk (4) IXBHk (1) )) ;
ROUCT (lO) =muê." (Uk (1) I (KOA+Uk (1))) * (Xk (l)! (KSA+Xk (1)) ) *XBHk (1) ;

~ reactions in t.e nk 2
ROUCT (11) =rnuh " (Xk (7) I (Ks+Xk (7) )) , (Uk (2) I (KOH+Uk (2)))' (Xk (5) I (KNA+Xk (5) ) ) *XBHk (2) ;
ROUCT (12)~muH* (Xk (7) I (Ks+Xk (7))) * (Uk (2) I (KOH+Uk (2))) * (KNA! (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *XBHk (2);
ROVCT (13)~rnuH* (Xk (7) I (Ks+Xk (7))) * (KOHl (KOH+Uk (2))) * (Xk(5) I (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *XBHk (2);
ROUCT (14) =mufi" (Xk (7) I (Ks+Xk (7))) * (KOHl (KOH+Uk (2)) ) * (KNAl (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *XBHk (2) ;
ROUCT (15) ~KMP* ((Xk (B) IXBHk(2)) I (KSP+Xk (B) IXBHk (2))) * (Uk (2) I (KOH+Uk (2))) * (Xk (5) I (KNA+Xk(5))) *XBHk (2);
ROUCT (16)~KMP* ((Xk (B) IXBHk(2)) I (KSP+Xk (B) IXBHk (2))) * (Uk (2) I (KOH+Uk (2))) * (KNAl (KNA+Xk(5))) * (Xk(6) I (KNO+Xk (6))) *XBHk(2);
ROUCT (17) ~KMP* ((Xk(B) IXBHk (2)) I (KSP+Xk (B) IXBHk(2))) * (KOHl (KOH+Uk (2))) * (Xk (5) I (KNA+Xk (5))) * (Xk(6) I (KNO+Xk (6))) *etag*XBHk

(2) ;
ROUCT (lB) ~KMP* ( (Xk (8) IXBHk (2) ) I (KSP+Xk (8) IXBHk (2) ) ) * (KOHl (KOH+Uk (2) )) * (KNAl (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6))) *etag*XBHk (2

);
ROUCT (19)~KA*XSk (2) *XBHk (2) * (fMA- (Xk (B) IXBHk (2)));
ROUCT (20)~muA* (Uk (2) I (KOA+Uk (2))) * (Xk (5) I (KSA+Xk(5))) *XBHk (2);

'E< reactions in tank .3
ROUCT (21) =mud " (Xk (11) I (Ks+Xk (11))) * (Uk (3) I (KOH+Uk (3))) * (Xk (9) I (KNA+Xk (9))) *XBHk (3) ;
ROUCT(22)~muH*(Xk(ll)/(Ks+Xk(11)))* (Uk(3)! (KOH+Uk(3)))* (KNAl (KNA+Xk(9)))* (Xk(lO)/(KNO+Xk(lO)) )*XBHk(3);
ROUCT (23) =rnuft" (Xk (11) I (Ks+Xk (11) )) * (KOH! (KOH+Uk (3))) * (Xk (9) I (KNA+Xk (9))) * (Xk (lO) I (KNO+Xk (10))) *XBHk (3) ;
ROUCT (24) ~rnuH* (Xk (11) I (Ks+Xk (11) )) * (KOHl (KOH+Uk (3) )) * (KNAl (KNA+Xk (9))) * (Xk (lO) I (KNO+Xk (lO) ) ) *XBHk (3) ;
ROUCT (25)~KMP* ( (Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3))) * (Uk (3) I (KOH+Uk (3))) * (Xk (9) I (KNA+Xk(9))) *XBHk (3);
ROUCT (26)~KMP* ((Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3))) * (Uk(3) I (KOH+Uk (3))) * (KNAl (KNA+Xk (9))) * (Xk (lO) I (KNO+Xk (10))) *XBHk(
3) ;
ROUCT (27) ~KMP* ( (Xk (12) IXBHk (3)) I (KSP+Xk (12) IXBHk (3))) * (KOHl (KOH+Uk (3) ) ) * (Xk (9)! (KNA+Xk (9))) * (Xk (lO) I (KNO+Xk (10 )))'etag*

XBHk(3) ;
ROUCT (28) ~KMP* ( (Xk (12) IXBHk (3)) I (KSP+Xk (12) IXBHk (3))) * (KOHl (KOH+Uk (3))) * (KNA! (KNA+Xk (9) ) ) * (Xk (ID) I (KNO+Xk (lO) ) ) *etag*XB

Hk(3) ;
ROUCT (29)~KA*XSk (3) *XBHk (3) * (fMA- (Xk (12) IXBHk (3)));
ROUCT (30)~rnuA* (Uk (3) I (KOA+Uk(3))) * (Xk (9) I (KSA+Xk (9))) *XBHk (3);

ROUCT~[ROUCT(l) ROUCT(2) ROUCT(3) ROUCT(4) ROUCT(5) ROUCT(6) ROUCT(7) ROUCT(B) ROUCT(9) ROUCT(lO) ROUCT(l1) ROUCT(12)
ROUCT(13) ROUCT(14) ROUCT(15) ROUCT(16) ROUCT(17) ROUCT(18) ROUCT(19) ROUCT(20) ROUCT(2l) ROUCT(22) ROUCT(23) ROUCT(24)

ROUCT (25) ROUCT (26) ROUCT (27) ROUCT (28) ROUCT (29) ROUCT (30)l';

Sca.ï.cuxer t or, for the Sensitivity Ane Ly sLs
't CeLcu Lë.t i cn of the de r ive t.d.ve s of the pz-oce s s re t.es towards the pr-ecess va r iab.l.e s
'eCe Lcu Lat Lon s f o r the tank 1
rUSNH1SNH1~-
fZBH*XBHk (1) * (KNAl (KNA+Xk (1) ) '2) * (Uk (1) I (KOH+Uk (1) ) ) * (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) )
) ) + (KOHl (KOH+Uk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) *muH* (Xk (3) I (Ks+Xk (3) ) ) *KMP*etag* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) )-

(l/YZA+fZBH) *muA* (Uk (l)! (KOA+Uk (1))) * (KSA! (KSA+Xk (1) ) ) *XBAk (1) ;
rUSNH1SNO!=-
fZBH*XBHk (1) * (KNOl (KNO+Xk (2)) '2) * (KOHl (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) * (muH* (Xk (3) I (Ks+Xk (3) ) ) +etag*KMP* ( (Xk (4) IXBHk (1)

)I (KSP+ (Xk(4) IXBHk(l)))));
rUSNHlSS!=-
fZBH*rnuH* (Ksl (Ks+Xk (3) )) *XBHk (1) * (Xk (1) I (KSA+Xk (1) ) ) * ( (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOH+Uk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) ) ;

rUSNHlSadsl=-
fZBH*KMP* ( (KSP IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) * (Xk (1) I (KNA+Xk (1) ) ) * ( (Uk (1) I (KOH+Uk (1) ) ) +etag* (KOHl (KOH+Uk (1) ) ) * (Xk (2) I (
KNO+Xk(2)))) ;
rUSN01SNH1-fZBH* (Uk (1) I (KOH+Uk (1))) * (KNAl (KNA+Xk (1)) '2) * (Xk (2) I (KNO+Xk (2))) *XBHk (1) * (rnuH* (Xk (3) I (Ks+Xk (3))) +KMP* ( (Xk (4)
IXBHk(l)) I (KSP+ (Xk(4) IXBHk(l))))+fZBH* (KOHl (KOH+Uk(l))) * (KNAl (KNA+Xk(l)) '2) * (Xk(2) I (KNO+Xk(2))) *XBHk(l) * (rnuH* (Xk(3) I (Ks
+Xk (3))) +KMP*etag' ( (Xk (4) IXBHk (1)) I (KSP+ (Xk (4) IXBHk (1))))) + (l/YZA) *muA* (KSAI (KSA+Xk (1)) '2) * (Xk (2) IKOA+Xk (2) ) ) *XBAk (1) ;

rUSNQ1SN01=-
fZBH* (Uk (l)! (KOH+Uk (1) ) ) * (KSAI (KSA+Xk (1) ) ) * (KNOl (KNO+Xk (2)) '2) *XBHk (I) * (rnuH* (Xk (3) I (Ks+Xk (3) )) +KMP* ( (Xk (4) IXBHk (I)) I (KS

P+ (Xk (4) IXBHk (1))))) -
(KOHl (KOH+Uk (1))) * (KNOl (KNO+Xk (2)) '2) *XBHk (1) * (rnuH* (Xk (3) I (Ks+Xk (3) ) ) +KMP*etag* ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) III
* ( ( (l-YZH) 12. 86*YZH) * (Xk (1) I (KNA+Xk (1))) + ( ( (l-YZH) 12. 86'YZH) +fZBH) * (KNA! (KNA+Xk (1)))) ;
rUSN01SS1~-rnuH* (Ksl (Ks+Xk (3) ) '2) * (Xk (2) I (KNO+Xk (2) )) *XBHk (1) * (fZBH* (Uk (1) I (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) + ( (1-
YZH) 12. B6*YZH) * (KOH! (KOH+Uk (1) ) ) * (Xk (l)! (KNA+Xk (1))) + ( (l-YZH) 12. B6*YZH) +fZBH) * (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) ;

rUSNOlSadsl=-
KMP*( (KSP/XBHk(l) )/(KSP+(KSP/XBHk(l) ))'2)* (Xk(2) I (KNO+Xk(2))) *XBHk(l)* (fZBH*(Uk(l)! (KOH+Uk(l))) *(KNA/(KNA+Xk(l)))+( (1-

YZH) 12. B6*YZH) * (KOH! (KOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk (1) ) ) *etag+ ( ( (1-
YZH) 12. 86*YZH) +fZBH) * (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) *etag) ;
rUSS1SNH1~- (l/YZH) *rnuH* (Xk (3) I (Ks+Xk (3)) i- (Uk (I) I (KOH+Uk (1)) )' (KNAl (KNA+Xk (1)) '2) *XBHk (1) * (1- (Xk (2) I (KNO+Xk (2) III ;
rUSS1SNOl=-
(l/YZH) *muH* (Xk (3) I (Ks+Xk (3) ) ) * (KNOl (KNO+Xk (2)) '2) *XBHk (1) * ( (Uk (1) I (KOH+Uk (1) )) * (KNAl (KNA+Xk (1) ) ) + (KOHl (KOH+Uk (1))) * (Xk

(l)! (KNA+Xk (1))) + (KOHl (KOH+Uk (1))) * (KNAl (KNA+Xk(l))));
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rUSSlSSl=-
11/YZH) * IKsl IKs+Xk(3» '2) * I lUk Il) I IKOH+Uk Il» ) * I IXkll) I IKNA+Xkll») + (KNAl (KNA+Xk (1») * (Xk (2) I (KNO+Xk (2») ) + (KOHl (KOH+Uk
(1») * (Xk (2) I (KNO+Xk (2») * ((Xk Il) I IKNA+Xk (1») + (KNAl (KNA+Xk (1»») *XBHk(l); rUSS1Sadsl~0;
rUSadslSNH1~- (l/YZH) *KMP* ((Xk(4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1»» * (Uk (1) I (KOH+Uk(l»)' (KNAl IKNA+Xk (1» '2) 'XBHk (1) * (1-

(Xk(2) I (KNO+Xk(2»»;
rUSadslSNOl=-
(l/YZH) 'KMP' ( (Xk (4) IXBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) ) * (KNOl (KNO+Xk (2) ) '2) 'XBHk (1) , ( (Uk (1) I (KOH+Uk (1) ) ) * (KNAl (KNA+Xk (1) ) ) +
IKOHI IKOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk I 1) ) ) + (KOHl IKOH+Uk (1) ) ) * (KNAl IKNA+Xk (1) ) ) ) ; rUSadslSS1~0;

rUSadslSadsl=-
11/YZH) *KMP* ( (Ksp/XBHk (1) ) I (KSP+ (Xk (4) IXBHk (1) ) ) '2) * (Uk Il) I I KOH+Uk (1) ) ) 'XBHk (1) * ( (Xk (1) I (KNA+Xk (1) ) ) *+ (KNAl (KNA+Xk I 1) ) )

* IXk (2) I (KNO+Xk (2»»-
(l/YZH) *KMP* ( (KSP/XBHk (1) ) I IKSP+ (Xk (4) IXBHk (1) ) ) '2) * (KOHl (KOH+Uk (1) ) ) * (Xk (2)1 (KNO+Xk I 2) ) ) *etag*XBHk (1) * ( (Xk (1) I (KNA+Xk (

1»)+ IKNAI (KNA+Xk(l»»;

't Calculation fo the t.ank 2
rUSNH2SNH2=-
fZBH*XBHk(2)*(KNAI (KNA+Xk(5) )'2)* (Uk(2)1 (KOH+Uk(2» )*(muWIXk(7)1 (Ks+Xk(7» )+KMP* ((Xk(8)/XBHk(2»1 (KSP+(Xk(8)/XBHk(2»)
) ) + (KOHl IKOH+Uk (2) ) ) * (Xk (6) I (KNO+Xk (6) ) ) 'muH* IXk (7) I (Ks+Xk (7) ) ) *KMP*etag* ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) ) -
(l/YZA+fZBH) *rnuA' lUk (2)1 (KOA+Uk (2) ) ) * (KSAI IKSA+Xk I 5) ) ) *XBAk (2) ;
rUSNH2SN02~-
fZBH*XBHk I 2) * IKNOI IKNO+Xk I 6) ) '2)' (KOHl (KOH+Uk (2) ) ) * IXk (5) I (KNA+Xk (5) ) ) * (rnuH* (Xk (7) I (Ks+Xk (7) ) ) +etag*KMP* ( (Xk (8) IXBHk (2)

) I (KSP+ (Xk (8) IXBHk(2»»);
rUSNH2SS2~-
fZBH*rnuH* (Ksl IKs+Xk (7) ) ) *XBHk (2) * (Xk (5) I (KSA+Xk (5) ) ) * I (Uk (2) I (KOH+Uk (2) ) ) + (KOHl (KOH+Uk (2) ) ) * (Xk (6) I IKNO+Xk I 6) ) ) ) ;

rUSNH2Sads2=-
fZBH*KMP* ( IKSP/xBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) )' (Xk (5) I (KNA+Xk (5) ) ) * ( (Uk (2) I (KOH+Uk (2) ) ) +etag* (KOHl (KOH+Uk (2) ) ) * (Xk (6) I (
KNO+Xk (6» »;
rUSN02SNH2~fZBH' (Uk (2) I IKOH+Uk (2) ) ) * (KNAl (KNA+Xk 15) ) '2) , (Xk (6) I (KNO+Xk (6) ) ) 'XBHk (2)' (muW (Xk (7) I (Ks+Xk (7) ) ) +KMP* ( (Xk (8)
IXBHk (2) ) I (KSP+ IXk (8) IXBHk (2) ) ) ) +fZBH* (KOHl IKOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) '2) * (Xk (6) I IKNO+Xk (6) ) ) 'XBHk (2) * (muH* (Xk (7) I (Ks
+Xk(7» )+KMP'etag*( (Xk(8) IXBHk(2»1 IKSP+(Xk(8)/XBHk(2»» )+11/YZA) 'rnuA'(KSAI IKSA+Xk(5) )'2)' (Xk(6)/KOA+XkI6» )'XBAkI2);

rUSN02SN02~-
fZBH' (Uk (2) I IKOH+Uk (2) ) )' IKSAI IKSA+Xk 15) ) i- IKNOI (KNO+Xk (6) ) '2) 'XBHk (2)' ImuH* IXk (7) I (Ks+Xk (7) ) ) +KMP* I (Xk (8) IXBHk (2) ) IlKS

P+(Xk(8)/XBHk(2»» )-
(KOHl (KOH+Uk (2»)' (KNOl (KNO+Xk (6» '2) *XBHk(2)' (muH' (Xk (7) I (Ks+Xk(7») +KMP'etag' ( (Xk (8) IXBHk (2» I (KSP+ (XkI8)/XBHk(2»»)
, I ( (l-YZH) 12. 86'YZH) , (Xk (5) I (KNA+Xk (5) ) ) + ( ( (l-YZH) 12.8 6'YZH) +fZBH) , (KNAl (KNA+Xk (5) ) ) ) ;
rUSN02SS2~-muH' (Ksl (Ks+Xk (7) ) '2)' (Xk (6) I (KNO+Xk (6) ) ) 'XBHk (2) , (fZBH' (Uk (2) I (KOH+Uk (2) ) )' IKNAI (KNA+Xk (5) ) ) + ( (1-
YZH)/2.86'YZH)* (KOHl (KOH+Uk(2»)* IXk(5)1 (KNA+Xk(5» )+1 (1-YZH)/2.86*YZH)+fZBH)* (KOHl (KOH+Uk(2»)* (KNAl (KNA+Xk(5»);

rUSN02Sads2=-
KMP* ( (KSP/XBHk (2) ) I (KSP+ (KSP/XBHk (2) ) ) '2)' (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2)' (fZBH' (Uk (2) I (KOH+Uk (2) ) ) , (KNAl (KNA+Xk (5) ) ) + ( (1-

YZH) 12. 86'YZH) * IKOHI IKOH+Uk (2) ) ) * (Xk 15) I (KNA+Xk (5) ) ) *etag+ ( I (1-
YZH) 12. 86*YZH) +tZBH) '(KOHl (KOH+Uk (2) ) ) , (KNAl (KNA+Xk (5) ) ) 'etag) ;
rUSS2SNH2~- (l/YZH) *muH* (Xk (7) I (Ks+Xk (7) ) )' (Uk (2) I (KOH+Uk (2) ) ) * IKNAI (KNA+Xk (5) ) '2) ··XBHk (2)' (1- (Xk (6) I (KNO+Xk (6) ) ) ) ;
rUSS2SN02=-
(l/YZH) *muW (Xk (7) I IKs+Xk (7) ) )' IKNOI (KNO+Xk (6) ) '2) 'XBHk (2) , ( (Uk (2) I (KOH+Uk (2) ) )' (KNAl (KNA+Xk (5) ) ) + (KOHl (KOH+Uk (2) ) )' (Xk
(5) I (KNA+Xk 15») + (KOHl IKOH+Uk (2)) * (KNAl (KNA+Xk (5»»);
rUSS2SS2~-
(l/YZH) * (Ksl (Ks+Xk (7) ) '2)' ( (Uk (2) I (KOH+Uk (2) ) ) * I IXk (5)1 (KNA+Xk (5) ) ) + (KNAl (KNA+Xk (5) ) ) , (Xk (6) I (KNO+Xk (6) ) ) ) + (KOHl (KOH+Uk
(2») * (XkI6) I (KNO+Xk(6)) * (IXk (5) I (KNA+Xk (5»)+ (KNAl (KNA+XkI5»») *XBHk(2) ;rUSS2Sads2~0;
rUSads2SNH2~- (l/YZH) 'KMP' ( (Xk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) )' (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) '2) 'XBHk (2)' (1-
(Xk(6)/(KNo+Xk(6»» ;
rUSads2SN02=-
(l/YZH) 'KMP' ( IXk (8) IXBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) )' (KNOl (KNO+Xk (6) ) '2) 'XBHk (2)' ( (Uk (2) I (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) +
(KOHl (KOH+Uk (2) ) ) * (Xk IS) I (KNA+Xk (5) ) ) + (KOHl (KOH+Uk (2) ) ) * (KNAl (KNA+Xk (5) ) ) ) ; rUSads2SS2~0;

rUSads2Sads2=-
(l/YZH) *KMP' ( (KSP/XBHk (2) ) I (KSP+ (Xk (8) IXBHk (2) ) ) '2)' (Uk (2) I (KOH+Uk (2) ) ) 'XBHk (2)' ( (Xk (5) I (KNA+Xk (5) ) ) e+ (KNAl (KNA+Xk (5) ) )

*(Xk(6)/IKNO+Xk(6»»-
(l/YZH)'KMP'( (KSP/XBHk(2) )/(KSP+(Xk(8)/XBHk(2» )'2)' (KOHl (KOH+Uk(2»)' (Xk(6)/IKNO+Xk(6» )'etag'XBHk(2)' ((Xk(5) I (KNA+Xk(

5»)+ IKNAI (KNA+Xk(5»»;

), Calculation for: the tant 3
rUSNH3SNH3~-
fZBH'XBHk (3) , (KNAl (KNA+Xk (9) ) '2)' (Uk (3) I (KOH+Uk (3) ) ) * (muW (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (
3) ) ) ) ) + (KOHl (KOH+Uk (3) ) i- (Xk (lO) I (KNO+Xk (10) ) ) 'muH' (Xk (11) I (Ks+Xk (11) ) ) 'KMP'etag' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3)
) ) ) - I l/YZA+fZBH) 'rnuA' (Uk (3) I (KOA+Uk (3) ) ) * (KSAI (KSA+Xk (9) ) ) *XBAk (3) ;

rUSNH3SN03~-
fZBH'XBHk (3) * IKNOI (KNO+Xk (10) ) '2)' (KOHl (KOH+Uk (3) ) ) * (Xk (9) I IKNA+Xk (9) ) ) , (mull" (Xk (11) I (Ks+Xk (11) ) ) +etag'KMP' ( (Xk (12) IXBH
k(3» I (KSP+ (Xk(12) IXBHk(3)));
rUSNH3SS3~-
fZBR'muR' (Ksl (Ks+Xk (11) ) ) *XBHk (3) , IXk I 9) I (KSA+Xk (9) ) ) , ( (Uk (3) I (KOH+Uk I 3) ) ) + (KOHl (KOR+Uk (3) ) ) , (Xk (10) I (KNO+Xk (10) ) ) ) ;

rUSNH3Sads3=-
fZBH'KMP' ( IKSP IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (Xk (9) I (KNA+Xk (9) ) ) , ( (Uk (3) I (KOH+Uk (3) ) ) +e t aq- (KOHl (KOH+Uk (3) ) ) , (Xk (10)

I (KNO+Xk (10»»;
rUSN03SNH3~fZBH' (Uk (3) I (KOH+Uk (3) ) ) , (KNAl (KNA+Xk (9) ) '2) , (Xk (10) I IKNO+Xk (10) ) ) 'XBHk (3) , (muu- (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (X
kl 12) IXBHk (3) ) I (KSP+ IXk I 12) IXBHk (3) ) ) ) +fZBH' (KORI IKOR+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) '2)' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' (mull" (X
k (11) I IKs+Xk Ill) ) ) +KMP*etag' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk I 12) IXBHk (3) ) ) ) ) + (l/YZA) *muA' (KSAI (KSA+Xk (9) ) '2) * (Xk (10) IKOA+Xk (1

0») *XBAk (3);
rUSN03SN03=-
fZBH' (Uk (3) I (KOH+Uk (3) ) )' (KSAI (KSA+Xk (9) ) )' (KNOl (KNO+Xk (10) ) '2) 'XBHk (3)' {rnu H" (Xk (11) I (Ks+Xk (11) ) ) +KMP* ( (Xk (12) IXBHk (3) )

I(KSP+(XkI12)/XBHk(3»»)-
(KOHl (KOH+Uk (3) ) ) * (KNOl (KNO+Xk (10) ) '2) 'XBHk (3) * (muH* (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag' I (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk 13
) ) ) ) )' ( ( (l-YZH) 12. 86'YZH) , (Xk (9) I (KNA+Xk (9) ) ) + ( ( (l-YZH) 12. 86*YZH) +fZBH) 'IKNAI (KNA+Xk (9) ) ) ) ;
rUSN03SS>-muR' IKsl (Ks+Xk (11) ) '2) * IXk (10) I (KNO+Xk (10) ) ) *XBHk (3)' (fZBH' lUk (3) I (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) + ( (1-
YZH) 12. 86*YZH)' IKOHI (KOH+Uk (3) ) ) , (Xk (9) I IKNA+Xk (9) ) ) + ( (l-YZH) 12. 86*YZH) +tZBH) * (KOHl (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) ;
rUSN03Sads3=-
KMP* ( IKSP/XBHk (3) ) I (KSP+ IKsp/xBHk (3) ) ) '2) * IXk (10) I (KNO+Xk (10) ) ) *XBHk (3) * (fZBH' (Uk (3) I (KOH+Uk (3) ) v « (KNAl (KNA+Xk (9) ) ) + ( (1
-YZH) 12. 86*YZH) , (KOHl (KOH+Uk (3) ) ) * (Xk (9) I (KNA+Xk (9) ) ) -e t eq+ ( ( (1-
YZH) 12.86* YZH) +fZBH) , (KOHl (KOH+Uk (3) ) ) , I KNAl (KNA+Xk (9) ) ) "e t aq ) ;
rUSS3SNH3~- 11/YZH) 'muW (Xk (11) I (Ks+Xk (11) ) )' (Uk (3) I (KOH+Uk (3) ) ) , (KNAl (KNA+Xk (9) ) '2) 'XBHk (3) * (1- (Xk (10) I (KNO+Xk (10) ) ) ) ;

rUSS3SN03~-
(l/YZH) 'muH' (Xk I 11) I (Ks+Xk (11) ) ) , (KNOl (KNO+Xk (10) ) '2) *XBHk (3) * I (Uk (3) I IKOH+Uk (3) ) ) * (KNAl (KNA+Xk I 9) ) ) + (KOHl (KOH+Uk (3) ) ) *

(Xk (9) I (KNA+Xk (9») + (KOHl (KOH+Uk (3))' (KNAl (KNA+Xk (9»»;
rUSS3SS3~-
(li nH) , IKsl (Ks+Xk (11) ) '2) * ( (Uk (3) I (KOH+Uk (3) ) ) * ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10) ) ) ) + (KOHl (KOH

+Uk(3»)* IXk(lO)1 (KNO+Xk(lO» )*( (Xk(9)/(KNA+Xk(9» )+(KNA/ (KNA+Xk(9)) )*XBHk(3) ;rUSS3Sads3~0;
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rUSads3SNH3~- (l/YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3))))' (Uk (3) I (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9)) '2)'XBHk (3)' (1-

(Xk(lO)/(KNO+Xk(lO)))):
rUSads3SN03=-
(l/YZH) 'KMP' ( (Xk (12) IXBHk (3)) I (KSP+ (Xk (12) IXBHk (3)) ) )' (KNOl (KNO+Xk (lO)) '2)'XBHk (3)' ( (Uk (3) I (KOH+Uk (3)) )' (KNAl (KNA+Xk (9)
) ) + (KOHl (KOH+Uk (3))) * (Xk (9) I (KNA+Xk (9))) + (KOHl (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) ) : rUSads3SS3~0:

ruseds aseoeav-
(l/YZH)'KMP* ( (KSP/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) '2) * (Uk (3) I (KOH+Uk (3) ) ) *XBHk (3)' ( (Xk (9) I (KNA+Xk (9) ) )'+ (KNAl (KNA+Xk (9))

)'(Xk(lO)/(KNO+Xk(lO))))-
(l/YZH) 'KMP' ( (KSP/XBHk (3)) I IKSP+ IXk (12) IXBHk (3))) '2) * (KOHl (KOH+Uk (3))) * (Xk (lO) I (KNO+Xk (10))) *etag*XBHk (3) * ( (Xk (9) I (KNA+

Xk (9))) + (KNAl (KNA+Xk (9)))):

'iCalculation of the: de r ive t Lves of the pz oce ss ze t.e s t.cwe r ds the process parameters
't. Calculation f017 model pe xeme t.e r s of rUSNH for the t.enk 1
rUSNHlf~O. 0: rUSNH1YZH~0:rUSNH1YZA~ (l/YZA) *muA* (Xk (1) I (KSA+Xk Il))) * (Uk (1) I (KOA+Uk (1))) *XBAk (1):

rUSNHlfZBH=-
(Uk (1) I (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) *XBHk (1) * (muH* (Xk (3) I (Ks+Xk (3))) +KMP' ((Xk (4) IXBHk Il)) I (KSP+ (Xk(4) IXBHk (1)))))-
(KOHl IKOH+Uk (1) ) ) * (Xk (1) I (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1) * (muH* (Xk I 3) I (Ks+Xk (3))) +KMP*etag* ( (Xk (4) IXBHk (1) ) I (KS
P+ (Xk (4) IXBHk(l)))))-muA* (Xk (1) I (KSA+Xk (1))) * (Uk(l) I (KOA+Uk Il))) *XBAk (1):

rUSNHlmuH""-
fZBH* (Xk (3) I IKs+Xk (3) ) ) *XBHk (1) * ( (Xk (1) I (KNA+Xk (1) ) ) * (Uk (1) I (KOH+Uk (1) ) ) + (KOHl (KOHtUk (1) ) ) * (Xk (2) I (KNOtXk (2) ) ) ) :
rUSNHlmuA~- ( (l/YZA)-fZBH)' (Xk (1) I (KSA+Xk (1)))' (Uk (1) I IKOA+Uk Il))) *XBAk I 1) :
rUSNH1Ks~fZBH*muH* IXk (3) I IKstXk (3) ) '2) * ( (Xk (1) I (KNA+Xk I 1) ) ) *XBHk I 1) * ( (Uk Il) I (KOHtUk I 1))) + (KOHl (KOHtUk Il))) * IXk (2) I IKNO+

Xk(2))))) :
rUSNH1KOH~fZBH* lUk (1) I (KOHtUk (1)) '2) * (Xk Il) I IKNAtXk Il))) *XBHk Il)' (muH* IXk (3) I (Ks+Xk (3))) +KMP* ( (Xk (4) IXBHk (1)) I IKSP+ IXk I

4) IXBHk (1) ) ) ) )-
fZBH* lUk (1) I IKOH+Uk I 1) ) '2) * IXk Il) I (KNAtXk Il) ) ) * IXk (2) I IKNOtXk (2)) ) *XBHk I 1) * ImuH* (Xk (3) I IKs+Xk (3) ) ) +KMP*etag* I IXk (4) IXBH

k (1) ) I IKSPt IXk (4) IXBHk Il) ) ) ) ) :
rUSNH1KNO~fZBH* IKOHI (KOHtUk (1) ) ) * IXk I 1) I IKNA+Xk (1) ) )' IXk (2) I IKNOtXk (2)) '2) *XBHk I 1) * ImuH* IXk (3) I (Ks+Xk (3))) tKMP*etag' I IX

k (4) IXBHk( 1)) I (KSPt IXk (4) IXBHk (1))))):
rUSNH1KNA~fZBH* (Uk I 1) I (KOHtUk (1) ) ) * (Xk (1) I IKNAtXk Il) ) ) *XBHk (1) * (muH* (Xk (3) I (KstXk (3)) ) +KMP* ( IXk I 4) IXBHk I 1)) I IKSPt (Xk (4)
IXBHk (1))))) +fZBH* IKOHI IKOH+Uk I 1) )1 * (Xk I 1) I IKNA+Xk (1) ) '2) * IXk (2) I (KNO+Xk (2) ) ) 'XBHk Il) * (muH* (Xk (3) I (KstXk (3) ) ) tKMP*etag*

( (Xk I 4 ) IXBHk (1) ) I I KS P+ (Xk ( 4 ) IXBHk ( 1) ) ) ) ) :
rUSNH1KOA~ ( (l/YZA) +fZBH) *muA* IXk (1) I (KSAtXk I 1))) * lUk (1) I IKOA+Uk I 1)) '2) *XBAk Il) :
rUSNHletag=-
KMP* I IXk(4) IXBHk(l)) I IKSPt (Xk(4) IXBHk(ll))) * (KOHl (KOHtUk (1))1 * (Xk (1) I (KNA+Xk (1))) * (Xk (2) I IKNO+Xk(2))) *XBHk (1) *tZBH:
rUSNH1KMP~ I (Xk (4) IXBHk 11)) I (KSP+ (Xk (4) IXBHk(l)))) * (Xk(l) I (KNA+Xk (1))) *XBHk (1) 'tZBH* «Uk(l) I (KOH+Uk (1))) + (KOHl (KOH+Uk(l)

)) * (Xk(2) I (KNO+Xk(2)I) *etagl:
rUSNH1KSP~tZBH*KMP* ( (Xk (4) IXBHk (1)) I (KSP+ (Xk (4) IXBHk (1) )1) * ( (Xk (1) I (KNA+Xk (1)) ) * (Uk (1) I (KOH+Uk (1) ) ) + (KOHl IKOH+Uk (1) ) ) * (

Xk(2) I (KNO+Xk (2)))) *XBHk Il):
rUSNH1KSA~ ( 11/YZA) +fZBH) 'muA* IXk Il) I IKSAtXk Il) ) '2)' (Uk (1) I (KOA+Uk (1) ) ) *XBAk (1) : rUSNHlfMA~O. 0: rUSNH1KA~0. 0:

% Calculation for model parameters ot :r:USNOfor the tank 1
rUSNOlf~O. 0:
rUSN01YZH~ (li (2. 86*YZW2) ) * (KOHl IKOH+Uk (1) ) ) * (Xk (2) I IKNOtXk (2) )) *XBHk (1) * (muH* (Xk (3) I IKs+Xk (3) ) ) tKMP'etag* ( IXk (4) IXBHk (

1)) I (KSP+ (Xk (4) IXBHk (1))) )) * «Xk (1) I (KNA+Xk (1))) + (KNAl (KNA+Xk (1)) )):
rUSN01YZA~ (li (2. 86*YZW2)) 'muA' (Xk (1) I (KSAtXk (1)))' (Uk(l) I (KOA+Uk (1))) 'XBAk (1):

rUSNOlfZBH=-
(Uk (1) I (KOH+Uk (1) ) ) * (KNAl (KNA+Xk (1) ) ) • (Xk (2) I IKNO+Xk (2) ) ) 'XBHk (1) * (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP* ( (Xk (4) IXBHk (1) ) I (KSP+ IXk
( 4 ) IXBHk (1) ) ) ) ) :
rUSNQlmuH=-
2*fZBH* (Xk (3) I (Ks+Xk (3) ) ) * (KNAl IKNAtXk (1) ) ) • (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1) • ( (Uk (1) I (KOHtUk (1) ) ) + (KOHl (KOH+Uk (1) ) ) ) - ( (1-
YZH) 12. 86*YZH) * IXk (3) I (KstXk (3) ) ) * (KOHl (KOH+Uk (1) ) ) * (Xk (2) I (KNOtXk (2) ) ) *XBHk 11) • ( (Xk (1) I (KNAtXk (1) ) ) t (KNAl (KNA+Xk (1) ) ) )

rUSNOlmuA~(1/YZA)* (Xk(l)1 (KSA+Xk(l) )'2)* (Uk(l) I (KOAtUk(l)) )*XBAk(l):
rUSN01Ks~fZBH*muH* (Xk (3) I IKs+Xk (3) ) '2) * (KNAl (KNA+Xk (11) 1* IXk (2) I (KNO+Xk (2) ) I 'XBHk (1) * ( (Uk (1) I (KOH+Uk (11) ) + (KOHl (KOH+Uk (

1) ) ) ) + ( (1-
YZH) 12 _86'YZH) *muH' (Xk (3) I (KstXk (3) ) )' (KOHl (KOHtUk (1) ) )' (Xk (2) I (KNO+Xk (2) ) ) *XBHk (1)' ( (Xk (1) I (KNAtXk (1) ) ) + (KNAl (KNA+Xk (1

)))):
rUSN01KOH~- ( (1-
YZH) 12. 86*YZH) * (KOHl (KOH+Uk (1) ) '2) * (Xk (2) I (KNOtXk (2) ) ) 'XBHk (1) * (muH* (Xk (3) I (KstXk (3) ) ) tKMP'etag' ( (Xk (4) IXBHk (1) ) I (KSP+ (
Xk(4) IXBHk (1))))) +fZBH' (Uk (1) I (KOH+Uk (1)) '2)' (KNAl (KNA+Xk (1)))' (Xk(2) I (KNO+Xk(2))) *XBHk (1) *KMP' (IXk (4) IXBHk Il)) I IKSP+ IX

k (4) IXBHk Il) ) ) ) * I 1-etag) :
rUSN01KNO~fZBH* (Ukl1)1 (KOH+Ukl1)))* (KNAl IKNAtXk(l)))* IXk(2)1 IKNOtXk(2) )'2)*XBHkll)*lmuH*(Xk(3)1 (KstXkI3)) )+KMP' ((Xk(4)1
XBHk (1)) I IKSP+ (Xk (4) IXBHk Il))) )) + ((1-
YZH) 12. 86*YZH) * IKOHI (KOH+Uk Il) ) ) * (Xk (1) I (KNAtXk (1) ) )' (Xk (2) I (KNOtXk (2) ) '2) 'XBHk (1) * ImuH* IXk (3) I IKstXk (3) ) ) tKMP*etag* ( (X

k (4) IXBHk (1)) I (KSP+ IXk (4) IXBHk (1))))) + I (1-
YZH) 12. 86*YZH) tfZBH) * (KOHl (KOH+Uk (1) ) )' (KNAl (KNA+Xk (1) ) )' (Xk (2) I IKNO+Xk (2) ) '2) *XBHk (1)' (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP*etag

* I IXk (4) IXBHk Il)) I IKSP+ IXk(4) IXBHk (1)))));
rUSNQIKNA=-
fZBH* lUk (1) I (KOH+Uk (1))) * IXk(1) I IKNAtXk (1))) * (Xk (2) I IKNO+Xk(2))) *XBHk (1)' (muH* IXk (3) I (KstXk (3))) +KMP* I IXk (4) IXBHk Il)) I (
KSP+ (Xk I 4) IXBHk Il) ) ) ) )-
fZBH* IKOHI IKOH+Uk (1) ) ) * IXk (1) I (KNA+Xk (1) ) '2)' IXk (2) I (KNO+Xk (2) ) ) *XBHk (1) * (muH* (Xk (3) I (Ks+Xk (3) ) ) +KMP*etag* ( (Xk (4) IXBHk I
1)) I (KSPt (Xk(4) IXBHk (1)))));
rUSN01KOA~ I l/YZA) *muA' (Xk Il) I (KSA+Xk Il) ) '2) * (Uk (1) I (KOA+Uk I 1) ) ) 'XBAk (1) ;
rUSN01etag~- ( (1-
YZH) 12.8 6*YZHI *KMP' ( (Xk (4) /XBHk Il) ) I IKSP+ IXk (4) IXBHk (1) ) ) ) * I KOHl I KOH+Uk (11 ) ) * IXk (2) I IKNO+Xk (2) ) I *XBHk 11) * I IXk (1) I IKNAtX

k (1))) + IKNAI IKNAtXkll))))-
fZBH*KMP' ( (Xk (4) IXBHk 11) ) I (KSPt IXk (4) IXBHk (1) ) ) ) * IKOHI I KOHtUk Il) ) ) * (KNAl (KNAtXk I 1) ) ) • IXk (2) I (KNO+Xk (2) ) ) 'XBHk Il) ;

rUSNOIKMP=-
fZBR' I (XkI4) IXBHk (1)) I (KSPt (Xk (4) IXBHk (1))))' (KNAl (KNA+Xk(l)))' IXk(2) I IKNO+Xk(2))) 'XBHk Il)' I lUk Il) I (KOH+Uk (1))) +etag* IK

OH/IKOHtUk(1))))+111-
YZH) 12.8 6'YZH) • ( IXk (4) IXBHk (1) )1 (KSP+ IXk (4) IXBHk 11) ) ) ) * IKOHI IKOH+Uk I 1) ) ) * (Xk (2) I IKNO+Xk (2) ) ) *etag*XBHk I 1) • I IXk Il) I IKNA+
Xk Il))) t (KNAl IKNA+Xk (1))));
rUSN01KSP~fZBH*KMP' ( IXk (4) IXBHk I 1) ) I IKSP+ IXk (4) /XBHk Il) ) ) ) * IKNAI IKNAtXk (1) ) ) * (Xk (2)1 IKNOtXk (2) ) ) *XBHk 11)' ( (Uk I 1) I IKOH+U

k(l)) ) +etag* IKOHI IKOH+Uk Il)))) + ((1-
YZH) 12.86* YZH) * I IXk (4) IXBHk (1) ) I IKSP+ IXk (4) IXBHk (1) ) ) ) * (KOHl IKOHtUk (1) ) ) * IXk (2) I IKNOtXk (2) ) ) *etag'XBHk Il) * ( IXk Il) I IKNAt

Xk I 1) )) + IKNAI IKNA+Xk (1) ) ) ) ;
rUSN01KSA~- (l/YZA) *muA* IXk (1) I I KSAtXk (1) ) '2) * (Uk 11) I IKOA+Uk I 1) ) ) *XBAk I 1) ; rUSNOlfMA~O; rUSN01KA~0:

~, CaLeu Lat.Lon for modeL parameters o f rUSS IQr the tant 1
rUSSlf~O. 0;
rUSSl YZH~ (11 IYZH'2) ) *muH* (Xk (3) I IKs+Xk (3) ) ) *XBHk (1) * (Uk 11) I I KOH+Uk (1) ) ) * I IXk I 1)1 IKNA+Xk Il) ) ) + IKNAI IKNA+Xk (1) ) ) ) * IXk (2)1
(KNO+Xk (2) ) ) + (KOHl (KOH+Uk Il) ) )' IXk (2) I (KNO+Xk (2) ) ) * I IXk Il) I IKNA+Xk (1) ) ) + (KNAl IKNA+Xk (1) ) ) ) ; rUSSl YZA~O; rUSSlfZBH~O;
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rUSSlmuH=-
(l/YZHI' (Xk (31 I (Ks+Xk (3111 'XBHk (11' (Uk (11 I (KOH+Uk (1111' ((Xk(ll I (KNA+Xk (1111 + (KNAl (KNA+Xk (11111' (Xk (21 I (KNO+Xk (2111 + (Uk(
11 I (KOH+Uk (1111' ((Xk (11 I (KNA+Xk(llll + (KNAl (KNA+Xk (11111' (Xk (21 I (KNO+Xk (2111 ;rUSSlmuA~O;
rUSS1Ks~(1/YZHI'muH' (Xk(31/(Ks+Xk(3111'XBHk(11'(Uk(111 (KOH+Uk(llll'( (Xk(lll (KNA+Xk(1111+(KNA/(KNA+Xk(11111'(Xk(21/(KNO+
Xk(2111 + (KOHl (KOH+Uk (1111' (Xk (21 I (KNO+Xk (2111' ((Xk (11 I (KNA+Xk (1111 + (KNAl (KNA+Xk(lllll;
rUSS1KOH~ (l/YZHI 'muH' (Xk (31 I (Ks+Xk (3111' (Uk (11 I (KOH+Uk( 1111 'XBHk(ll' (Xk(ll I (KNA+Xk (1111' (1- (Xk(21 I (KNO+Xk (21111;
rUSS1KNO~ (l/YZHI 'muH' (Xk (31 I (Ks+Xk (3111' (Xk (21 I (KNO+Xk (2111 'XBHk (11' (Uk (11 I (KOH+Uk (1111' (KNAl (KNA+Xk (1111 + (KOHl (KOH+Uk (
1111' ((Xk(ll I (KNA+Xk (1111 + (KNAl (KNA+Xk(lllll;
rUSS1KNA~ (l/YZHI 'muH' (Xk (31 I (Ks+Xk (3111' (Xk (11 I (KNA+Xk (111 '21 'XBHk (11' (Uk (11 I (KOH+Uk (1111' (1- (Xk (21 I (KNO+Xk (21111 ;
rUSS1KOA=0; rUSSletag=O; rUSS1KMP=0; rUSS1KSP=0; rUSS1KSA=0; rUSSlfMA=O; rUSS1KA=O;

:;-,Calculation for model pe r ame t e r s of rusnes for the t.e nk 1
rUSadslf=O.O;
rUSadslYZH: (li (YZW211 'KMP' ( (Xk (41 IXBHk (111 I (KSP+ (Xk (41 IXBHk (11111 'XBHk (11' (Uk (11 I (KOH+Uk (1111' ( (Xk (11 I (KNA+Xk (1111 + (KN
AI (KNA+Xk(lllll' (Xk(21 I (KNO+Xk(2111 +etag' (KOHl (KOH+Uk(llll' (Xk(21 I (KNO+Xk(2111' ((Xk(ll I (KNA+Xk(llll + (KNAl (KNA+Xk(lllll;
rUSads 1YZA=O; rUSads 1 fZBH=O; rUSads lmuH=O; rUSads lmuA=O; rUSads lKs=O;
rUSadslKOH~ (l/YZHI 'KMP' ( (Xk (41 IXBHk (111 I (KSP+ (Xk (41 IXBHk (11111' (Uk (11 I (KOH+Uk (111 '21 'XBHk (11' (Xk (11 I (KNA+Xk (1111' (1-
(Xk(21 I (KNO+Xk (21111;
rUSadslKNO~ (l/YZHI 'KMP' ( (Xk (41 IXBHk (111 I (KSP+ (Xk (41 IXBHk (111 II' (Xk (21 I (KNO+Xk (211 '21 'XBHk (11' (Uk (11 I (KOH+Uk (1111' (KNAl (
KNA+Xk (1111 +e t aq" (KOHl (KOH+Uk (1111' ( (Xk (11 I (KNA+Xk (1111 + (KNAl (KNA+Xk (11111 ;
rUSadslKNA~ (l/YZHI 'KMP' ((Xk(41 IXBHk (111 I (KSP+ (Xk (41 IXBHk (11111' (Xk (11 I (KNA+Xk (111 '21 'XBHk (11' (Uk (11 I (KOH+Uk(llll' (1-
(Xk (21 I (KNO+Xk (21111 ; rUSadslKOA~O;
rUSadsletag=-
(l/YZHI'KMP' ((Xk(41/XBHk(1111 (KSP+(Xk(41/XBHk(11111' (KOH/(KOH+Uk(llll' (Xk(21/(KNO+Xk(21I l'etag'XBHk(ll'( (Xk(lll (KNA+Xk(
1111+(KNA/(KNA+Xk(11111;
rUSadslKMP=-
(l/YZHI • ( (Xk (41 IXBHk (11 I I (KSP+ (Xk (41 IXBHk (111 II 'XBHk (11 • (Uk (11 I (KOH+Uk (11 II • ( (Xk (11 I (KNA+Xk (111 I + (KNAl (KNA+Xk (111 I I' (Xk
(21I (KNO+Xk (2111 +e t aq" (KOHl (KOH+Uk (1111' (Xk (21 I (KNO+Xk (2111' ((Xk(ll I (KNA+Xk (1111 + (KNAl (KNA+Xk (l) III;
rUSadslKSP~ (l/YZHI 'KMP' ( (Xk (41 IXBHk (111 I (KSP+ (Xk (41 IXBHk (1111 '21 'XBHk (11' (Uk (lI I (KOH+Uk (1111' ( (Xk (11 I (KNA+Xk (1111 + (KNAl
(KNA+Xk (11111' (Xk(21 I (KNO+Xk (2111 +etag' (KOHl (KOH+Uk (1111' (Xk (21 I (KNO+Xk(2111' ((Xk (11 I (KNA+Xk (1111 + (KNAl (KNA+Xk (11111;
rUSadslKSA~O; rUSads1fMA~KA'XSk (11 'XBHk (11 ; rUSadslKA~XSk (11 'XBHk (11' (fMA- (Xk (41 IXBHk (1111 ;

:;., Ca Leu Lat.Lon for mode I parameters of rUSNH for the t an.: ::
rUSNH2f=O. 0; rUSNH2YZH=O;
rUSNH2YZA~ (l/YZAI 'muA' (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (211 I 'XBAk (21 ;
rUSNH2fZBH=-
(Uk (21 I (KOH+Uk (2111' (Xk (51 I (KNA+Xk (511 I 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (71 I I +KMP' ( (Xk (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (211 I I 1-
(KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (5111' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (Xk (BI IXBHk (211 I (KS
P+ (Xk (BI IXBHk (211111-muA' (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (2111 'XBAk (21;
rUSNH2muH=-
fZBH' (Xk (71 I (Ks+Xk (71 II 'XBHk (21' ( (Xk (51 I (KNA+Xk (51 II • (Uk (21 I (KOH+Uk (21 I I + (KOHl (KOH+Uk (211 I • (Xk (61 I (KNO+Xk (611 I I ;
rUSNH2muA:- ( (l/YZAI-fZBHI • (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (2111 'XBAk (21 ;
rUSNH2Ks~fZBH'muH' (Xk (71 I (Ks+Xk (711 '21' (Xk (51 I (KNA+Xk (5111 'XBHk (21' ( (Uk (21 I (KOH+Uk (21 II + (KOHl (KOH+Uk (2111' (Xk (61 I (KNO+X
k (611 II ;
rUSNH2KOH:fZBH' (Uk (21 I (KOH+Uk (211 '21' (Xk (51 I (KNA+Xk (5111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP' ( (Xk (BI IXBHk (211 I (KSP+ (Xk (
BI IXBHk (21 II I 1-
fZBH' (Uk (21 I (KOH+Uk (21 1'21' (Xk (51 I (KNA+Xk (51 I I' (Xk (61 I (KNO+Xk (611 I 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (711 I +KMP'etag' ( (Xk (BI IXBH
k(211 I (KSP+ (Xk(BI IXBHk(211111;
rUSNH2KNO~fZBH' (KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (5111' (Xk (61 I (KNO+Xk (61 1'21 'XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (X
k (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (211111;
rUSNH2KNA~fZBH' (Uk (21 I (KOH+Uk (2111' (Xk (51 I (KNA+Xk (5111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP' ( (Xk (BI IXBHk (211 I (KSP+ (Xk (BI
IXBHk (211111 +fZBH' (KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (511 '21' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP'etag'
((Xk (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (211111;
rUSNH2KOA~ ( (l/YZAI +fZBHI 'muA' (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (211 '21 'XBAk (21 ;
rUSNH2etag=-
KMP' ( (Xk (BI IXBHk (21 I I (KSP+ (Xk (BI IXBHk (21 I I I' (KOHl(KOH+Uk (21 I I' (Xk (51 I (KNA+Xk (511 I' (Xk (61 I (KNO+Xk (61 I I 'XBHk (21 'fZBH;
rUSNH2KMP~ ( (Xk (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (21111' (Xk (51 I (KNA+Xk (5111 'XBHk (21 'fZBH' ( (Uk (21 I (KOH+Uk (2111 + (KOHl(KOH+Uk (21
11'(Xk(61/(KNO+Xk(6111'etagl;
rUSNH2KSP~fZBH'KMP' ( (Xk (BI IXBHk (211 I (KSP+ (Xk (BI IXBHk (21111' ( (Xk (51 I (KNA+Xk (5111' (Uk (21 I (KOH+Uk (2111 + (KOHl (KOH+Uk (2111' (
Xk (61 I (KNO+Xk(61111 'XBHk (21;
rUSNH2KSA: ( (l/YZAI +fZBHI 'muA' (Xk (51 I (KSA+Xk (511 '21' (Uk (21 I (KOA+Uk (2111 'XBAk (21; rUSNH2fMA:O. 0; rUSNH2KA~O. 0;

~::Calculation for model paa-ame t.e r s of rUSnO for the t.ank 2
rUSN02f=0.0:
rUSN02YZH~ (li (2. B6'YZH'211' (KOHl (KOH+Uk (2111' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH* (Xk (71 I (Ks+Xk (711 I +KMP'etag' ( (Xk (BI IXBHk (
2111 (KSP+(Xk(BI IXBHk(211111'( (Xk(51 I (KNA+Xk(51 I I+(KNAI (KNA+Xk(51111;
rUSN02YZA~ (11 (2. B6'YZW21 I 'muA' (Xk (51 I (KSA+Xk (5111' (Uk (21 I (KOA+Uk (2111 'XBAk (21 ;
rUSN02fZBH~-
(Uk (21 I (KOH+Uk(2111' (KNAl (KNA+Xk (5111' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP' ( (Xk (BI IXBHk (211 I (KSP+ (Xk
(BI IXBHk(211111;
rUSN02muH=-
2'fZBH' (Xk (71 I (Ks+Xk (71 I I • (KNAl (KNA+Xk (511 I' (Xk (61 I (KNO+Xk (61 I I 'XBHk (21' ( (Uk (21 I (KOH+Uk (21 I I + (KOHl (KOH+Uk (211 I 1-( (1-
YZHI 12. 86'YZHI • (Xk (71 I (Ks+Xk (71 I I' (KOHl (KOH+Uk (211 I' (Xk (61 I (KNO+Xk (61 I I 'XBHk (21 • ( (Xk (51 I (KNA+Xk (511 I + (KNAl (KNA+Xk (51 I II

rUSN02muA~ (l/YZAI' (Xk (51 I (KSA+Xk (511 '21' (Uk (21 I (KOA+Uk (2111 'XBAk (21;
rUSN02Ks~fZBH'muH' (Xk (71 I (Ks+Xk (711 '21 • (KNAl (KNA+Xk (5111' (Xk (61 I (KNO+Xk (611 I 'XBHk (21' ( (Uk (21 I (KOH+Uk (2111 + (KOHl (KOH+Uk (
21111 + ( (1-
YZHI 12. B6'YZHI 'mUH* (Xk (71 I (Ks+Xk (7111' (KOHl(KOH+Uk (2111' (Xk (61 I (KNO+Xk (6111 'XBHk (21' ( (Xk (51 I (KNA+Xk (5111 + (KNAl (KNA+Xk (5
1111;
rUSN02KOH~- ( (1-
YZHI 12. 86'YZHI' (KOHl (KOH+Uk (211 A21' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (Xk (BI IXBHk (211 I (KSP+ (
Xk(81/XBHk(211111+fZBH'(Uk(211 (KOH+Uk(211'21' (KNAl (KNA+Xk(5111' (Xk(611 (KNO+Xk(6111'XBHk(21 'KMP' ((Xk(81/XBHk(211/(KSP+(X
k(BI/XBHk(21111' (l-etagl;
rUSN02KNO=fZBH' (Uk (21 I (KOH+Uk (2111' (KNAl (KNA+Xk (5111' (Xk (61 I (KNO+Xk (611 A21 'XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP' ( (Xk (81 I
XBHk (211 I (KSP+ (Xk (BI IXBHk (211111 + ((1-
YZHI 12. 86+YZHI+ (KOHl (KOH+Uk (2111' (Xk (51 I iKNA+Xk (5111' (Xk (61 I (KNO+Xk (611 A21 'XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (X
k(BI IXBHk(211 I (KSP+ (Xk(81 IXBHk(211111 + (( (1-
YZHI 12. 86'YZHI +fZBHI • (KOHl (KOH+Uk (2111' (KNAl (KNA+Xk (5111' (Xk (61 I (KNO+Xk (611 '21 'XEHk (21' (muH' (Xk (71 I (Ks+Xk (7111 +KMP'etag
• ((Xk (BI/XBHk(211 I (KSP+ (Xk(81 IXBHk(211111;
rUSN02KNA=-
fZBH' (Uk (21 I (KOH+Uk (211 I' (Xk (51 I (KNA+Xk (51 I I' (Xk (61 I (KNO+Xk (61 I I 'XBHk (21 • (muH* (Xk (71 I (Ks+Xk (71 I I +KMP' ( (Xk (81 IXBHk (21 I I (
KSP+ (Xk ( BI IXBHk (21 I I I I -
fZBH' (KOHl (KOH+Uk (2111' (Xk (51 I (KNA+Xk (51 I A21' (Xk (61 I (KNO+Xk (6111 'XBHk (21' (muH* (Xk (71 I (Ks+Xk (7111 +KMP'etag' ( (Xk (BI IXBHk (
211I (KSP+(Xk(81 IXBHk(211111;
rUSN02KOA= (l/YZAI 'muA' (Xk (51 I (KSA+Xk (511 A21' (Uk (21 I (KOA+Uk (2111 'XBAk (21 ;
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rUSN02etag~- ((1-
YZHI/2.B6*YZHI*KMP* ((Xk(BI/XBHk(2111 (KSP+(Xk(BI/XBHk(21111* (KOH/(KOH+Uk(2111*(Xk(611 (KNO+Xk(6111*XBHk(21* ((Xk(51/(KNA+X
k (5111 + (KNAl (KNA+Xk (51111-
fZBH*KMP* ( (Xk (B I/XBHk (2111 (KSP+ (Xk (B I/XBHk (21111 * (KOHl (KOH+Uk (2111 * (KNAl (KNA+Xk (5111 * (Xk (611 (KNO+Xk (6111 *XBHk (21 ;
rUSN02KMP=-
fZBH* ( (Xk (B I/XBHk (2111 (KSP+ (Xk (81/XBHk (21111 * (KNAl (KNA+Xk (5111 * (Xk (611 (KNO+Xk (61 II *XBHk (21 * ( (Uk (211 (KOH+Uk (2111 +etag* (K
OHI (KOH+Uk (21111- ((1-
YZHI/2. B6*YZHI * ( (Xk (B I/XBHk (2111 (KSP+ (Xk (B I/XBHk (21111 * (KOHl (KOH+Uk (2111 * (Xk (611 (KNO+Xk (6111 *etag*XBHk (21 * ( (Xk (511 (KNA+
Xk(51 I 1+ (KNAl (KNA+Xk(51 II I;
rUSN02KSP~fZBH*KMP* ( (Xk (B I/XBHk (2111 (KSP+ (Xk (81/XBHk (21111 * (KNAl (KNA+Xk (5111 * (Xk (611 (KNO+Xk (6111 *XBHk (21 * ( (Uk (211 (KOH+U
k(2111+etag* (KOH/(KOH+Uk(21111+( (1-
YZHI/2. B6*YZHI * ( (Xk (BI/XBHk (2111 (KSP+ (Xk (B I/XBHk (21111 * (KOHl (KOH+Uk (2111 * (Xk (611 (KNO+Xk (6111 *etag*XBHk (21 * ( (Xk (511 (KNA+
Xk (5111 + (KNAl (KNA+Xk (51111;
rUSN02KSA--(1/YZAI*(Xk(51/(KSA+Xk(511'21*(Uk(21/(KOA+Uk(2111*XBAk(21;rUSN02fMA~0;rUSN02KA~0;

1;, Calculation fox' model pe r emet e r e of rUSS for the tank ~
rUSS2f~0. 0;
rUSS2YZH~ (11 (YZH'211 *rouH* (Xk (711 (Ks+Xk (7111 *XBHk (21 * (Uk (211 (KOH+Uk (2111 * ( (Xk (511 (KNA+Xk (51 II + (KNAl (KNA+Xk (51111 * (Xk (611
(KNO+Xk (6111 + (KOHl IKOH+Uk 12111 * IXk (611 (KNO+Xk (6111 * ((Xk 1511 (KNA+Xk (5111 + (KNA/IKNA+Xk (51111 ;
rUSS2YZA~0; rUSS2fZBH~0;
rUSS2muH=-
11/YZH) * (Xk (7) IIKs+Xk (7) II *XBHk (1) * (Uk1211 (KOH+UkI2) II * (IXk (511 (KNA+Xk (5111 + (KNAl (KNA+Xk (5111) * (Xk (611 (KNO+Xk(6111 + (Uk(
211 (KOH+Uk (2111 * ((Xk (511 (KNA+Xk (5111+ (KW\.! (KNA+Xk(51111 * (Xk (611 (KNO+Xk (6111; rUSS2rouA~0;
rUSS2Ks~ (l/YZHI *rouH* (Xk (711 (Ks+Xk (7111 *XBHk (21 * (Uk (211 (KOH+Uk (2111 * ( (Xk (511 (KNA+Xk (5) II + (KNAl (KNA+Xk (51111 * (Xk (611 (KNO+
XkI6111+(KOH/IKOH+Uk(2111 * (Xk(6) I (KNO+Xk(61) I * I (Xk(511 (KNA+Xk(5111+ (KNAl (KNA+XkI5) III;
rUSS2KOl:l~ 11/YZH I *rouH* (Xk (711 (Ks+Xk (7) II * lUk (211 (KOH+Uk (21 I I *XBHk 121 * (Xk (511 (KNA+Xk (51 I 1* 11-IXk (611 (KNO+Xk (611 I I ;
rUSS2KNO~ (l/YZHI *rouH* (Xk (7) I (Ks+Xk 171) I * IXk 1611 (KNO+Xk (6111 *XBHk 12) * lUk 111/1KOH+Uk 12111 * IKNA/IKNA+Xk 15111 + IKOH/IKOH+Uk (
2111 * IIXkl511 (KNA+Xk(5111 + (KNA/IKNA+Xk (51111;
rUSS2KNA~ 11/YZHI *rouH* IXk (71/IKs+Xk 171 ) I * IXk 1511 (KNA+Xk 15) I '21 *XBHk 121 * lUk 121I IKOH+Uk (21 I 1* 11- (Xk 16) IIKNO+Xk (61 I I I ;
rUSS2KOA=Q; rUSS2etag=O; rUSS2KMP=Q; rUSSZKSP=Q; rUSS2KSA=O; rUSS2fMA=O; rUSS2KA=Q;

\;, Ce.Lcu.l.et Lon for model parameters ot rUSads for che t.a nk 2
rUSads2f=O.O;
rUSads2YZH~ (111 YZH'21 I *KMP* I IXk (B I/XBHk (21 I/IKSP+ (Xk I BI/XBHk (211 I I *XBHk 121 * lUk (21/IKOH+Uk 12) I 1* IIXk 151/1KNA+Xk (51 I ) + IKN
A/IKNA+XkI51111 * IXk 161/1KNO+Xk 16111 +etag* IKOH/IKOH+Uk 12111 * IXk 161/1KNO+Xk 16111 * IIXk lSI I IKNA+Xk 15111 + IKNA/IKNA+XkI511) I;
rUSads2YZA=O; rUSads2 fZBH=O; rUSads2muH=O; rUSads2muA=O; rUSadsZKs=O;
rUSads2KOH~ (l/YZHI *KMP* I (Xk (B I/XBHk 1211/1KSP+ IXk (81/XBHk (21111 * (Uk 121/1KOH+Uk 1211 '21 *XBHk 121 * IXk 15) IIKNA+Xk 15111 * (1-
IXk 16) IIKNO+Xk 16111) ;
rUSads2KNO~ (l/YZHI *KMP* ((Xk IBl/XBHk (211/IKSP+ IXk(8) IXBHk (21111 * IXkI61/IKNO+Xk(611 '2) *XBHkI21 * lUk 1211 (KOH+Uk (2111 * IKNA/I
KNA+Xk 15111 +etag* (KOHl IKOH+Uk 12111 * IIXk 15) I (KNA+Xk (5111 + (KNA/IKNA+Xk (51111 ;
rUSads2KNA~(1/YZH)*KMP* IIXk181/XBHk(2111 (KSP+(XkI81/XBHkI211) 1* (XkI5) I (KNA+XkI5) 1'21*XBHk(21*IUkI21/IKOH+UkI2) 11*11-
IXk 161/1KNO+Xk 161) II ; rUSads2KOA~0;
rUSads2etag=-
(l/YZHI*KMP* (IXkI8)/XBHk(2) I/IKSP+(Xk(81/XBHkI21111*IKOH/IKOH+Uk(2111* (Xk1611 (KNO+XkI6111 *etag*XBHkI21* (IXkI51/IKNA+Xk(
5111 + IKNAI (KNA+Xk (51111;
rUSads2KMP=-
11/YZHI* ((Xk(BI/XBHk(211/IKSP+IXk(81/XBHk(21111*XBHk(21* (UkI21/IKOH+UkI2111* ((Xk(5)/IKNA+XkI5111+IKNA/ (KNA+Xk(51111*IXk
161/1KNO+Xk 16111 +etag* IKOH/IKOH+Uk 12111 * IXk 161 / IKNO+Xk 16111 * (IXkiS) IIKNA+Xk 15111 + IKNAI (KNA+Xk (5) III;
rUSads2KSP~ 11/YZHI *KMP* (IXkI81/XBHk (2111 (KSP+ (XkI81/XBHk(2111 '21 *XBHk (21 * (Uk 1211 (KOH+Uk 12111 * ((Xk lSI I IKNA+XkI5) II + IKNAI
IKNA+Xk 151111 * IXk 161/1KNO+Xk (6111 +etag* IKOHI IKOH+UkI21 I I * IXk 161/1KNO+Xk 16111 * ((Xk (51/IKNA+Xk (511) + IKNA/IKNA+Xk (51111;
rUSads2KSA~0; rUSads2fMA~KA*XSk 121 *XBHk 121 ; rUSads2KA~XSk (2) *XBHk (21 * I fMA-IXk 181/XBHk 121) I ;

~ Calculation for rnode L pa reme t e r e of rUSNH f or the t.ank 3
rUSNH3f~O. 0; rUSNH3YZH~0; rUSNH3YZA~ 11/YZA) *rouA* IXk 191I IKSA+Xk (9111 * (Uk (31/IKOA+Uk 13) II *XBAk (31 ;
rUSNH3fZBH~-
lUk 131/1KOH+Uk 13111 * (Xk 191/1KNA+Xk 19111 *XBHkI31 * IrouH* IXk IllI/IKs+Xk 111111 +KMP* IIXk 1121/XBHk (311/IKSP+ IXk 1121/xBHk (31111
1-
IKOHI (KOH+Uk 13111 * (Xk 191/1KNA+Xk 19111 * (Xk 1101/1KNO+Xk 110111 *XBHk 131 * (rouH* IXk 11111 (Ks+Xk 111111 +KMP*etag* I (Xk 1121/XBHk (31
) IIKSP+ IXk 1121/XBHk 131» II-rouA* (Xk (91/IKSA+Xk 19111 * lUk 131/1KOA+Uk 131) I *XBAk 131;
rUSNH3muH=-
fZBH* (Xk IllI/IKs+Xk 1111 II *XBHk (31 * I IXk 1911 (KNA+Xk 191 II * lUk 131/1KOH+Uk (311 I + (KOHl IKOH+Uk (31 I ) * IXk (10 II (KNO+Xk 110 I ) II ;
rUSNH3rnuA~-111/YZAI-fZBHI * IXk 191/1KSA+Xk (9111 * lUk (31I IKOA+Uk 1311) *XBAk 131 ;
rUSNH3Ks~fZBH*rouH* IXk (1111 (Ks+Xk (1111 '21 * (Xk 1911 (KNA+Xk (9111 *XBHk 131 * ( lUk 131/1KOH+Uk (3111 + (KOHl (KOH+Uk (3) ) 1* (Xk 11011 (KN
O+XkI101111;
rUSNH3KOH~fZBH* lUk (311 (KOH+Uk 1311 '21 * IXk (911 (KNA+Xk (9111 *XBHk 13) * (rouH* (Xk (llI/IKs+Xk (11) II +KMP* I (Xk 1121/XBHk 1311 / IKSP+ (
Xk 112) IXBHk 1311111-
fZBH* lUk 1311 (KOH+Uk (311 '21 * (Xk (911 (KNA+Xk 1911 1* IXk 11011 (KNO+Xk 110) II *XBHk 131 * ImuH* (Xk 1111/1Ks+Xk (11111 +KMP*etag* IIXk (12
I/xBHk (3111 (KSP+ IXk (121/XBHk 131 ) I I ) ;
rUSNH3KNo~fZBH* (KOH/IKOH+Uk 13111 * IXk 191/1KNA+Xk (9111 * (Xk 110) IIKNO+Xk (1011 '21 *XBHk 131 * ImuH* (Xk (llI/IKs+Xk 111111 +KMP*etag
*IIXkI121/XBHkI311/IKSP+IXkI121/XBHkI311) II;
rUSNH3KNA~fZBH* (Uk (31/IKOH+Uk 13111 * IXk 19) I (KNA+Xk (9111 *XBHk (31 * IrouH* IXk (l1I/IKs+Xk (11) ) I +KMP* ( (Xk (121/XBHk (3) II (KSP+ IXk
(12) IXBHk 131 ) I ) I +fZBH* IKOH/IKOH+Uk 13) I 1* IXk 191/1KNA+Xk 191 ) '21 * (Xk 110 II (KNO+Xk 110 I I I *XBHk 131 * [rnu H" IXk IllI/IKs+Xk (111 I I +K

MP*etag*((Xk(121/XBHkI311/IKSP+(Xk(121/XBHk(311111;
rUSNH3KOA~ ( (l/YZAI +fZBHI *rouA* (Xk 191/1KSA+Xk (9111 * lUk (311 (KOA+Uk 1311 A21 *XBAk (31 ;
rUSNH3etag=-
KMP* ( IXk 1121/XBHk 131 I/IKSP+ (Xk (121/XBHk (31 I II * (KOH/IKOH+Uk 13) I 1* (Xk (91/IKNA+Xk 191 I ) * IXk (10 II (KNO+Xk (10 I I I *XBHk (3) *fZBH;
rUSNH3KMP~ IIXk 1121/XBHk 1311/1KSP+ IXk (121/XBHk (3) II 1* IXk 191/1KNA+Xk (9111 *XBHk 131 *fZBH* IIUk 131/1KOH+Uk 131) ) + IKOH/IKOH+Uk I
31 II * IXk (10 I/IKNO+Xk 110 I II "e t aq) ;
rUSNH3KSP~fZBH*KMP* ( (Xk 1121/XBHk 1311/1KSP+ IXk 1121/XBHk (3) III * ( IXk 19) IIKNA+Xk (9) II * lUk 131/1KOH+Uk (3111 + (KOHl (KOH+Uk 13111
* (Xk (10 II (KNO+Xk 110 I I I I *XBHk (31 ;
rUSNH3KSA~ 111/YZAI +fZBHI *rouA* IXk 1911 (KSA+Xk 19) ) '21 * (Uk (311 (KOA+Uk 13111 *XBAk 131 ; rUSNH3fMA~0. 0; rUSNH3KA~0. 0;

'f; Calculation for model 'Parameters cf rUSNO for the tank 3
rUSN03f~0. 0; •
rUSN03YZH~ (1/12. 86*YZH'2) 1* IKOH/IKOH+Uk 13111 * IXk 110) / IKNO+Xk 110111 *XBHk 131 * IrnuH* (Xk (11) IIKs+Xk 111111 +KMP*etag* ( IXk 11211
XBHk (3111 (KSP+ IXk(121/XBHk 13) I) I) * ((Xk (911 (KNA+Xk 19» 1+ IKNAI (KNA+Xk(91111;
rUSN03YZA~ 111 (2. 86*YZH'211 *rouA* (Xk (911 (KSA+Xk 1911 ) * (Uk (311 (KOA+Uk (3111 *XBAk 131 ;
rUSN03fZBH=-
(Uk (311 (KOH+Uk (31 II * (KNAl (KNA+Xk (9) I ) * IXk 110) I (KNO+Xk (10 I I I *XBHk (31 * IrouH* IXk (1111 (Ks+Xk (11) ) ) +KMP* ( IXk (121/XBHk 131 I/IKS

P+ IXk 1121/XBHk 131 I II ) ;
rUSN03muH=-
2* fZBH* (Xk 11111 (Ks+Xk (111 I 1* (KNA/IKNA+Xk (91 I 1* IXk 110 II (KNO+Xk 110 I I I *XBHk (31 * IIUk 131/1KOH+Uk 131 I 1+ IKOHI (KOH+Uk (31 I II -
( 11-
YZH) 12. 86*YZHI * IXk 11111 (Ks+Xk 1111) I * IKOH/IKOH+Uk (3) ) 1* IXk 110) I (KNO+Xk (10111 *XBHk 131 * I IXk (911 (KNA+Xk (9111 + IKNA/IKNA+Xk (9
1111;
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rUSN03muA~ (l/YZAI' (Xk (911 (KSA+Xk (911 A21' (Uk (311 (KOA+Uk (3111 'XBAk (31 ;
rUSN03Ks~fZBH'muH' (Xk (1111 (Ks+Xk (1111 '21' (KNAl (KNA+Xk (9) ) i- (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Uk (3) I (KOH+Uk (31) ) + (KOHl (KOH

+Uk(3)11)+«1-
YZHI/2. 86'YZH) 'muH' (Xk (11) I (Ks+Xk (11) ) i- (KOHl (KOH+Uk (3111' (Xk (10) I (KNO+Xk (10) I ) 'XBHk (31' ( (Xk (9) I (KNA+Xk (9111 + (KNAl (KNA+

Xk(9111) ;
rUSN03KOH;- ( (1-
YZHI/2. 86'YZH)' (KOHl (KOH+Uk (311 '2)' (Xk (1011 (KNO+Xk (10) ) ) 'XBHk (3)' (muH* (Xk (1111 (Ks+Xk (11) ) I +KMP'etag' ( (Xk (121/XBHk (3) ) I (
KSP+ (Xk (12) IXBHk (31111) +fZBH' (Uk (3) I (KOH+Uk(3)) '2)' (KNAl (KNA+Xk (9)))' (Xk(lO) I (KNO+Xk (10))) 'XBHk (3) 'KMP' «(Xk(12) IXBHk (3)
) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (l-etag) ;
rUSN03KNO~fZBH' (Xk (11) I (Ks+Xk (11) ) )' (KNAl (KNA+Xk (9) ) ) , (Xk (10) I (KNO+Xk (10) ) '2) 'XBHk (3)' (muH' (Xk (11) I (Ks+Xk (11) ) ) +KMP' ( (X

k(12) IXBHk (3)) I (KSP+ (Xk(12) IXBHk(3))))) + «1-
YZH) 12. 86'YZH)' (KOHl (KOH+Uk (3) ) I' (Xk (9) I (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) '2) 'XBHk (3)' (mun- (Xk (11) I (Ks+Xk (11) ) ) +KMP'etag

'( (Xk (12) IXBHk (3)) I (KSP+ (Xk(12) IXBHk(3))))) + ( (1-
YZH) 12. 86'YZH) +fZBH)' (KOHl (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) '2) 'XBHk (3)' (muW (Xk (11) I (Ks+Xk (11) ) I +KMP'

etag' «Xk (12) IXBHk (3)) I (KSP+ (Xk (12) IXBHk (3)) I));

rUSN03ErnA-=-
fZBH' (Uk(3) I (KOH+Uk(3) ))' (Xk(9)/(KNA+Xk(9»))' (Xk(lO)/(KNO+Xk(lO)) )'XBHk(3)' (muW (Xk(ll)1 (Ks+Xk(ll)) )+KMP' «Xk(12)/XBHk(

3)I/(KSP+(Xk(12)/XBHk(3)))))-
fZBH' (KOHl (KOH+Uk (3) ) )' (Xk (9) I (KNA+Xk (9) ) '2)' (Xk (10) / (KNO+Xk (10) ) ) 'XBHk (3) , (muH' (Xk (11) I (Ks+Xk (111) ) +KMP'etag' ( (Xk (12) I
XBHk (3) I (KSP+ (Xk(12) IXBHk (3)))));
rUSN03KOA; (l/YZA) 'muA' (Xk (9) I (KSA+Xk (9) ) '2)' (Uk (3) I (KOA+Uk (3) ) ) 'XBAk (3) ;

rUSN03etag=- { (1-
YZH) 12. 86'YZH) 'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) )' (KOHl (KOH+Uk (3) ) I ' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3)' ( (Xk (9) / (K

NA+Xk(9)) )+(KNA/(KNA+Xk(9))))-
fZBH'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) )' (KOHl (KOH+Uk (3) ) I' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) ;

rUSN03KMP=-
fZBH' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (KNAl (KNA+Xk (9) ) ) , (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) , ( (Uk (3) I (KOH+Uk (3) ) I +eta

g'(KOH/(KOH+Uk(3))))-«1-
YZH) 12. 86'YZH) , ( (Xk (121/XBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) I' (KOHl (KOH+Uk (3) I ) , (Xk (10) I (KNO+Xk (10) ) ) 'etag'XBHk (3) , ( (Xk (9) I (
KNA+Xk (91)) + (KNAl (KNA+Xk (9)))) ;
rUSN03KSP~fZBH'KMP' ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (KNAl (KNA+Xk (9) ) i- (Xk (10) I (KNO+Xk (lO) ) ) 'XBHk (3)' ( (Uk (3) I (K

OH+Uk (3) ) ) +e t.eq- (KOHl (KOH+Uk (3) ) ) ) + ( (1-
YZH) 12.8 6'YZH) , ( (Xk (12) IXBHk (3) ) I (KSP+ (Xk (12) IXBHk (3) ) ) ) , (KOHl (KOH+Uk (3) ) ) , (Xk (10) I (KNO+Xk uo: ) ) 'etag'XBHk (3) , ( (Xk (9) I (
KNA+Xk(9)) )+(KNAI (KNA+Xk(9))));
rUSN03KSA;- (l/YZA)' (Xk (9) I (KSA+Xk (9) ) '2)' (Uk (3) I (KOA+Uk (31) ) 'XBAk (3) ; rUSN03fMA~0; rUSN03KA~0;

~( Calculation for model parameters of rUSS for the t.e nk :s
rUSS3f;0. 0;
rUSS3YZH~ (11 (YZH'2) ) 'muW (Xk (11) I (Ks+Xk (11) ) ) 'XBHk (3)' (Uk (3) I (KOH+Uk (3) ) )' ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) )' (Xk (1
0) / (KNO+Xk (10))) + (KOHl (KOH+Uk (3)))' (Xk (10) I (KNO+Xk (10)))' «Xk (9) I (KNA+Xk (9))) + (KNAl (KNA+Xk(9))));

rUSS3YZA~0; rUSS3fZBH~0;
rUSS3rnuH=-
(l/YZH) , (Xk (11) I (Ks+Xk (11) ) ) 'XBHk (3) , (Uk (3) I (KOH+Uk (3) ) ) , ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (91 ) ) ) • (Xk (10) I (KNO+Xk (10) ) 1+

(Uk(3) I (KOH+Uk(3»))' (Xk (9) I (KNA+Xk (9))) + (KNAl (KNA+Xk (9))))' (Xk(lO) I (KNO+Xk (10)));

rUSS3muA=O;
rUSS3Ks; (l/YZH) 'muW (Xk (11) I (Ks+Xk (11) ) ) 'XBHk (3)' (Uk (3) I (KOH+Uk (3) ) )' ( (Xk (9) I (KNA+Xk (9) ) ) + (KNAl (KNA+Xk (9) ) ) )' (Xk (10 II (K

NO+Xk (10))) + (KOHl (KOH+Uk(3)))' (Xk (10) I (KNO+Xk (10)))' «Xk (9) I (KNA+Xk (9) )) + (KNAl (KNA+Xk (9))));
rUSS3KOH- (l/YZH) 'muH' (Xk (11) I (Ks+Xk (11) ) )' (Uk (3) I (KOH+Uk (31) ) 'XBHk (3)' (Xk (9) I (KNA+Xk (9) ) )' (1- (Xk (10) I (KNO+Xk (10) ) ) ) ;
rUSS3KNO; (l/YZH) 'muH' (Xk (11) I (Ks+Xk (11) ) ) , (Xk (10) I (KNO+Xk t i o) ) ) 'XBHk (3)' (Uk (3) I (KOH+Uk (3) ) ) , (KNAl (KNA+Xk (91) ) + (KOHl (KOH

+Uk (3)))' ( (Xk (9) I (KNA+Xk (9)))+ (KNAl (KNA+Xk (9)) I);
rUSS3KNA; (l/YZH) 'muH' (Xk (11) I (Ks+Xk (11) ) ) , (Xk (9) I (KNA+Xk (9) ) '21 'XBHk (3) , (Uk (3) I (KOH+Uk (3) ) I' (1- (Xk (10) I (KNO+Xk (101) ) ) ;

rUSS3KOA;0; rUSS3etag~0; rUSS3KMP~0; rUSS3KSP~0; rUSS3KSA~0; rUSS3fMA~0; rUSS3KA~0;

:;;;CaLcu.Let.Lcn f or moelel pa rernet.e rs ot r-USads for the r.ank 3
rUSads3f=O. 0;
rUSads3YZH~ (11 (YZH'2)) 'KMP' «(Xk (12) /XBHk (3)) I (KSP+ (Xk (12) IXBHk (3)))) 'XBHk (31' (Uk (3) I (KOH+Uk(3)) )' (IXk (9) I IKNA+Xk (9))) + (

KNAl IKNA+Xk (9) ) ) )' IXk IlO) I IKNO+Xk IlO) I ) +e t aq " IKOHI IKOH+Uk (3) ) )' IXk I ro: I IKNO+Xk uo: ) )' I IXk (9) I IKNA+Xk I 9) ) ) + IKNAI IKNA+Xk I

9) ) ) ) ;
rUSads3YZA=O; rUSads3fZBH=O; rUSads3rnuH=O; rUSads3muA=O; rUSads3Ks=O;
rUSads3KOH; (l/YZH) 'KMP' ( (Xk (121/XBHk (3111 (KSP+ (Xk (121/XBHk (31111' (Uk (311 (KOH+Uk (311 '21 'XBHk (31' (Xk (911 (KNA+Xk (9111' (1-

(Xk(lOI/(KNO+Xk(lOIIII;
rUSads3KNO~ (l/YZHI 'KMP' ( (Xk (121/XBHk (3111 (KSP+ (Xk (121/XBHk (31111' (Xk (1011 (KNO+Xk (1011 '21 'XBHk (31' (Uk 1311 (KOH+Uk (3111' (K

NA/IKNA+Xk (9111 +e t aq" (KOHl (KOH+Uk (3) II' ( (Xk (911 (KNA+Xk (9) II + (KNAl (KNA+Xk (91111 ;
rUSads3KNA; (l/YZHI 'KMP' ( (Xk (121/XBHk (3111 (KSP+ (Xk (121/XBHk (31111' (Xk (911 (KNA+Xk (911 '21 'XBHk (31' (Uk (311 (KOH+Uk (3111' (1-

(Xk (10) I (KNO+Xk (10) III ; rUSads3KOA;0;
rUSads3etag=-
(l/YZHI 'KMP' ( (Xk (121/XBHk (3) II (KSP+ (Xk (121/XBHk (31111' (KOHl (KOH+Uk (3111' (Xk (101/ (KNO+Xk (10111 'etag'XBHk (31' ( (Xk (91/ (KNA

+Xk (9) I) + (KNAl (KNA+Xk (91111;
rUSads3KMP=-
(l/YZHI ' ( (Xk (121/XBHk (311/ (KSP+ (Xk (121/XBHk (31 I I I 'XBHk (31' (Uk (3) I (KOH+Uk (3) II' ( IXk (911 (KNA+Xk (911 I + (KNAl (KNA+Xk (91 I I I' (

Xk (1011 (KNO+Xk (10111 +e t aq" (KOHl (KOH+Uk(3» I' (Xk (1011 (KNO+Xk (10111' ((Xk (911 (KNA+Xk (9111 + (KNAl (KNA+Xk( 9) II);
rUSads3KSP; (l/YZHI 'KMP' ( (Xk (121/XBHk (311 / (KSP+ (Xk (121/XBHk 13111 '21 'XBHk (31' (Uk (311 (KOH+Uk (3111' ( (Xk (911 (KNA+Xk (9111 + (KN
AI (KNA+Xk (9) II ) * (Xk (1011 (KNO+Xk (101) ) +e t aq" (KOHl (KOH+Uk (3111 ' (Xk (1011 (KNO+Xk (10 I II' ( (Xk (911 (KNA+Xk (9111 + (KNAl (KNA+Xk (91

III;
rUSads3KSA~0; rUSads3fMA;KA'XSk (31 'XBHk (31; rUSads3KA;XSk (31 'XBHk (31' (fMA- (Xk (121/XBHk (3111 ;

'iCë LcuLat Lcn of Hie process sens I ti ui ty model met rLces
vcajcuj.e t.Lon (lf t.he me t.z-Lx ~.Su
Alfu= [Allu (1,1) +DT*rUSNHlSNHl DT*rUSNHlSNOl DT*rUSNHlSS 1 DT*rUSNHlSads 1;

DT*rUSNOlSNHl All u (2,2) +DT*rUSNOlSNOl DT*rUSNOlSSl DT* rUSNOlSadsl;
DT*rUSSlSNHl DT*rUSSlSNQl Al1u (3, 3) +DT*rUSSlSSl DT*rUSSlSadsl;
DT*rUSadslSNHl DT*rUSadslSNOl DT*rUSadslSSl All u (4,4) +DT*rUSadslSadsl] ;

AIS= [Allu zeros (4,68) ; zeros (4,4) Alfu zeros (4,64) ; zeros (4,8) Alfu zeros (4,60) ;
zeros(4,12) Alfu zeros(4,56);zeros(4,16) Alfu zeros(4,52);zeros(4,20) Alfu zeros(4,48)
zeros{4,24) Alfu zeros(4,44);zeros(4,28) Alfu zeros(4,40);zeros(4,32) Alfu zeros(4,36)
i-;ros(4,36) Alfu zeros(4,32);zeros(4,40) Alfu zeros(4,28);zeros(4,44) Alfu zeros(4,24)
zeros(4,48) Alfu zeros(4,20);zeros(4,52) Alfu zeros(4,16);zeros(4,561 Alfu zeros(4,12)
zeros(4,60} Alfu zeros(4,8);zeros(4,64) Alfu zeros(4,4);zeros(4,68) Alfu];

A2fu= [A22u (1,1) +DT*rUSNH2SNH2 DT*rUSNHZSN02 DT*rUSNH2SS2 DT*rUSNH2Sads2;
DT*rUSN02SNH2 A22u (2,2) +DT* rUSN02SN02 DT*rUSN02SS2 DT*rUSN02Sads2;
DT*rUSS2SNH2 DT*rUSS2SN02 A22u (3,3) +DT*rUSS2SS2 DT*rUSS2Sads2;
DT*rUSads2SNH2 DT*rUSads2SN02 DT*rUSads2SS2 A22u (4,4) +DT*rUSads2Sads21;

A2S=[A22u zeros(4,68);zeros(4,4) A2fu zeros(4,64);zeros(4,8) A2fu zeros(4,60);
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zeros(4,12) A2fu zeros(4,56);zeros(4,16) P.2fu zeros (4,52) ;zeros{4,20) A2fu zeros(4,48)
zeros(4,24) A2fu zeros(4,44) ;zeros(4,28) A2fu zeros (4,40) ; zeros (4,32) A2fu zeros (4,36)
zeros (4,36) A2fu zeros(4,32) ;zeros(4,40) A2fu zeros (4,28) ; zeros (4,44) A2fu zeros(4,24)
zeros(4,48) A2fu zeros (4,20) ; zeros (4,52) A2fu zeros(4116) :zeros(4,56) A2fu zeros(4,12) ;
zeros (4, 60) A2fu zeros (4, 8); zeros (4, 64) A2fu zeros(4,4);zeros(4,68) A2fuJ;

A3fu= [A33u I 1,1) tDT' rUSNH3SNH3 DT' rUSNH3SN03 DT*rUSNH3SS3 DT* rUSNH3Sads3;
DT*rUSN03SNH3 A33u (2,2) +DT* rUSN03SN03 DT*rUSN03SS3 DT*rUSN03Sads3:
DT*rUSS3SNH3 DT*rUSS3SN03 A33u (3,3) +DT*rUSS3SS3 DT*rUSS3Sads3;
DT*rUSads3SNH3 DT* rUSads3SN03 DT*rUSads3SS3 A33u (4,4) +DT* rUSads3Sads3] ;

A3S=(A33u zeros(4,68);zeros(4,4} A3fu zeros(4,64);zeros(4,8) A3fu zeros(4,60);
zeros(4,12) A3fu zeros(4,56);zeros(4,16) A3fu zeros(4,52);zeros(4,20) A3fu zeros(4,48);
zeros(4,24) A3fu zeros(4,44);zeros(4,28) A3fu zeros{4(40);zeros(4,32) A3fu zeros(4,36);
zeros(4,36) A3fu zeros(4,32);zeros(4,40} A3fu zeros(4,28);zeros(4,44) A3fu zeros(4,24):
zeros(4,481 A3fu zeros(4,20);zcros(4,52) A3fu zeros(4,16);zeros(4,56) A3fu zeros(4,12);
zeros(4,60} A3fu zeros(4,8);zeros(4,64) A3fu zeros(4,4);zeros(4,68) A3fu];

A12S= [A12u zeros (4,68) ; zeros (4,4) A12u zeros (4,64) ; zeros (4,8) A12u zeros (4,60) ;
zeros(4,12) A12u zeros(4,56);zeros(4,16) A12u zeros(4,52);zeros(4,20) A12u zeros(4,48);
zeros(4,24) A12u zeros(4,44);zeros(4,28) A12u zeros(4,40);zeros{4,32) A12u zeros(4,36);
zeros(4,36) A12u zeros(4,32);zeros(4,40) A12u zeros(4,28);zeros(4,44) A12u zeros(4,24);
zeros(4,48) A12u zeros(4,20);zeros{4,52) A12u zeros(4,16);zeros{4,56) A12u zeros(4,12);
zeros(4,60) A12u zeros(4,B);zeros(4,64) A12u zeros(4,4);zeros(4,68) A12u];

A21S""[A21u zeros(4,68) ;zeros(4,4) A21u zeros(4,64) :zeros(4,8) A21u zeros(4,60);
zeros(4,12) A21u zeros(4,56);zeros(4,16) A21u zeros(4,52);zeros(4,20) A21u zeros(4,4B);
zeros(4,24} A21u zeros(4,44);zeros(4,28) A21u zeros(4,40);zeros(4,32) A21u zeros(4,36);
zeros(4,36) A21u zeros(4,32);zeros(4,40) A2lu zeros(4,28);zeros(4,44) A21u zeros(4,24);
zeros(4,48) A21u zeros(4,20);zeros(4,52) A21u zeros(4,16):zeros(4,56) A21u zeros(4,12);
zeros(4,60) A21u zeros(4,B);zeros(4,641 A21u zeros(4,41;zeros(4,68) A21uJ;

A23S""[A23u zeros(4,68);zeros(4,41 A23u zeros(4,64);zeros(4,8) A23u zeros(4,60);
zeros(4,12) A23u zeros(4,56);zeros(4,16) A23u zeros(4,52);zeros(4,201 A23u zeros(4,48);
zeros(4,24) A23u zeros{4,44);zeros(4,28) A23u zeros(4,40);zeros(4,32) A23u zeros(4,36):
zeros(4,36) A23u zeros{4,32);zeros{4,40) A23u zeros(4,28);zeros(4,44} A23u zeros(4,24);
zeros(4,48) A23u zeros(4,20):zeros(4,52) A23u zeros(4,16);zeros(4,56) A23u zeros(4,12);
zeros(4,60) A23u zeros(4,8);zeros(4,64) A23u zeros(4,4);zeros(4,68) A23uJ;

A32S= [A32u zeros (4 ,68) ; zeros (4,4) A32u zeros (4, 64) ; zeros (4,8) A32u zeros (4, 60) ;
zeros(4,12) A32u zeros(4,56);zeros(4,16) A32u zeros(4,52);zeros(4,20) A32u zeros(4,48);
zeros(4,24) A32u zeros(4,44);zeros(4,28) A32u zeros(4,40):zeros(4,32) A32u zeros(4,36);
zeros(4,36) A32u zeros{4,32);zeros(4,40) A32u zeros(4,28};zeros(4,44) A32u zeros(4,24);
zeros(4,48) A32u zeros(4,20);zeros(4,52) A32u zeros(4,16):zeros(4,56) A32u zeros{4,12);
zeros (4,60) A32u zeros (4,8) ; zeros (4,64) A32u zeros (4,4) ; zeros (4,68) A32u];

ASu=[A1S A12S zeros 172, 72) ;A21S A2S A23S; zeros 172, 72) A32S A3SJ;

óme t r Lx of the re t.e s osu of the sensitivity model
ClSu=[Cnu zeros(10,68)];CSu=[ClSu zeros(10,144);zeros(10,72) C1Su zeros(10,72);zeros(lO,144) ClSu];

*. Deve Lopment; of the matrix Bëu of t.he sensitivity mode I
Blthetau= [B1u 12,2) 0 0 0; zeros 167,4) J ;B1Su= [B1u;B1thetauJ ; BSu= [BlSu; zeros 1144,4) J ;

'I. Deve Lopment; of t ne vector DSu of the s en s i.t i vtt.y mode I
1. CeLcu I e.td cn of t.he f i rs t. tank
DlSu= [zeros (1,4) rUSNH1f rUSN01f rUSS1f rUSadslf rUSNH1 YZH rUSNOl YZH rUSS1YZH rUSads1 YZH rUSNH1 YZA rUSNOl YZA rUSSIYZA
rUSads1YZA rUSNHlfZBH rUSN01fZBH ...

rUSSlfZBH rUSads1fZBH rUSNH1muA rUSN01muA rUSSlmuA rUSads1muA rUSNHlmuH rUSNOlmuH rUSS1muH rUSadslmuH rUSNH1Ks
rUSN01KS rUSS1Ks rUSads lKs rUSNHIKOH ...

rUSNOIKOH rUSS1KOH rUSadslKOH rUSNH1KNO rUSNOlKNO rUSS1KNO rUSadslKNO rUSNHIKNA rUSN01KNA rUSSlKNA rUSads1KNA
rUSNHIKOA rUSN01KOA rUSSIKOA rUSadslKOA ...

rUSNHletag rUSNOletag rUSSletag rUSadsletag rUSNHIKMP rUSNOIKMP rUSS1KMP rUSadslKMP rUSNH1KSP rUSN01KSP rUSSIKSP
rUSadslKSP rUSNH1KSA rUSNOlKSA rUSS1KSA ...

rUSads1KSA rUSNH1fMA rUSN01fMA rUSSlfMA rUSads1fMA rUSNH1KA rUSNOlKA rUSS1KA rUSads1KA] , ;
.l. CeLcu l et.Lon of t.he .second tan}:
D2Su"" [zeros (1, 4) rUSNH2f rUSNQ2f rUSS2f rUSads2f rUSNH2YZH rUSN02YZH rUSS2YZH rUSads2YZH rUSNH2YZA rUSN02YZA rUSS2YZA
rUSads2YZA rUSNH2fZBH rUSN02fZBH ...

rUSS2fZBH rUSads2fZBH rUSNH2muA rUSN02muA rUSS2muA rUSads2muA rUSNH2muH rUSN02muH rUSS2muH rUSads2muH rUSNH2Ks
rUSN02Ks rUSS2Ks rUSads2Ks rUSNH2KOH ...

rUSN02KOH rUSS2KOH rUSads2KOH rUSNH2KNO rUSN02KNO rUSS2KNO rUSads2KNO rUSNH2KNA rUSN02KNA rUSS2KNA rUSads2KNA
rUSNH2KOA rUSN02KOA rUSS2KOA rUSads2KOA ...

rUSNH2etag rUSN02etag rUSS2etag rUSads2etag rUSNH2KMP rUSN02KMP rUSS2KMP rUSads2KMP rUSNH2KSP rUSN02KSP rUSS2KSP
rUSads2KSP rUSNH2KSA rUSN02KSA rUSS2KSA ..

rUSads2KSA rUSNH2fMA rUSN02fMA rUSS2fMA rUSads2fMA rUSNH2KA rUSNQ2KA rUSS2KA rUSads2KA] ';
:~ Ca Lcu La t.Lcn of t.he third tank
D35u= [zeros (1,4) rUSNH3f rUSN03f rUSS3f rUSads3f rUSNH3YZH rUSN03YZH rUSS3YZH rUSads3YZH rUSNH3YZA rUSN03YZA rUSS3YZA
rUSads3YZA rUSNH3fZBH rUSN03fZBH ...

rUSS3fZBH rUSads3fZBH rUSNH3muA rUSN03muA rUSS3rnuA rUSads3rnuA rUSNH3rnuH rUSN03rnuH rUSS3muH rUSads3muH rUSNH3Ks
rUSN03Ks rUSS3Ks rUSads3Ks rUSNH3KOH ...

rUSN03KOH rUSS3KOH rUSads3KOH rUSNH3KNO rUSN03KNO rUSS3KNO rUSads3KNO rUSNH3KNA rUSN03KNA rUSS3KNA rUSads3KNA
rUSNH3KOA rUSN03KOA rUSS3KOA rUSads3KOA ...

rUSNH3etag rUSN03etag rUSS3etag rUSads3etag rUSNH3KMP rUSN03KMP rUSS3KMP rUSads3KMP rUSNH3KSP rUSN03KSP rUSS3KSP
rUSads3KSP rUSNH3KSA rUSN03KSA rUSS3KSA .•.

rUSads3KSA rUSNH3fMA rUSN03fMA rUS53fMA rUSads3fMA rUSNH3KA rUSN03KA rUSS3KA rUSads3KA] , ;

DSu= [DlSu; D2Su; D3SuJ ;
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Figure 9.59: Trajectories of the reduced ASM1 biological model applied for the Benchmark
process
The trajectory of estimated muH starts from zero decreasing to - 0.19 at a discrete time
of 4 then reaches a maximum of 0.05 at a discrete time of 10 and continues to - 0.04 at
a discrete time of 100. The trajectory of estimated muA starts from zero increasing to a
maximum of 0.12 at a discrete time of 3 then decreases to 0.0395 at a discrete time of 8
and continues to 0.0595 at a discrete time of 100. The trajectory of estimated Kh starts
from zero decreasing to a minimum of - 0.2 at a discrete time of 5 then reaches a
maximum of 0.95 at a discrete time of 9.5 and continues to 0.598 at a discrete time of
100.

Figure 9.60: Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable
SNH
The trajectories of process variables, ASM1 full Snh1 and reduced estimated, Snh1 E are
approximately identical whilst the estimation error, ERRSnh1 decreases from zero to - 1
and oscillates slightly then dramatically increases to 1 at a discrete time of 100. The
trajectories of process variables, ASM1 full Snh2 and reduced estimated, Snh2E differs
slightly from each other whilst the estimation error, ERRSnh2 decreases from zero to - 1
then dramatically increases to 1.9 at a discrete time of 100. The trajectories of process
variables, ASM1 full Snh3 and reduced estimated, Snh3E differs slightly from each other
whilst the estimation error, ERRSnh3 increases to 0.25 then decreases to - 0.6 at a
discrete time of 3 and dramatically increases to 2.2 at a discrete time of 100. The
trajectories of process variables, ASM1 full Snh4 and reduced estimated, Snh4E differs
slightly from each other whilst the estimation error, ERRSnh4 increases from zero to
0.25 then decreases to - 0.5 at a discrete time of 3 and increases to 2.6 at a discrete
time of 100. The trajectories of process variables, ASM1 full Snh5 and reduced
estimated, Snh5E differs slightly from each other whilst the estimation error, ERRSnh2
increases from zero to 0.25 then decreases to - 0.25 at a discrete time of 4 then
dramatically increases to 2.95 at a discrete time of 100.

Figure 9.61: Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable
SNO
The trajectories of process variables, ASM1 full SN01 and reduced estimated, SN01 E
are the same till the discrete time of 40 and after this they start to diverge a little whilst
the estimation error, ERRSN01 decreases from zero to - 0.7 then increases to 1.5 at a
discrete time of 100. The trajectories of process variables, AS]Y11full SN02 and reduced
estimated, SN02E are the same till the discrete time of 40 and after this they start to
diverge a little whilst the estimation error, ERRSN02 decreases from zero to - 0.7 then
increases to 1.8 at a discrete time of 100. The trajectories of process variables, ASM1
full SN03 and reduced estimated, SN03E are the same till the discrete time of 40 and
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after this they start to diverge a little whilst the estimation error, ERRSN03 decreases
from zero to - 0.9 then increases to 1.85 at a discrete time of 100. The trajectories of
process variables, ASM1 full SN04 and reduced estimated, SN04E are the same till the
discrete time of 40 and after this they start to diverge a little whilst the estimation error,
ERRSN04 decreases from zero to - 1 then increases to 1.9 at a discrete time of 100.
The trajectories of process variables, ASM1 full SN05 and reduced estimated, SN05E
are the same till the discrete time of 40 and after this they start to diverge a little whilst
the estimation error, ERRSN05 decreases from zero to - 0.8 then increases to 1.95 at a
discrete time of 100.

Figure 9.62: Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable SS
The trajectories of process variables, ASM1 full SS1 and reduced estimated, SS1 E are
identical whilst the estimation error, ERRSS 1 oscillates from zero to 0.8 then remains
stable and increases to 1.5 at a discrete time of 100. The trajectories of process
variables, ASM1 full SS2 and reduced estimated, SS2E are identical whilst the
estimation error, ERRSS2 oscillates from zero to 0.8 then remains stable and increases
to 1.4 at a discrete time of 100. The trajectories of process variables, ASM1 full SS3 and
reduced estimated, SS3E are identical whilst the estimation error, ERRSS3 oscillates
from zero to 1 then remains stable and increases to 1.45 at a discrete time of 100. The
trajectories of process variables, ASM1 full SS4 and reduced estimated, SS4E are
identical whilst the estimation error, ERRSS4 oscillates from zero to 1.1 then remains
stable and increases to 1.49 at a discrete time of 100. The trajectories of process
variables, ASM1 full SS5 and reduced estimated, SS5E are identical whilst the
estimation error, ERRSS5 oscillates from zero to 1 then remains stable and increases to
1.5 at a discrete time of 100.
Figure 9.63: Trajectories of the reduced ASM1 biological model parameters for the Athlone
process
The trajectory of estimated muH decreases from 65 to zero at a discrete time of 2 then
remains constant then decreases to -7 at a discrete time of 5 and increases to 4 at a
discrete time of 7 then remains at a constant value of 2 until a discrete time of 100. The
trajectory of estimated muA increases from 0.5 to 1.8 at a discrete time of 2 then
decreases to 1.2 at a discrete time of 4 and increases to 1.48 at a discrete time of 6 then
decreases to 0.65 at a discrete time of 8 and steadily increases from this value to 3.2 at
a discrete time of 100. The trajectory of estimated Kh decreases from 3.6 to zero at a
discrete time of 5 and increases to 4.8 at a discrete time of 8 then decreases to 3.7 at a
discrete time of 9 and steadily increases to 6.5 at a discrete time of 100.

Figure 9.64: Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Athlone process for the process variable SNH
The trajectories of process variables, ASM1 full Snh1 and reduced estimated Snh1 E are
slightly different having the same profile with the reduced estimated Snh1 E having a
maximum of 0.3 at a discrete time of 20 whilst ASM1 full Snh1 have a maximum of 0.28
at a discrete time of 20. The estimated error ERRSnh1 decreases from zero to -0.04 at a
discrete time of 8 and increases to 0.0285 at a discrete time of 100. The trajectories of
process variables, ASM1 full Snh2 and reduced estimated Snh2E are slightly different
having the same profile with the reduced estimated Snh2E having a maximum of j).22 at
a discrete time of 20 whilst ASM1 full Snh2 have a maximum of 0.225 at a discrete time
of 30. The estimated error ERRSnh2 decreases from zero to -0.002 at a discrete time of
8 and increases to 0.095 at a discrete time of 100. The trajectories of process variables,
ASM1 full Snh3 and reduced estimated Snh3E are slightly different having the same
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profile with the reduced estimated Snh3E having a maximum of 0.16 at a discrete time of
20 whilst ASM1 full Snh3 have a maximum of 0.19 at a discrete time of 30. The
estimated error ERRSnh3 increases slightly at zero then decreases to -0.01 and
increases to 0.16 at a discrete time of 100.

Figure 9.65. Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Athlone process for the process variable SNO
The trajectories of process variables, ASM1 full SN01 and reduced estimated SN01 E
are slightly different having the same profile with the reduced estimated SN01 E
increasing from 0.037 to 0.13 at a discrete time of 100 whilst ASM1 full SN01 decreases
from 0.056 to 0.019 at a discrete time of 8 then increases to 0.144 at a discrete time of
100. The estimated error ERRSN01 decreases from zero to a minimum of - 19 x l0-3 at
a discrete time of 11 and increases to 5 x 10-3 at a discrete time of 100. The trajectories
of process variables, ASM1 full SN02 and reduced estimated SN02E are slightly
different having the same profile with the reduced estimated SN02E increasing from
0.05 to 0.24 at a discrete time of 100 whilst ASM1 full SN02 increases slightly from 0.04
to 0.06 at a discrete time of 2 and decreases to 0.0495 at a discrete time of 10 then
increases to 0.348 at a discrete time of 100. The estimated error ERRSN02 decreases
from zero to -0.0198 at a discrete time of 8 and decreases to a minimum of -0.0199 at a
discrete time of 17 then increases to 0.102 at a discrete time of 100. The trajectories of
process variables, ASM1 full SN03 and reduced estimated SN03E are slightly different
having the same profile with the reduced estimated SN03E increasing from 0.065 to 0.3
at a discrete time of 100 whilst ASM1 full SN03 reaches a minimum of 0.065 at a
discrete time of 10 then increases to 0.46 at a discrete time of 100. The estimated error
ERRSN03 decreases from zero to a minimum of - 0.02 at a discrete time of 11 and
increases to 0.155 at a discrete time of 100.

Figure 9.66. Trajectories of the ASM1 full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Athlone process for the process variable SS
The trajectories of process variables, ASM1 full SS1 and reduced estimated SS1 E are
completely identical with increasing from zero to 2.1 at a discrete time of 100 whilst
estimated error ERRSS1 decreases from zero to a minimum of -0.02 at a discrete time
of 17 then increases to 0.076 at a discrete time of 100. The trajectories of process
variables, ASM1 full SS2 and reduced estimated SS2E are completely identical with
increasing from zero to 3.25 at a discrete time of 100 whilst estimated error ERRSS2
increases from zero to 0.022 then decreases to a minimum of -0.03 at a discrete time of
25 then increases to 0.074 at a discrete time of 100. The trajectories of process
variables, ASM1 full SS3 and reduced estimated SS3E are completely identical with
increasing from zero to 4 at a discrete time of 100 whilst estimated error ERRSS3
decreases from zero to a minimum of -0.06 at a discrete time of 20 then increases to
0.18 at a discrete time of 100.
Figure 9.67: Trajectories of the reduced UCT biological model parameters for the

Benchmark process

The trajectory of estimated muH decreases from 0.4 to 0.21 at a discrete time of 2 and
increases to 0.44 at a discrete time of 100. The trajectory of estimated KMP decreases
from 0.8 to 0.48 at a discrete time of 2 and increases to a maximum of 0.99 at a discrete
time of 7 then decreases to 0.24 at discrete time of 100. The trajectory of estimated KA
decreases from 0.006 to 0.0018 at a discrete time of 2 and increases to 0.009 at a
discrete time of 7 then increases to 0.0098 at a discrete time of 100. The trajectory of
estimated muA increases from 0.095 to 0.16 at a discrete time of 2 then decreases to
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0.025 at a discrete time of 30 then remains at this steady state until a discrete time of
100.

Figure 9.68: Trajectories of the UCT full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable
SNH
The trajectories of process variables, UCT full Snh1 and reduced estimated Snh1 E are
slightly different with same profile from zero to approximately 3 at a discrete time of 100
whilst the estimated error ERRSnh1 decreases from zero to -0.14 at a discrete time of 6
then increases to 0.24 at a discrete time of 100. The trajectories of process variables,
UCT full Snh2 and reduced estimated Snh2E are slightly different with same profile from
zero to approximately 3 at a discrete time of 100 whilst the estimated error ERRSnh2
decreases from zero to -0.15 at a discrete time of 4 then increases to 0.26 at a discrete
time of 100. The trajectories of process variables, UCT full Snh3 and reduced estimated
Snh3E are slightly different with same profile from zero to approximately 3 at a discrete
time of 100 whilst the estimated error ERRSnh3 decreases from zero to -0.08 at a
discrete time of 6 then increases to 0.36 at a discrete time of 100. The trajectories of
process variables, UCT full Snh4 and reduced estimated Snh4E are slightly different
with same profile from zero to approximately 3 at a discrete time of 100 whilst the
estimated error ERRSnh4 decreases from zero to -0 ..006 at a discrete time of 6 then
increases to 0.38 at a discrete time of 100. The trajectories of process variables, UCT
full Snh5 and reduced estimated Snh5E are slightly different with same profile from zero
to approximately 3 at a discrete time of 100 whilst the estimated error ERRSnh5
decreases from zero to -0.04 at a discrete time of 6 then increases to 0.4 at a discrete
time of 100.

Figure 9.69: Trajectories of the UCT full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable
SNO
The trajectories of process variables, UCT full SN01 and reduced estimated SN01 E are
slightly different with UCT full SN01 increases from zero to 0.6 at a discrete time of 100
and reduced estimated SN01 E increases from zero to 0.5 at a discrete time of 100
whilst the estimated error ERRSN01 decreases from zero to -0.005 at a discrete time of
4 then increases to 0.08 at a discrete time of 100. The trajectories of process variables,
UCT full SN02 and reduced estimated SN02E are slightly different with UCT full SN02
increases from zero to 0.6 at a discrete time of 100 and reduced estimated SN02E
increases from zero to 0.52 at a discrete time of 100 whilst the estimated error
ERRSN02 decreases from zero to -0.075 at a discrete time of 4 then increases to 0.095
at a discrete time of 100. The trajectories of process variables, UCT full SN03 and
reduced estimated SN03E are slightly different with UCT full SN03 increases from zero
to 0.64 at a discrete time of 100 and reduced estimated SN03E increases from zero to
0.56 at a discrete time of 100 whilst the estimated error ERRSN03 decreases from zero
to -0.07 at a discrete time of 4 then increases to 0.096 at a discrete time of 100. The
trajectories of process variables, UCT full SN04 and reduced estimated SN04E are
slightly different with UCT full SN04 increases from zero to 0.66 at a discrete time of 100
and reduced estimated SN04E increases from zero to 0.58 at a discrete time of 100
whilst the estimated error ERRSN04 decreases from zero to -0.065 at a discrete time of
6 then increases to 0.098 at a discrete time of 100. The trajectories of process variables,
UCT full SN05 and reduced estimated SN05E are slightly different with UCT full SN05
increases from zero to 0.68 at a discrete time of 100 and reduced estimated SN05E
increases from zero to 0.59 at a discrete time of 100 whilst the estimated error
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ERRSN05 decreases from zero to -0.07 at a discrete time of 6 then increases to 0.1 at a
discrete time of 100.

Figure 9.70: Trajectories of the UCT full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable SS
The trajectories of process variables, UCT full SS 1 and reduced estimated SS 1E are
completely identical where they increases from zero to a maximum of 1.85 at a discrete
time of 20 then decreases to 1.35 at a discrete time of 100 whilst the estimated error
ERRSS1 oscillates from zero to 0.008 at a discrete time of 50 then reaches a steady
state until a discrete time of 100. The trajectories of process variables, UCT full SS2 and
reduced estimated SS2E are completely identical where they increases from zero to a
maximum of 1.7 at a discrete time of 20 then decreases to 1 at a discrete time of 100
whilst the estimated error ERRSS2 oscillates from zero to 0.0075 at a discrete time of 40
then reaches a steady state until a discrete time of 100. The trajectories of process
variables, UCT full SS3 and reduced estimated SS3E are completely identical where
they increases from zero to a maximum of 1.4 at a discrete time of 20 then decreases to
0.75 at a discrete time of 100 whilst the estimated error ERRSS3 oscillates from zero to
0.008 at a discrete time of 50 then reaches a steady state until a discrete time of 100.
The trajectories of process variables, UCT full SS4 and reduced estimated SS4E are
completely identical where they increases from zero to a maximum of 1.2 at a discrete
time of 20 then decreases to 0.5 at a discrete time of 100 whilst the estimated error
ERRSS4 oscillates from zero to 0.009 at a discrete time of 50 then reaches a steady
state until a discrete time of 100. The trajectories of process variables, UCT full SS5 and
reduced estimated SS5E are completely identical where they increases from zero to a
maximum of 0.95 at a discrete time of 20 then decreases to 0.35 at a discrete time of
100 whilst the estimated error ERRSS5 oscillates from zero to 0.011 at a discrete time of
50 then reaches a steady state until a discrete time of 100.

Figure 9.71: Trajectories of the UCT full (solid line), reduced estimated (dashed line) and
the error between them as applied for the Benchmark process for the process variable
XSA
The trajectories of process variables, UCT full XSA 1 and reduced estimated XSA 1E are
completely identical where they decreases from 0.75 to 0.35 at a discrete time of 2 then
increases to 1 at a discrete time of 100 whilst the estimated error ERRXSA 1 displays
noise from zero to 0.0025 at a discrete time of 40 then slowly decreases to -0.0025 at a
discrete time of 100. The trajectories of process variables, UCT full XSA2 and reduced
estimated XSA2E are completely identical where they increases from 0.8 to 0.9 at a
discrete time of 1 and decreases to 0.25 at a discrete time of 2 then increases to 1.1 at a
discrete time of 100 whilst the estimated error ERRXSA2 displays noise around zero to
discrete time of 40 then slowly decreases to -0.0095 at a discrete time of 100. The
trajectories of process variables, UCT full XSA3 and reduced estimated XSA3E are
completely identical where they increases from 0.6 to 0.7 at a discrete time of 1 and
decreases to 0.25 at a discrete time of 2 then increases to 1.15 at a discrete time of 100
whilst the estimated error ERRXSA3 displays noise from zero to 0.0025 at a discrete
time of 40 then slowly decreases to -0.01 at a discrete time of 100. The trajectories of
process variables, UCT full XSA4 and reduced estimated XSA4E are completely
identical where they decreases from 0.55 to 0.5 at a discrete time of 1 and increases to
0.55 at a discrete time of 2 then decreases to 0.25 at a discrete time of 3 then increases
to 1.2 at a discrete time of 100 whilst the estimated error ERRXSA4 displays noise
around zero until a discrete time of 40 then slowly decreases to -0.01 at a discrete time
of 100. The trajectories of process variables, UCT full XSA5 and reduced estimated
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XSA5E are completely identical where they decreases from 0.5 to 0.25 at a discrete time
of 8 and increases to 1.2 at a discrete time of 100 whilst the estimated error ERRXSA5
decreases from zero to -0.025 then displays noise around zero until discrete time of 40
then slowly decreases to -0.018 at a discrete time of 100.

APPENDIX F: SOFTWARE FOR PARAMETER ESTIMATION OF THE BENCHMARK
MASS BALANCES MODEL FOR THE CASE OF ASM1 AND UCT REDUCED
MODELS
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1. SOFTWARE FOR PARAMETER ESTIMATION OF THE BENCHMARK MASS-
BALANCE MODEL FOR THE CASE OF ASM1 REDUCED MODEL

1.1. Main program
%PROGRAM BASMlparest.m
~;;'.im - the pr-oq r-am estimates the reduced ASl·11 model par ernet.e r s for t.he Benchme r k process and caj.cut c t.e s the e r r o r s
betv/een the process ve r á ab Les behev i.ou r- for the full and reduced ASMl model e . 'l'he
~:program call the function subroutines rateAS.t1l:f.m, prateASHIR.m and l.-at:eASHIRE.m. 'ï'he ca Leu Lat.Lon 1..18f.C:5

'sreduc ed b i.o l.oqd ce I model with 3 ve r.i.ab l.es SNH, SHO and SS
:::;Theproqr arn uses global definit.ion of the modeI. pe rerne t.e rs

global Ks KOB KNO KNH KOA Kx muH etag muA Kh etah iXB YH YA fP iXP bH bA Ka

!~Process pe reme t.e r s
f-lo2;YA ~ 0.24;YH ~ 0.67;iXB ~ 0.08;muH ~ 0.4;Ks - 10;KOH - 0.2;KNO ~ O.S;etag
O.S;KNH ~ l;KOA ~ 0.4;fP - 0.08;iXP ~ 0.06;bH ~ 0.3;bA ~ O.OS;Ka ~ 0.05;
~Tanks volumes and flow rates
V1 ~ 1000;V2 ~ 1000;V3 ~ 1333;V4 ~ 1333;VS ~ 1333;
Qo -= 18446;Qa = 55338;Qr = 18446,Qw = 385;Sosat = 8:LAMBDA== (Qo+Qr)! (Qr+Qw);
%Oxj.'gen parameters
SOsat = 8:Klal=4.8;Kla2=4.8:Kla3 = 240iKla4==240,Kla5 = 84;
K1-[K1a1 Kla2 Kla3 K1a4 K1aSJ ;K1a~diag(K1);

cv e r et.eb O.8iKh 3iKx O.l;muA =

·~Det.ermination of the eernp.lLnq period
DT ~ 0.01042;days~0.1042*10;K~days/DT;k~0:DT:days;

wce.i cuiar.t cn of the model me'tzLces
ace ï cuf et.t cn of Uh": matrix CE'

YH1 ~ -1/YH;YA1 ~ 1/YA;YH2 ~ -(1-YH)/YH;YA2 ~ -(4.S7/YA)+1;YH3 ~ -(1-YH)/(2.86*YH);fP1 ~ 1-fP;
iXB1 _ -(iXB+YA1);iXB2 ~ iXB-(fP*iXP);iXB3 ~ -iXB/14;YH4 - (1-YH)/(14*2.86*YH)+iXB3;YA3 ~ iXB-YA1/7;YHS 1/14;
YZSI [0 0 0 0 0 0 0 0)';
YZSS [YH1 YH1 0 0 0 0 1 0)';
YZXI [0 0 0 0 0 0 0 0)';
YZXS [0 0 0 fP1 fPl 0 -1 0)';
YZXBH ~ [1 1 0 -1 0 0 0 0)';
YZXBA ~ [0 0 1 0 -1 0 0 0)';
YZXP ~ [0 0 0 fP fP 0 0 J • ;
YZSO ~ [YH2 0 YA2 0 0 0 OJ';
YZSNO [0 YH3 YA1 0 0 0 0 0)';
YZSNH [-iXB -iXB iXB1 0 0 1 0 0)';
YZSND [0 0 0 0 0 -1 0 1 J ' ;
YZXND [0 0 0 iXB2 iXB2 0 0 -1)';
YZSALK ~ [iXB3 YH4 YA3 0 0 YHS 0 OJ';
Cn ~ DT* IYZSI YZSS YZXI YZXS YZXBH YZXBA YZXP YZSO YZSNO YZSNH YZSND YZXND YZSALKJ;
CF=[Cn zeros(8,52) izeros(8,13) Cn zeros(8,39) r z.ero s t s i z ë) Cn zeros(8,26) ;zeros(8,39) en zeros(8,13) ;zeros(8,52) Cn];
%Calcul.:.tion of the tnet r i x JLE'
lVI = DT!V1;IV2 -= DT/V2;IV3 = DT!V3;IV4 = DT/V4;IVS = DT/VS,IV=IVl*QOiIVV=IV*f;
Q=Qo+Qa+Qr ;
IV2l=IV2*Q; IV32=IV3*Q; IV4 3=lV4 *Q; IV54=IV5*Q;
IVl1=1-IV1 *0; IV22=1-IV21, IV33=1-IV32; IV4 4=1-IV43, IV55=1-IV54, IV15=IV1 * (Qa+Qr) ; IV15p=IV1 * (Qa+LAMBDA*Qr);
a1_[IV11.IV11,IV11.IV11,IV11,IV11,IV11,IV11,IV11,IV11,IV11,IV11,IV11J;
A11=diag (al);
a2=[IV22,IV22,IV22,IV22,IV22,IV22,IV22,IV22,rV22,rV22,IV22,IV22,IV22],
A22~diag (a2) ;
a3= (IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33 r IV33, IV33, IV33] ;
A33-diag (a3) ;
a4~ [IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44 J ;
A4 é=d i aq (a4) ;
aS~[IV5S,IVSS,IV55,IVSS,IVSS,IVSS,IVSS,IVSS,IVSS,IVSS,IVSS,IVSS,IVSS);
A55=diag (a5) ;
a15= [IVl5, IV15, IV15p, IV15, IV15p, IV15p, IVl5p, IV15, IV15, IV15, IV15, IV15p, IV15] ;
A1S~diag (a15);
a21=[IV21, IV2l, IV2l, IV21, IV21, IV21. IV21, IV21, IV21, IV21, IV21, IV21, tV21];
A21~diag (a21);
a32- [IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32 J ;
A32~diag (a32) ;
a43~[IV43. IVO, IV43, IV43, IV43, IV43, IV43, IV43, IV43. IV43, IVO, IV43, IV43);
A43~diag (aO);
a54=[IV54,IV54,IV54,lV54,IV54,IV54,IV54,IV54,IV54,IV54,IV54,IV54,IV54];
A54=diag (a54) ;
AF=[A1l zeros(13,39) A15;A21 A22 zeros(13,39);zeros(13,13) A32 A33 zeros(13,26);zeros(13,26) A43 A44
zeros(13,l3);zerosI13,39) A54 A55];
aCa Leu Lat.Lon of t.be matrix: EF
bl= [IV, IV, IV, IV, IV, IV, IV, IV, IV, IV I IV, IV, IV] ;
B1~diag (bl) ;
BF= [Bl; zeros (52, 13)];

'i:;Aver.age influent concentrations t r e j e ct.c r á e s for the process var i eb.l.es
55i=69. 5 ;XBHi=28. 17; XSi=202. 32; Xli=51. 2; SNHi=31. 56; SIi=30. 0; SNDi=6. 95; XNDi=10. 59; SOi=O. 0;
XBAi=O. O;XPi=O. 0; SNOi:=::O.0; SALKi=7. 0;
Zi=[SIi*ones(l,K),SSi*ones(l,K};Xli*ones(l,K);XSi*onesII,K);XBHi*ones(l,K);XBAi*ones(l,K);XPi*onesll,K);SOi*ones(l,K);S
NOi*ones 11,Kl; SNHi*one:s (1, xi • SNDi*ones (l, Kl ;XNDi *ones (1, Kl; SALKi*ones (I, K) ] ;

,':[leter::ninatioIi_ of the LnLt i é.I conditions
Si 1 3. 0000000e+01; Ss 1 2.8082131e+00;Xi 1 1.1491252e+03;Xs _ 8.2134 908e+01;

Xbh 1 2. SS17 658e+03; Xba _ 1 1.4838943e+02;XP::> 4.488S186e+02;50 1 4.2984433e-03;

Sno 1 5. 3699400e+00; Snh _ 1 7. 91788~5e+OO;Snd_ 1 1.21664 05e+OO; Xnd_ 1 5.2848894e+00;

Salk _ 1 4. 9277103e+00;
Z10 ~ [Si ;Ss _1 ,Xi 1 ,Xs .-1 ;Xbh_ 1 ;Xba_1 ;Xp_ 1 ;50 _1 ;Sno _1 ;Snh _1 s Srid_ 1 ;Xnd_ 1 ;5a1k _ 1 J;

Si 2 3. OOOOOOOe+Ol;Ss _2 lo 4587940e+00;Xi 2 1.14912S2e+03;Xs 2 7.6386187e+01;

538



Si 5
Xbh_5
Sno 5
Salk 5
Z50 ;;; [Si
't, ve ct.o r c f

3. OOOOOOOe+01;55
2. 5593436e+03 ;Xba_5
1.041522 Oe+01; Snh 5
4 .1255794e+00; _
;Ss_5 ;Xi_5 ;Xs_5 ;Xbh_5

1.4830914e+02;Xp_2 4.4 952273e+02; So 2 6.3131911e-05;
8. 3444148e+00; Snd _2 8.8206477e-01;Xnd_ 2 5.0290873e+00;

;Xba _2 ;Xp_ 2 ;50_2 ;Sno _2 ;Snh _2 ;Snd_ 2 ;Xnd_2 ;Salk _2 ];

1.1495418e+00;Xi 3 1.1491252e+03;Xs _3 6.4854922e+01
1.4894126e+02;Xp=3 4. 5041834e+02; So 3 1. 7183778e+00
5.5479452e+OO;Snd _3 8.2888682e-Ol;Xnd_ 3 4.3924277e+OO

;Xba _3 ;Xp_ 3 ;50_3 ;Sno _3 ;Snh _3 ;Snd _3 :Xnd _3 ;Salk _3 ];

9.953238ge-01;Xi 4 1.1491252e+03;Xs _4 5.5693982e+01
1. 4952712e+02;Xp= 4 4.51314 6ge+02; So 4 2.4288838e+00
2. 9673854e+00; Snd _4 7.6678656e-01;Xnd_ 4 3.87901D1e+OO

;Xba _4 ;Xp_4 ;50_ 4 :Sno _4 ;Snh _4 :Snd _ 4 ;Xnd _4 ;Salk _ 4 ];

8.8949280e-01;Xi 5 1.1491252e+03;Xs _5 4.9305586e+01
1.4979714e+02;Xp=5 4. 5221112e+02; So 5 4.9094351e-01
1. 7333316e+00;Snd_ 5 6.8828001e-01;Xnd_ 5 3.5271755e+00

;Xba _5 ;Xp_ 5 :50_5 :S:rQ _5 ;Snh_ 5 ;Snd _5 ;Xnd_ 5 ;Salk _ ];

Xbh_2
Sno 2
Salk 2
Z20 ;;; [Si

2.55338S1e+03;Xba 2
3.6619672e+00;Snh-2
5.0801748e+00; _
;Ss_2 ;Xi_Z ;Xs_2 ;Xbh_2

Si 3
Xbh_3
Sno 3
Salk_3

3. OOOOOOOe+Ol;Ss 3
2. 5571314e+03; Xba_3
6.5408820e+OO;Snh 3
4.6747 902e+00; _

Z30 - [Si_3 ;Ss_3 ;Xi_3 ;Xs_3 ;Xbh_3

Si 4 3.0000000e+01;Ss_4
Xbh 4 2.5591826e+03;Xba 4
Sno 4 9.2989988e+00;Snh-4
Salk 4 4.2934562e+00; _
Z40 -= [Si_4 :55_4 ;Xi_4 ,Xs_4 ,Xbh_4

r.be i.ni.t.La I ve Lue s
ZO~[ZlO; Z20; Z30; Z40; Z50]·0.1
2=[20 zeros(65,K»);

:3Simulation. of the full mcde L behavior
for k ...1:K
~ calculation of the initial t r e j ec r.or y for the s t.e t e ve cr.o r

Zk~Z I: ,kl;
SOk~[ZkI8,11 ;ZkI21,11 ;ZkI34,11 ;ZkI47,11 ;ZkI60, 11];
zik - Zi I:, kl ;

[ROASM1F]~rateASM1FIZkl ;
ZZk=DT*Kla* (SOsat-SOk) ;
ZZ1k= (zeros (7, 1) ; ZZk (1) ; zeros (12, 1) ; ZZk (2) ; zeros (12, 1) ; 2Zk (3) ; zeros (12,1) ; ZZk (4) , zeros (12,1) ; ZZk (5) ; zeros (5,1) J ;
Z(:,k+1) - AF*Z(:,k) + CF'*ROASM1F + BF*Zi(:,k)+ZZ1k;

end
z
ase tecc aon of Uie measured variables of" st.e te space ~3NH,~mo,ss
X~ [Z 110, : I ; Z 19, : I ; Z 12, : I ; Z 123, : I ; Z 122, : I ; Z 115, '-1 ; Z 136, : I ; Z 135, : I ; Z 128, : I ; Z 149, : I ; Z 148, : I ; Z 141, : I ; Z 162, : I ;
ZI61,:I;ZIS4,:I]
'ttr~j ec t.o r y of the contr-ol signal
U~ [Z 18, : I ; Z 121, : I ; Z 134, : I ; Z 147, : I ; Z 160, : I ]

'Calculation of the vector P

::J:'.verag·e values of the inflow concent r e t i ons for' dry weather
Xi = [SNHi *ones (1, K) ; SNOi *ones (1, K) ; SSi*ones (1, K) J

* Steady s t at.e ve Lue s for the biomass ):]3H, XBA, XS
XBH = [2551.76*ones(1,K),2553.38*ones(1,K);2557.13*ones(1,K);2559.18*ones(1,K);2559.34*ones(1,K)];% XBH steady state
COD!m"3
XBA = [148.389*ones(1,K);148.309*ones(1,K);148.941*ones(l,K);149.527*ones(1,K);149.797*ones(1,K)];:" XB.1\. s t.ee dy at.at.e 9
all GOD/m"3
XS = [82.135*ones(1,K);76.386*ones(1,K);64.855*ones{1,K);55.694*ones(1,K);49.306*ones(1,K)], ~ XS steady state all

COD/m"3

~Calculat.ion cf t.he s t at.e space process mede I matrices
'!'C,::,lculati(>!) of the rna t rdz .A.

AR~[[IV11 0.0 0.0;0.0 IVll 0.0;0.0 0.0 IVll] zerosl3,91 [IV15 0.0 0.0;0.0 IV15 0.0;0.0 0.0 IV15];
[IV21 0.0 0.0;0.0 IV21 0.0;0.0 0.0 IV21] [IV22 0.0 0.0;0.0 IV22 0.0;0.0 0.0 IV22] zerosI3,91;
z e ro s t Sv S) [IV32 0.0 0.0;0.0 IV32 0.0;0.0 0.0 IV32] [IV33 0.0 0.0;0.0 IV33 0.0;0.0 0.0 IV33] zerosI3,61;
zerosl3,61 [IV43 0.0 0.0;0.0 IV43 0.0;0.0 0.0 IV43] [IV44 0.0 0.0;0.0 IV44 0.0;0.0 0.0 IV44] zerosI3,31;
zerosl3,91 [IV54 0.0 0.0,0.0 IV54 0.0;0.0 0.0 IV54] [IV55 0.0 0.0;0.0 IV55 0.0;0.0 0.0 IV55]]

»Ce Lcu.Le t.Lon of t.he matrices BL B e.nd en and C
B1R~[IVV 0.0 0.0;0.0 IV 0.0;0.0 0.0 IV]
BR~[IVV 0.0 0.0;0.0 IV 0.0;0.0 0.0 IV;zerosI12,31]
CnR~DT.[I-iXBI 0.0 l-l/YHI;I-iXBI 1-ll-YHII/12.86*YHI -1/YH;-liXB+1/YAI l/YA 0.0;0.00.01.0];
CR=[CnR zeros(4,12);zeros(4,3) CnR zeros(4,9);zeros(4,6) CnR zeros(4,6);zeros(4,9) CnR zeros(4,3);zeros(4,12) CnR];

ecaj cur e t.t.on (If t.be estimated coe f fi cLen t.s
for k = 1: K

Xk-X (:, k);
Uk ~UI:, kl;
XBHk = XBH(:,k);
XBAk ~ XBAI:, kl;
XSk ~ XSI:,kl;
Xik = xi (:, k) ;

[Pk] ~prateASM1R IXk, Uk, XBHk, XBAk, XSkl ;
FIk-CR' *Pk;
Y(:,k) = X(:,k+l)-AR*X{:,k)-BR*Xi(:,k);
theta I : ,kl ~ (FIk' ·FIkI ' I-1 I ·Flk' ·Y ( : ,kl;

rend

rnuHEIl, : I~theta Il, : I ;rnuAE Il, : I~theta 12, : I ;KhE Il,: I =t.he t.a 13,: I.;

cSf.rnuLat.Lcn cf t.be reduced model w Lt h the estimated pe r ame t e.r s

XE~ [Z 110, 1) ; Z 19, 1 I ; Z 12, 1 I ; Z 123,1 I ; Z 122,1 I ; Z 115,1 I ; Z 136,1 I ; Z 135,1 I ; Z 128,1 I ; Z 149, 1 I ; Z 148, 1 I ; Z 141, 1 I ; Z 162,1 I ; Z 161, 1 I ;
Z 154, li ] ;
ERR=X(:,1) -XE,
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for k = l:K
Xk~X I:, k);
Uk ~U I:, k);
XBHk = XBH (:, k) ;

XBAk ~ XBAI:,k);
XSk ~ XS I: , k) ;
Xik = Xi(:,kli
thetak~thetal:,k);

[ROASM1E] ~rateASM1RE IXk, Uk, XBHk, XBAk, XSk, thetak) ;

XE I:, k+l) ~AR*XE I:, k) +CR' *ROASM1E+BR*Xi I:, k) ;
ERR(:, k+l)=-X (:, k+1) -XE (:, k+l);

end

'sve c t.o r of proce e s full, c s t.Lrnat.e d and error variables SNB, SNO,SS, 'l'ank
SNH1~XI1,:) ;SN01-XI2,:) ;SSl~XI3,:);
SNH1E~XE Il, : ) ; SN01E~XE 12, :) ; SSlE~XE 13, : ) ;
ERRSNH1~ERRI1,:) ;ERRSN01~ERRI2,:) ;ERRSS1-ERRI3,:);
'i Ca Lcu La't i on of the vefunt ed errors :[01.- tankl
eSNH1= (ERRSNHl*ERRSNHl1 ) / (SNHl *SNH11 l
eSN01~ IERRSNOl *ERRSN01') IISNOl *SN01' )
eSS1= (ERRSSl *ERRSS11 ) / (SS 1*SS11

)

avecr.or of process full, est.tres.tee and error va.r i.ab Le s mm, SNOr $$, Tank
SNH2~X 14, : ) ; SN02~X 15, : ) ; SS2~X I 6, : ) ;
SNH2E~XE 14, : ) ; SN02E~XE 15, : ) ; SS2E~XE I 6, : ) ;
ERRSNH2~ERRI4,:) ;ERRSN02~ERRI5,:) ;ERRSS2~ERRI6,:);
:~Calculat.iGn of the wei.qn t ed errors for t ank 2
eSNH2~ IERRSNH2*ERRSNH2') I ISNH2*SNH2 ')
eSN02~ IERRSN02*ERRSN02') I ISN02*SN02')
eSS2~ IERRSS2*ERRSS2' ) I ISS2*SS2' )

Svect cc- of process full, e s t i.mar.ed and e r r o r variables ~:.am, SNO,SS, Tant .3
SNH3~XI7,:) ;SN03~XIB,:) ;SS3~XI9,:);
SNH3E~XE 17, : ) ; SN03E~XE IB, : ) ; SS3E~XE 19, : ) ;
ERRSNH3~ERRI7,:) ;ERRSN03~ERRIB,:) ;ERRSS3~ERRI9,:);
vcar cur et.t.on of the we Lob t ed errors for t.ank 3
eSNH3~ IERRSNH3*ERRSNH3'; I ISNH3*SNH3' )
eSN03=(ERRSN03*ERRSN031)/(SN03*SN031

)

eSS3~ IERRSS3*ERRSS3') I ISS3*SS3')

~;vectOI: of process full, estimated and error ve r i abl.e s SNB, f;NO, SS, 'I'ank 4
SNH4~XI10,:) ;SN04~XIll,:) ;SS4~XI12,:);
SNH4E~XE 110, :) ; SN04E~XE I i i , : ) ; SS4E~XE 112, : ) ;
ERRSNH4~ERRI10,:) ;ERRSN04~ERRIll,:) ;ERRSS4~ERRI12,:);
s.caj.cu.ï.et t o» of the weighted e r xc r s for tant tI
eSNH4= (ERRSNH4*ERRSNH4') / (SNH4*SNH4 I )

eSN04~ IERRSN04 *ERRSN04') I ISN04 *SN04 ')
e5S4= (ERRSS4*ERRSS41) / (554*5S4 1)

't.vect.o r of process full, e s r.tmer ec and error ve.ri.ab Les StiR, SHO,SS, Tank
SNH5~XI13,:) ;SN05~XI14,:) ;SS5~XI15, :);
SNH5E~XEI13,:) ;SN05E~XEI14,:) ;SS5E~XEI15,:);
ERRSNH5~ERRI13,:) ;ERRSN05~ERRI14,:) ;ERRSS5~ERRI1S,:);
cceï.cuï.et ic.» of the ..vei qht ed e r co r s for
eSNH5~ IERRSNH5*ERRSNHS') I ISNH5*SNHS')
eSN05= (ERRSN05*ERRSN051) / (5N05*5N05')
eSS5= (ERRSS5*ERRS55 ') / (555*555')

tank s

k~l:lOO;
'zGr apb a of t.he estimated pe r erue t.e r a
figure (1)
subplot (3, 1, 1) ; plot (k,muHE, I k ')
title ('Esti,rna.ted mufl ")
ylabel ( I \fcntsize {8 }muHE' )
xlabel('\fCint.si::e{8}disc:r:ete time k ")

title ('Estmation ez-rcr ERRSnh::')
ylabel ( I Vf ont.sá.ae {B} ERRSNH2' )

x Labe I ( '\ ront s izc {f.l} d.i.s c ret e t.tme , k' )

subplot (5, 2, 5) ;plot {k, SNH3, ! k-', k, SNH3E, ! k-.')
title (' Process vc r t ab.ï.c s Sn1:13and E.inh3E')
ylabel ( '\. font si.ae {8} [:;NH:~,stUDE' )
xlabel('\fonts:i.ze{8}d.i.,'5f;r.ete t.Lme k')

subplot (3, 1, 2) ;plot (k,muAE, 'J:')
ti t Le ( 'Estimated ItluF.')
ylabel (' 'vfont s Lae l B}Il'mAE' )
xlabel (' \fc'nt,si ::e{ 8} d i.sc re t.e time k f)

subplot (5, 2, 6); plot (k,ERR5NH3, 'J< ')
title ('Estmat.icm error' ERPSnh3')
ylabel ( I \fontsize {8} ERP.SNH3' )
xlabel ( , \.font s f.z e (~3) df.sc r e t;e tf.me , J-:' )

subplot (3,1,3) ; plot (k, KhE, 'k I)

ti t ï.e ( I Es t.Lmat.ed Eh I )

yiabel ( I \fontsize {8} K.b.E ')
xlabel('\f()ntsize{S}dil5cret~,;:- time k')

subplot (5,2,7) ; plot (k, 5NH4, ! k-' , k, 5NH4E, I k-". ' )
title (' Process ve ri.abj.e s Snh4 e.nd Snh4?:')
ylabel (' vfont.s Lae (8) SHIH, SNELlE' )
x Lebe L ( "vfont s Lz e {El} d.i.s c r'e t e time k')

k~l:lOl;
figure (2)
subplot 15,2,1) ; plot Ik, SNH1, 'k-' ,k, SNH1E, '):-. ' )
ti t.Le ( 'Process ve r-aeb Le s Snbl and SnhlE ')

. ylabel ( I \ tont a i z.e {:3} SURl ( SNHIE I )

xlabel (' 'vf cnr.s Lz e (Bl discrete time k ")

subplot (5, 2, 8); plot (k, ERR5NH4, 1 k')
title ('Estmat:i.on e rr'o r E?RSnh4·)
yLabe I ('\fonu~i:.::.e{8}ERRSNH4')
x Labe L (' 'vf orrt si.ze {8} da.s c r e t.e t.Lrne , Y.. 1)

suhplotI5,2,2); plotlk,ERRSNH1, 'k')
title (IEstrnation error EHRSnhll)
ylabel ( '\ t or.t.a i ce {8} EP.RSHH1I )

xlabel ( , vf ont.s i ce Ie} discrete time, J.;: t )

subplot.(5,2,9) ;plot(k,5NH5, 'k-',k,SNH5E, 'k-. ')
title (' PrOGel3S vez LabLe s SnhS e.r.d SnhSE')
ylabel ( • vf ont.s Lr.e {8) SNH5, SNH5E' )
xlabel('\font.size{8)disc:ete ti.me k ")

subplot 15, 2, 3) ;plot Ik, SNH2, 'k-', k , SNH2E, 'k-. ')
title (IProces~.:; va r Le b Le s Snh2 and Snh2E')
ylabel ( '\ f on t s i ze {S} SNH2, :::;NH2E')
xlabel (' \ Eont.s i ce {8} di s c r et.e t tme k')

subplot 15,2,10); plot Ik, ERRSNH5, 'k' )
title ('Est.matic:n er r c r ERkSnh5.')
y.l abe L ( , \ rcnc s t ce {8) ERRSNH5' )
xLabe L ( "vfont.s Lc e [8} discrete t; Lme, 1:' )

subplot IS, 2, 4); plot Ik,ERRSNH2, 'k')

figure (3)
subplot (5, 2, 1) ;plot (k, SNOl, ! k-', k, SNOIE, I k-. , ')
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subplot(5,2,2); plot {k,ERRSN01, 'k')
title ('Est.rnatiofJ error ERP.SN01')
ylabel ( '\ fontsi ze {8} ERP.SNOl' )
xlabel ( '\ fontsi:::e {8} d i.s cr e t e time, k ' )

figure (4)
subplot(5,2,1) ;plot(k,SSl, 'k-' ,k,SSlE, 'k-, ')
t.Lt.Le t t Pr oce s s va r ie b Le s SSl and SSlE')
ylabel ( , '. tont s i ae! e} SSl, SSlE' )
x Labe L (' \fontsize{8}discrete t.Lme k')

title ( •Pr oce s s va r Leb.l.ea SNOl and SH01E')
ylabel ( '\ fontsi ::e{ S} SNOl, SNOIE ')
xlabel ( , \ fontsi::e {8} discrete time k')

subplot (5, 2, 3) ;plot (k, SN02, 'k-', k, SN02E, 'k-, ')
title('Process variables SNQ2 and SH02E'l
ylabel ( '\fontsi ze {S}SN02, SN02E' )
xlabel{'\fontsi::efS}discrete time k ")

subplot(5,2,2); plot (k,ERRSSl, 'k')
title ('Estroat:i.on error ERRSS1')
ylabel ( , \fontsize {1.l} EF.P.SS l' )
xlabel (' vr ont s i zei 8} discrete time, k' )

subplot (5,2,4); plot (k , ERRSN02, 'k' )
title ('Estmati.on error ERRSHQ2')
ylabel (' Vf orrt s Lze l S }ERRSNO:::' )
xlabel ( I \ f ont.s i ce {S} discrete time, k' )

subplot(5,2,3) ;plot(k,SS2, '1:-',k,SS2E, 'k_. ')
title (I Process va r i eb.Les SS2 and SS2E')
ylabel (t 'x f ont sá.ze {~l) SS2, SS2E' )

xlabel (' vr cnts i ae t s j o i sc r-et e t.dme k')

subplot (5, 2, 5) ;plot (k, SN03, ']:-', k , SN03E, 'k-, ')
ti t.Le ( 'Process variables SN'03 and SN03E')
ylabel ( '\fontsize {'3) SN03, SN03E' )
xlabel(·\f(Jnt~:;ize{8}di.sr;:rete time k')

subplot(5,2,4); plot (k,ERRSS2, ',k')

ti tle ( "Es t.mat.Lon e rror ERRSS2')
ylabel ( "vforrt si ze {8} ERRSS~' )

xlabel ( "vt ont e r ze {8} discrete t.Lme, k' )

subplot (5,2,6); plot (k, ERRSN03, 'k')
title ('Estroatiofj error ERP.SrW3')
ylabel ( '\f ontsi ze {8} ERRSN03' )
xlabel ( '\fontsi ze {S}discrete time, k ' )

subplot{5,2,S) ;plot(k,SS3, 'k-',k,SS3E, 'k-. ')
title (' Process variables SS3 and SS3E')
ylabel ( '\ font size {f,l} SS3, SS3E' )
xlabel('\foflt:size{8}di.screte time k')

subplot(5,2,7) ;plot(k,SN04, 'J:-',k,SN04E, 'k-. ')
title (' Pr oce s s variables SN04 and Sl~O'~E')
ylabel ( I vf on't s Lze I fJ} 51'104r SN04E' )
xlabel('\fo!ltsize{8}dl.screte time k')

subplot(5,2,6); plot (k,ERRSS3, 'k')
title ('Estmation ecrcn: EP,RSS3')
ylabel ( ,\ font.sLae {8) ERRSS3' )
x Lebe L{"vf cn'ts i.z e {8} discrete t.dme , k' )

subplot(5,2,8); plot (k,ERRSN04, 'k')
ti t.Le ( 'Estmat.ion error ERRSH04')
ylabel ( '" fontsize {8}ERI(.SN04I )

xlabel {'\fontsize {8}discrete time, k' )

subplot(5,2,7) ;plot(k,SS4, 'k-,',k,SS4E, 'k-_ ')
title ( 'Process ve r i.abLe a SS4 and SS4E')
ylabel ( "vf orrt si.z e {~3):::;':::'4, SS-1E' )
xlabel('\fontsi.ze{8}d.i.scretG t.fme k')

subplot (5, 2, 9) ;plot (k, SN05, 'k-', k, SN05E, 'k·-. ')
title (' Process variables SNOt- and SH05E')
ylabel ( '\ font size {8) SN05, SN05E' )
x1abel ( •\fontsize{ 13}discrete time r..')

subplot(5,2,B); plot (k,ERRSS4, "k")
title ('Estm(~t.i()n e rr or EERSS4')
ylabel ( "vf cnt.s Lze (8} ERRSS4' )
xlabel ( , \.fontsize {8) d.is cr-et e t.áme , k ' )

subplot (5, 2, 10); plot (k, ERRSN05, 'k')
title ('Estmat.ion e rro r ERRSNQS')
ylabel (' 'vf cnt.s Lze (ti) ERRSN05' )
xlabel ( , vfont s Lae {(~)discrete ts.roe , Y.:' )

subplot (5,2,9) ; plot (k, SS5, 'k-' ,k, SS5E, "k-r • ' )
title (fProc~~ss ve ri.eb Les SSS and SSbE')
ylabel ( 'Yr ont.s i.ae {8} sss. SS5E' )
xlabel ( '\font.size {8}c.tsc ret e ti.me k ")

subplot(5,2,lO); plot (k,ERRSS5, '}:')
title (' Es t.rnat ion e r-r-or E:RR,sSS')
ylabel (' vrcnt s i ae {13) ERRSSb' )
x l.abe L (' 'vfont.s Lce I 8) df scr et.e time,]:')

1.2.Subprograms

t,SUBPROGRIIM ratePASHIF.m
!::'l\..Tl-1:ThE:program function ratE:,A$M1F.m caLcu.l e t.ea the p roce s s r at.e e of the full ;,9-11. b i o Loci.ca I modeI at ever-y moment of
the t Lmec J'be program uses global definition of t.he medeI peneme t.e r s

function [ROASMIF]=rateAASMIF (Zk)
global Ks KOH KNO KNH KOA Kx muH etag muA Kh etah iXE YH YA fP iXP bH bA Ka

:;:'<?roces~ rates for the t.ank 1
ROASMIF (1) =muli" (Zk (2) I (KstZk (2) ) ) * (Zk (B) I (KOHtZk (B) ) ) * Zk (5) ;
ROASMlF (2) ~muH* (Zk (2) I (Ks+Zk (2) ) ) * (KOHl (KOHtZk (B) ) ) * (Zk (9) I (KNOtZk (9) ) ) *etag*Zk (5) ;
ROASMIF (3) =rnuê," (Zk (10) I (KNHtZk (10) ) ) * (Zk (8) I (KOA+Zk (B) ) ) *Zk (6) ;
RO~SMIF(4)~bH*Zk(5) ;
ROASMIF(5)~bA*Zk(6) ;
ROASMIF(6)~Ka*Zk(11)*Zk(5);
xl~Zk (4) I Zk (5) ;
ROASMH'(7) ~Kh*Zk (5) * (xli (Kxtxl) ) * ( (Zk (B) I (KOH+Zk (B) ) ) tetah* (KOHl (KOH+Zk (8) ) ) * (Zk (9) I (KNO+Zk (9) ) ) ) ;
ROASMlF (B) ~ROASMIF (7) *Zk (12) IZk (4) ;

ar-roces s rates for the t.ank 2
ROASMIF (9) '"Il\uH* (Zk (15) I (KstZk (15) ) ) * (Zk (21) I (KOHtZk (21) ) ) *Zk (lB) ;
ROASMIF (10) =rnult e (Zk (15) I (Ks+Zk (15) ) ) * (KOHl (KOH+Zk (21) ) ) * (Zk (22) I (KNO+Zk (22) ) ) *etag*Zk (18) ;
ROASMlF (11) =muê," (Zk (23) I (KNH+Zk (23) ) ) * (Zk (21) I (KOAtZk (21) ) ) * Zk (19) ;
ROASMlF(12)~bH*Zk(lB) ;
ROASMIF(13)~bA*Zk(19) ;
ROASMIF (14) ~Ka*Zk (24) *Zk (lB) ;
xl~Zk (17) I Zk (lB) ;
ROASM1F (15) ~Kh*Zk us: * (xli (Kxtxl) ) * ( (Zk (21) I (KOH+Zk (21) ) ) +etah* (KOHl (KOH+Zk (21) ) ) * (Zk (22) I (KNO+Zk (22) ) ) ) ;
ROASMIF (16) ~ROASMIF (15) *Zk (25) IZk (17) ;

sip roce s s rates for the t.ank 3
ROASMIF(17)~muH* (Zk(2B)/(KstZk(2B)))* (Zk(34)1 (KOHtZk(34))) *Zk(31);
ROASMIF (lB) =rnuft" (Zk (2B) I (KstZk (2B) ) ) * (KOHl (KOHtZk (34) ) ) * (Zk (35) I (KNOtZk (35) ) ) *etag*Zk (31) ;
ROASMIF (19) '"Il\uA* (Zk (36) I (KNHtZk (36) ) ) * (Zk (34) I (KOAtZk (34) ) ) * Zk (32) ;
ROASMIF(20)~bH*Zk(31) ;
ROASMlF(21)~bA*Zk(32) ;
ROASMIF (22) ~l<a*Zk (37) *Zk (31) ;
xl~Zk(30)/Zk(31);
ROASMIF (23) ~Kh*Zk (31) * (xli (Kx+x L) ) * ( (Zk (34) I (KOHtZk (34) ) ) +e t ah" (KOHl (KOHtZk (34) ) ) * (Zk (35) I (KNOtZk (35) ) ) ) ;
ROASMIF (24) ~ROASMIF (23) * Zk (3B) I Zk (30) ;

ROASMIF~ [ROASMlF (1) ; ROASMlF (2) ; ROASMlF (3) ;ROASM1F (4) ;ROASMIF (5) ; ROASMlF (6) ; ROASMIF (7) ; ROASM1F (B) ;ROASMlF (9) ;
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ROASM1F(10) ;
ROASM1F(111; ROASMlF(121 ;ROASM1F(131 ,ROASMlF (141 ,ROASMlF (151 ,ROASM1F(161 ,ROASMlF (171 ;ROASM1F(181 ,ROASMlF (191 ;
ROASM1F(201 ;ROASMlF(211 ,ROASM1F(221 ,ROASM1F(231 ,ROASM1F(241],

%SUBPROGRAM prateASJV11R.m
%AI1..f;The program function prateASH1.m calculates t.he f uncr.Lcn s of t.he process r-a t.e s which multiply
'It.he process e acfmat ed par-emet.e rs for the Bencbma r P, process based on the r-educed ASHl b i.oLoq i.cë.I model at eve r y moment
of time. The program uses global def Ln.i t.Lon of the moetel parameters

function (Pk)=prateASMIR (Xk, Uk,XBHk,XBAk, XSk)
global Ks KOR KNO KNH KOA Kx muH etag muA Kh etah iXB YH YA fP iXP bH bA Ka

~Tank 1
P11- (Xk (311 (Ks+Xk (3111' (Uk (111 (KOH+Uk(1111 'XBHk (11,
P12= (Xk (311 (Ks+Xk (31 II' (KOHl (KOH+Uk(1111' (Xk (2) I (KNO+Xk(2111 'etag'XBHk (11 ;
P13= (Xk (111 (KNR+Xk (1111' (Uk (111 (KOA+Uk(1111 'XBAk (11;
x1=XSk(1)/XBHk(1) ,
P14-XBRk (11' (xli (Kx+x111' ( (Uk (111 (KOH+Uk(1111 +etah' (KOHl (KOH+Uk(11) I' (Xk (2) I (KNO+Xk(2111) ;
P1k=[P110 O,P12 0 0,0 P13 0,0 0 P14],

'1:T-:mk: 2
P21=(Xk(611 (Ks+Xk(6111' (Uk(211 (KOH+Uk(21 I I'XBHk(21 ;
P22=(Xk(611 (Ks+Xk(61 I I' (KOHl (KOH+Uk(21 I I • (Xk(51/(KNO+Xk(5111 'etag'XBHk(2I,
P23=(Xk(41/(KNH+Xk(411I' (Uk(211 (KOA+Uk(21 I I'XBAk(21 ;
x1-XSk (21/XBHk (21,
P24=XBHk (21' (xli (Kx+x111 • ( (Uk (211 (KOH+Uk(211) +etah' (KOHl (KOH+Uk(2111' (Xk (511 (KNO+Xk(51111,
P2k=[P21 0 O,P22 0 0,0 P23 0;0 0 P24];
~Tank 3

P31= (Xk (911 (Ks+Xk (91 I I' (Uk (3) I (KOH+Uk(31 II 'XBHk (.J I ;
P3Z= (Xk (911 (Ks+Xk (91 I I' (KOHl (KOH+Uk(31 II' (Xk (81 !(KNO+Xk(8111 'etag'XBHk (31 ,
p33= (Xk (711 (KNH+Xk (7111' (Uk (311 (KOA+Uk (3111'XBAk (31,
xl=XSk (31/XBHk(31;
P34=XBRk (31' (xli (Kx+x111 * ( (Uk (311 (KOH+Uk(3111 +et ah" (KORI (KOR+Uk(3111' (Xk (811 (KNO+Xk(81111,
P3k=[P310 O,P32 0 0,0 P33 0,0 0 P34];

:;'Tany~ 4
P41=(Xk(121/(Ks+Xk(12)11*(Uk(41/(KOH+Uk(4111'XBRk(4I,
P42= (Xk (1211 (Ks+Xk (121 II' (KOHl (KOH+Uk(41 I I' (Xk (1111 (KNO+Xk(111 I I 'etag'XBHk (41 ;
P43= (Xk(1011 (KNH+Xk (lOlli' (Uk(4) I (KOA+Uk(4111'XBAk (41,
x1=XSk(41/XBHk(41;
P44=XBHk(41'(xll (Kx+x111' ((Uk(411 (KOH+Uk(4111+etah'(KOHI (KOH+Uk(411I' (Xk(l1l/(KNO+Xk(l1llll,
P4k=[P41 0 O;P42 0 0,0 P43 0;0 0 P44];

'_;'rank 5
P51= (Xk (1511 (Ks+Xk (15111' (Uk (511 (KOH+Uk(5111'XBHk (51 ;
P52= (Xk (151 I (Ks+Xk (15111' (KOHl (KOH+Uk(5111' (Xk (1411 (KNO+Xk(HI I l'etag'XBHk (51 ;
P53= (Xk (1311 (KNH+Xk (131 I I' (Uk (511 (KOA+Uk (51 I I 'XBAk (51 ;
x1=XSk(51/XBHk(51;
p54=XBHk (51' (xli (Kx+x111' ( (Uk (511 (KOH+Uk(5111 +et.ah " (KOHl (KOH+Uk(5111' (Xk (1411 (KNO+Xk(14111 I;
P5k=[P51 0 0.,P52 0 0;0 P53 0,0 0 P44];

~:Hatriz Pk for t.he whole pr-o ce s s
Pk=[P1k;P2k;P3k;P4k;P5k];

%SUBPROGRAJV1 rateASMIRE.m
~~.~U1:Trle p roq rem f'unc't Lon r:ateASI~n.m ca Lcu Le t.e s (lt eve!"'); moment; the p r ocesa r a t e s of the r-educe-d ASHl rnode I l181n9 the
e s t.dma t ed values of the model pe.r ernet.e rs . The p.r oo r-am USE:~:; c LobeL oertr.t t.i.cn of the pe r ame t e r s

function [ROASMIE]=rateASMIRE (Xk, Uk, XBHk, XBAk, XSk, thetak)
global Ks KOH KNO KNH KOA Kx rnuH etag mllA Kh etah iXB YH YA fP iXP bH bA Ka

é.Pr oce s s zet.es f or every tanx
ROASM1(11 <t.he t.e k (11' (Xk (311 (Ks+Xk (3111' (Uk (111 (KOH+Uk(1111 'XBHk (11;
ROASM1(21 =thetak (11' (Xk (311 (Ks+Xk (3111' (KOHl (KOH+Uk(1111' (Xk (211 (KNO+Xk (2111'etag'XBHk (11 ;
ROASM1(31 =thetak (21' (Xk(lll (KNH+Xk (1111' (Uk (111 (KOA+Uk(llll'XBAk (11;
x1~XSk(11/XBHk(11 ;
ROASM1(41 =thetak (31 'XBHk (11' (xli (Kx+x11 I ' ( (Uk (111 [KOH+Uk(111 I +e t ah " (KOHl (KOH+Uk(11 II' (Xk (211 (KNO+Xk(21 II I ;

ROASM1(51=thetak (li' (Xk (611 (Ks+Xk (6111' [Uk(211 (KOH+Uk(2111 'XBHk (21;
ROASM1(61=thetak(11' (Xk (611 (Ks+Xk(6111' (KOHl (KOH+Uk(2111' (Xk (511 (KNO+Xk(511I'etag'XBHk (21;
ROASM1(71 =tbetak (21' (Xk (41 I (KNH+Xk (4111' (Uk (21 I (KOA+Uk(2111 'XBAk (21 ;
xl:XSk(21/XBHk(21;
ROASM1(81 =thetak (31 'XBHk (21' (xli (Kx+x111 • ( (Uk (211 (KOR+Uk(2111 +et ah " (KOHl (KOH+Uk(2111' (Xk (511 (KNO+Xk(51111 ;

ROASM1(91 =thetak (li' (Xk(911 (Ks+Xk (9111' (Uk (311 (KOH+Uk(3111 'XBHk (31;
ROASM1(101 =thetak (11' (Xk (911 (Ks+Xk (9111' (KORI (KOH+Uk(3111 * (Xk (81 I (KNO+Xk(8111 'etag'XBHk (31 ;
ROASM1(111 =thetak (21' (Xk (711 (KNH+Xk (7111' (Uk (311 (KOA+Uk(3111 'XBAk (31 ;
x1=XSk (31/XBHk (31;
ROASM1(121 =t he t ak (31'XBHk (.lI' (xli (Kx+x111' ( (Uk (31 I (KOH+Uk(3111 +e t ah e (KOHl (KOH+Uk(3111' (Xk (811 (KNO+Xk(8111 I;

ROASM1(131~thetak(11' (Xk(121/(Ks+Xk(12111' (Uk(411 (KOH+Uk(4111'XBHk(41;
ROASM1(141 =thetak (11' (Xk (121 I (Ks+Xk (12111' (KOHl (KOH+Uk(4) II' (Xk (1111 (KNO+Xk(lllll'etag'XBHk (41 ;
ROASM1(151 =thetak (21' (Xk (101 I (KNH+Xk (10111' (Uk (411 (KOA+Uk(41 II 'XBAk (41 ;
x1=XSk(41 IXBHk(4I,
ROASM1(161 =thetak (31 'XBHk (41' (xli (Kx+xll I' ( (Uk (411 (KOH+Uk(41 II +et ah " (KOHl (KOH+Uk(4111' (Xk (1111 (KNO+Xk(111111 ;

ROASM1(171 =thetak (11' (Xk (1511 (Ks+Xk (15111' (Uk (511 (KOH+Uk(5111 'XEHk (51,
ROASM1(181=thetak(11' (Xk(1511 (Ks+Xk(15111'(KOH/(KOH+Uk(5111' (Xk(1411 (KNO+Xk(14111'etag'XBHk(51; ~
ROASM1(191 =thetak (21' (Xk (1311 (KNH+Xk (13111 * (Uk (51 I (KOA+Uk(5111 'XBAk (51;
x1=XSk(51/XBHk(51;
ROASMl(201 =thetak (31 'XBRk (51' (xli (Kx+x111 * ( (Uk (511 (KOR+Uk(5111 +etah* (KOHl (KOH+Uk(5111' (Xk (1411 (KNO+Xk(141111 ;

ROASM1E=[ROASM1(11 ROASM1(21 ROASM1(31 ROASM1(41 ROASM1(51 ROASM1(61 ROASM1(71 ROASM1(81 ROASM1(91 ROASM1(101
ROASM1(111 ROASM1(12) ROASM1(131 ROASM1(14 I ROASM1(151 ROASM1(161 ROASMl(171 ROASM1(181 ROASMl(191 ROASM1(201 J ' ;
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2. SOFTWARE FOR PARAMETER ESTIMATION OF THE ATHLONE MASS-
BALANCE MODEL FOR THE CASE OF ASM1 REDUCED MODEL
2.1.Main program
%PROGP~ BASMlparest.m
t;Aim - the pr..oc r arn estimates the reduced P.SH! model pe r amet er s for. t.he At.nj.one process and ceLcu l.a t.ea the er ro r s
between the process ve r Lab Le s behav i ou r for the full and reduced models. Tb€: p roqr am call the function suorout tne s
rat.eASHIF.tn, prat_eJ.~SHIR.In and rateASMIRE.zn, The calculation uses t he reduced b i oLoqi.c a L model ....-Lt h 3 variables SNH, GNO
and SS. The program uses global definition of the model pa r ame te r s

global Ks KOH KNO KNH KOA Kx muH etag muA Kb etah iXB YH YA fP iXP bH bA Ka
%Process pe rerne t e r e
f=1.2:YA = O.24;YH = O.67;iXB = O.OB:muH = O.4:Ks = lO;KOH = O.2;KNO = O.5;etag
0.5;KNH ~ l;KOA ~ O.4;fP ~ 0.08;iXP ~ 0.06;bH ~ 0.3;bA ~ 0.05;Ka ~ 0.05;
It Values of the process F'Lcwrat.es
00 - 40003.2;0. - 399l6.8*0.5;Op ~ 39916.8*0.45;Or ~ 40003.2;Qw ~ 3840.0*1;
!I;: Volumes of the n r oce s s t anks
V1-1148;V2-1148;V3~5273;LAMBDA ~ (Oo+Qp+Qr-Qw) !Qr
::'O~ygen pe rarne t e r-s
susat, ~ 8;Klal~4.8;Kla2~4.8;Kla3-240.0;
Kl~[Klal Kla2 Kla3];
Kla=diag (Kl);

O.8:etah O. SiKh 3;Kx O.l;muA =

:<;['eter-minat.ion of the s ampLinq period
DT ~ 0.01042;days~0.1042*10;K~days!DT;k-0:DT:days;

'sce Lcu Le t Lon of the mode I matrices
'i:Calculati0n (If the matrix CF

YHl ~ -l!YH;YAl ~ 1!YA;YH2 ~ -(1-YH)/YH;YA2 ~ -(4.57!YA)+1;YH3 ~ -(1-YH)!(2.86*YH);fPl 1-fP;iXB1
iXB2 iXB-(fP*iXP);iXB3 ~ -iXB!14;YH4 ~ (1-YH)!(14*2.S6*YH)+iXB3;YA3 ~ iXB3-YA1/7;YH5 1/14;
YZSI [0 0 0 0 0 0 0 0]';
YZSS [YH1 YHl 0 0 0 0 1 0]';
YZXI [0 0 0 0 0 0 0 0]';
YZXS - [0 0 0 fPl fPl -1 0]';
YZXBH~[110-100 0]';
YZXBA~[OOlO-lO 0]';
YZXP ~ [0 0 0 fp fP 0 0 0] , ;
YZSO ~ [YH2 0 YA2 0 0 0 0 0]';
YZSNO [0 YH3 YA1 0 0 0 0 0]';
YZSNH [-iXB -iXB iXBl 0 0 1 0 0]';
YZSND - [0 0 0 0 0 -1 0 1]';
YZXND ~ [0 0 0 iXB2 iXB2 0 0 -1]';
YZSALK ~ [iXB3 YH4 YA3 0 0 YH5 0 0] ';
en - DT* [YZSI YZSS YZXI YZXS YZXBH YZXBA YZXP YZSO YZSNO YZSNH YZSND YZXND YZSALK];
CF=[Cn zeros(8,26);zeros(8,13) Cn zeros(8,13);zeros(8,26) Cn];

- (iXB+YAl) ;

'i Cé Lcu La t Lcn of matrix: ~~.F
'sCaLcu.Let Lon (If the process metr i.ce s
IVl ~ DTIV1;IV2 ~ DTIV2;IV3 ~ DTIV3;IV-IVI*Qo;IW~IV*f
B=[IVV 0.0 0.0;0.0 IV 0.0;0.0 0.0 r vr ae r oe t ëv aj j ,
QI~Qo+Qp; Q2~Ql +Qa+Qr; Q3~02

IV221=IV2 *Q2; IV331=IV3*Q3
IVll=l-IVl*Ql ':'element of All
IV12=IVl *Qp ê e Lement; of A12
IV21=IV2*Ql 'ae Lement; of A21
IV22=1-IV221 't.eLement, of J\.::
IV23=IV2* (Qa+Qr) ê e Lernent of A:3 soluble
IV23p~IV2* (Qa+LAMBDA*Qr)
IV32=IV3*Q2 's e Lemen t of ]>..32
IV33=1-IV331 qe Lement. of A3_j

al-[IV!!, IV!!, lVI!, IV!!, lVI!, lVII, IV!!, IV!l, IV!!, IV!!, IV!!, lVI!, IV!!];
A'l Led i aq (al) ;
a2~[IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22];
A22~diag (a2) ;
a Se [IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33] ;
A33=diag (a3);
a12=[IV!2, IV12, IV12, IV12, IV12, IV!2, IV12, IV12, IVI2, IVl2, IV12, IV12, IV!2];
AI2-diag(aI2) ;
a2l=[IV21,IV2!,IV21,IV2l,IV21,IV21,IV21,IV2l,IV2l,IV21,IV21,IV21,IV21];
A2I~diag (a2l);
a23~ [IV23, IV23, IV23p, IV23, IV23p, IV23p, IV23p, IV23, IV23, IV23, IV23, IV23p, IV23] ;
A23~diag (a23);
a32~[IV32,IV32,IV32,IV32,IV32,IV32,IV32,IV32,IV32,IV32,IV32, IV32, IV32J ;
A32~diag (a32) ;

AF~[All A12 zeros(13,13);A21 A22 A23;zeros(13,13) A32 A33]
'tCalculation of the matrix BF
bl~[IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV]
Bl~diag (bl) ; BF~ [Bl; zeros (26,13) ]

't.Averag(~ .i.nf'Luen't concent rar.i.cns tr a j ect ort e s fo r t.he process va.ri.abIe s
SSi=69. 5; XBHi=2 8.17; XSi=2 02.32; Xli=51. 2; SNHi=31. 56 i SIi=30. 0 i SNDi=6. 95 i XNDi=10. 59; 50i=0. 0; XBAi=O. 0; XPi=O. 0; SNOi=O. 0;
SALKi~7. 0;
Zi= [SIi*ones (1, Kl; SSi*ones {1, Kl; Xli *ones {I, Kl ;XSi *ones (1, Kl ;XBHi *ones (1, K) ;XBAi*ones (1, Kl; XPi*ones {l, Kl: SDi *ones (1, K) ; 5
NOi*ones (I, K) ; SNHi*ones (I, xi •SNDj.*ones (1, x) ;XNDi*ones (1, Kl; SALKi*ones (1, Kl] *0. oi ,

t.Det.e rm+ne t Lon of the initial cond.i.t.Lon s
Si_l 3. OOOOOOOe+Ol;Ss 1 2.808213Ie+00;Xi 1 l.H91252e+03;Xs 1 8.2134908e+Ol;
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Xbh_l
Sno 1
Salk 1
Z10 ;;: [Si_

2.5517658e+03;Xba 1
5. 369940De+OO; Snh 1
4. 9277103e+00; _

1. 4838943e+02;Xp 1
7. 9178845e+00; Snd_l

4.4885186e+02;50 1
1.21664 05e+00; Xnd_l

4.2984433e-03;
5.2848894e+00;

;$5_1 ;Xi_l ;Xs_l ;Xbh_l ;Xba_l ;Xp_l ;5o_1 ;Sno_l ;Snh_l ;Snd_l ;Xnd_l ;Salk_l J;

Si 2
Xbh 2
Sno-Z
sa1k_2
Z20 ~ [Si_2 ;5s_2 ;Xi_2 ;Xs_2 ;Xbh_2 ;Xba_2 ;Xp_2 ;So_2 ;Sno_2 ;Snh_2 ;Snd_2 ;Xnd_2 ;Salk_2 ];

3. OOOOOOOe+Ol;Ss 2
2. 5533851e+03; Xba 2
3.6619672e+00;Snh-2
5.0801748e+00; _

1. 4587940e+00;Xi 2
1. 4830914e+02 ;Xp_ 2
8. 3444148e+00; 5nd_2

1.1491252e+03;Xs 2
4.4 952273e+02; So_ 2
8. 8206477e-01 ;Xnd _ 2

7.6386187e+01
6.3131911e-05
5.0290873e+00

Si 3 3. 0000000e+01; Ss 3
Xbh 3 2.5571314e+03;Xba 3
Sno-3 6.5408820e+00;Snh-3
Salk 3 4. 6747902e+00; _
Z30 ;;: [Si 3 iSS 3 ;Xi 3 ;Xs 3 ;Xbh 3
ZO=[Z10;Z20;Z30J*0.01- _ _

1.1495418e+OQiXi 3
1. 4894126e+02; Xp_ 3
5.5479452e+00;Snd_3

1.1491252e+03;Xs 3
4. 5041834e+02; So_ 3
8.2888682e-01;xnd_3

6.4854922e+01
1.7183778e+00
4.3924277e+00

;Xba_3 ;Xp_3 ;50_3 ;Sno_3 ;Snh_3 ;Snd_3 ;Xnd_3 ;Salk_3 ];

.). calculation of t.he initial t re j e ct.or y for the state vector Z
z- [ZO zeros (39, K)];
%Sirnulation of the f u Ll model behe vLo r

for k - 1: K
Zk~Z(:,k) ;
SOk= [Zk (8,1) ; Zk (21,1) ; Zk (34,1) ] ;
Zik - Zi {: , k) ;

[ROASM1F]=rateAASM1F (Zk) ;
ZZk-DT*Kla" (SOsat-SOk) ;
ZZlk=[zeros (7,1) ;ZZk(l); zeros (12, 1); ZZk (2); zeros (12, 1); ZZk(3) ;zeros (5, 1)];
Z(:,k+l) = AF*Z(:,k) + CF'*ROASMIF + BF*Zi(:,k)+ZZlk;

end
vse l ect t cn of the measured variables of state space Sl,m, mw, ss
X=[Z (10, : ) ; Z (9, : ) ; Z (2, : ) ; Z (23, : ) ; Z (22, : ) ; Z (15, : ) ; Z (36, : ) ; Z (35, : ) ; Z (28, : ) ]
r.trajectory of the control signal
U-[Z(8,:);Z(21,:);Z(34,:)]

t.cetcuï ar i c.n cf the vector P

...-Ave r eqe values of the inflow concentrat.ions fer dry weather
Xi = [SNHi *ones {l, xi . SNOi *ones (1, Kl; SSi*ones (1, Kl] *0. 01

t Steady state values ror the biomass XBH, XBA, :-::5
XBH = [2551.76*ones(1,K);2553.3B*ones(1,K):2557.13*ones(1,K)l*O.Ol;~ >:BH steady state COD/m""3
XBA = [149.389*ones(1,K);148.309*ones(1,K);14B.941*ones(1,K)]*O.Ol;t, XB;;' steady stat.e g áll COD/m"3
XS = [82.135*ones(1,Kli76.386*ones(1,K);64.855*ones(l,K)]*O.01; ~ XS s t.ee dy st.ate all COD/m"'3

eCeLcu Lat.Lcn ot the st.at;e space process model met r tce s
vca l cu.ï.e t Ion of the matrix F.
AR=[[IVll 0.0 0.0;0.0 IV11 0.0;0.0 0.0 IV11] [IV12 0.0 0.0;0.0 IV12 0.0;0.0 0.0 IV12] zeros(3,3) ;

[IV21 0.00.0;0.0 IV21 0.0;0.0 0.0 IV21] [IV22 0.0 0.0;0.0 IV22 0.0;0.0 0.0 IV22] [IV23 0.0 0.0;0.0 IV23 0.0;0.0
0.0 IV23];zeros(3,3) [IV32 0.0 0.0;0.0 IV32 0.0;0.0 0.0 IV32] [IV33 0.0 0.0;0.0 IV33 0.0;0.0 0.0 IV33]]
-\Calcu1at.ion of t.he matrices Bl, BR and. en and CR
B1R~[IW 0.0 0.0;0.0 IV 0.0;0.0 0.0 IV]
BR~[IW 0.00.0;0.0 IV 0.0;0.00.0 IV;zeros(6,3)]
CnR~DT'[(-iXB) 0.0 (-l/YH);(-iXB) (-(1-YH))/(2.86*YH) -1/YH;-(iXB+1/YA) I/YA 0.0;0.00.01.0];
CR=[CnR zeros(4,6);zeros(4,3) CnR zeros(4,3);zeros(4,6) CnR];

-zCe Lcu Lat.Lon of the e a t ime t.ed coe r r t.c t enr s
for k = 1: K

Xk-X(: ,k);
Uk ~U(:, k);
XBHk - XBH(:,k);
XBAk - XBA(:, k) ;
XSk = XS ( : , k) ;
Xik - Xi(:,k);

[Pk]-prateAASM1R(Xk, Uk,XBHk,XBAk,XSk);
Flk=CR' *Pk;
Yk""' X(;,k+l)-AR*X(:,k)-BR*Xi(:,k);
theta (:, k) = (FIk' *FIk) A (-1) 'FIk' *Yk;

end

mullE (1,: )=theta (1,:) ;muAE (1,:) =t.he t a (2,:) ;KhE (1,:) -theta (3,:);

vs trca ï.et i on of t he reduced model wd.t.h the e s t i rne ted pe rame t e r s

XE- [Z (10,1) ; Z (9, 1) ; Z (2,1) ; Z (23,1) ; Z (22,1) ; Z (15,1) ; Z (36, 1) ; Z (35, 1) ; Z (28,1) ] ;
ERR~X(: ,1) -XE;
for k = 1: K

Xk=X(:,k);
Uk =U(:, k);
XBHk - XBH(:, k ) ;
XBAk - XBA(:,k);
XSk ~ XS (:, k) ;
Xik "" Xi(:,k);
thetak=theta (:, k ) ;

[ROASMIE] =rateAASM1RE (Xk, Uk, XBHk, XBAk,XSk, thetak) i

XE (:, k+l) :::AR*XE (:, k) +CR1 *ROASMIE+BR*Xi (: ,k) ;
ERR(:, k+l)=X (:, k+1)-XE (:, k+1);

end

s-ve c t o r of process full, estimated and error va r i ab.Le s SUR, SNO,SS, Tank
SNH1~X(1,:) ;SN01-XI2,:) ;SSl~X(3,:);
SNH1E~XE(1,:) ;SN01E-XE (2,:) ;SSlE~XE (3,:);
ERRSNH1=ERR(1,:) ;ERRSN01=ERR(2,:) ;ERRSS1=ERR(3,:);
'tCalculation of the weighted errors fur tanJ:1
eSNH1~ IERRSNH1*ERRSNH1') / (SNH1'SNH1')
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eSN01~ IERRSN01*ERRSN01') / ISN01 *SN01')
eSS1~ IERRSS1 *ERRSS l' ) / ISSl *SSl ' )

'sve c t.or cf process full, e s t.Lmat ed and e rr-o r variables sun, SNO,SS, Tank 2
SNH2~XI4,:) ;SN02~XI5,:) ;SS2~XI6,:);
SNH2E~XEI4,:);SN02E~XEI5,:);SS2E~XEI6,:);
ERRSNH2~ERRI4,:) ;ERRSN02~ERRI5,:) ;ERRSS2~ERRI6,:);
vce Lco ï.at t cn of the we i qhr.ed errors for tank 2
eSNH2=(ERRSNH2*ERRSNH2')/{SNH2*SNH2')
eSN02~ IERRSN02*ERRSN02') / ISN02*SN02')
eSS2~ IERRSS2*ERRSS2') / ISS2*SS2')

avect.o r of process full, e s t.Lmë t ed and error ve.r Lab Le s SNH, SHO,SS, Tan}:
SNH3~XI7,:) ;SN03~XIB,:) ;SS3~XI9,:);
SNH3E=XE (7, : ) ; SN03E=XE (8, : ) ; SS3E=XE (9, : ) ;
ERRSNH3~ERRI7,:) :ERRSN03~ERRIB,:) ;ERRSS3~ERRI9,:);
:;Calculat.ion of t.be we.i.qbt.ed e r r-or s fo r tank 3
eSNH3~IERRSNH3*ERRSNH3')/ISNH3+SNH3')
eSN03~ IERRSN03*ERRSN03') / ISN03*SN03')
eSS3= (ERRSS3*ERRSS3' ) I (553*553 I)

k~1:100;
'tGraphs of the e s ti.rne t.ed pe rarne.t ens
figure (1)
subplot (3, 1, 1) s pLo t; (k,muHE, 'k')
title ('Estitnëtted muH')
ylabel ( I \fGntsi ze {8 }muRE I )

xlabel I '\ ronte t ce I 8) discrete time k')

subplotI3,2,2); plotlk,ERRSN01, 't')
title ('Est.mation er ro r E:RRSNOl')
ylabel (' \font.s],:::e (8) ERRSNO}_')
xlabel (' vf on r sLae (8) dLscr-et.e time,):')

subplot (3, 1,2) r pLot (k,muAE, IJ:' )

title ( 'Estimated mu..!:.')
ylabel ( I \font size {8 }muAE I )

xlabel I ' \ f'on t s i ce {3) d.i.ac.r e t.e time k')

subplotI3,2,3) ;plotlk,SN02, 'k-',k,SN02E, 'k-. ')
title ('P:rOCE.'S,:~ variables 3N02 and SN02E')
ylabel ( ' \fontsi ce {8} SN02, SNO:E')
xlabel ( "vf ont.s Lce (8) discrete time 1:I )

subplot (3, 1, 3) ; plot (k, KhE, 'k')
title ('Estimated Eh')
ylabel (' \fontsize{ 8} KbE' )
xlabel('\f(mtsize{8}discrete time k')

subplotI3,2,4); p1otlk,ERRSN02, 're')
title ('Estmation error ERR~;N,()2')
ylabel ( '\fontsi ze {'8}ERP.5NO:' )
xlabel ( •Vf ont.s i ce (8) d Lsc r et.e t: .ime , 1: I )

k~1:101;
figure (2)
subplotI3,2,l) ;plotlk,SN!I1, 'k-',k,SNH1E, 'r:-.')
ti t Le ( 'r'l:OCeS;3 variables SrihI. and SnhlE')
ylabel ( '\ rcnte t ce {S} SNHl, SNHIE' )
x Labe L (' 'vf cnr.s Lz.eI a 1 discrete time k')

subplot(3,2,5) ;plot(k,SN03, 'k-',k,SN03E, 'Y.:-. ')
title ('P:rOC"",,ss va r Lab Les SN03 Eind SN03E')
ylabel ( "vf ont.e I ze {'8} SN03, ~:;N(J~~E')
xlabel('\fontsi:.e{S}discret.e time k ")

subplot(3,2,2); plot (k,ERRSNHl, 'k')
title ('Estmation e r r or ERRSnh!')
ylabel (' 'vront s Lae t 8 }EP.P.SNH1·)
xlabel ( '\ [ont.si::e {8} discrete t Lme Ik' )

subplot(3,2,6); plot (k,ERRSN03, 'k')
title ('E~;tmation ern)!" ERRSN03')
ylabel ( '\ f ont s f ze {8} ERHSN03' )
xlabel ( •\ fontsi. ze {S} di s cr e t.e t 'ime , k ' )

subplot(3,2,3) ;plot(k,SNH2, '}~-',k,SNH2E, 'k-.')
title (' Proc:ess va r i ab.Les Snh2 and 5nh2E f)
ylabel ( '\ f ont.s i ce {S} SNH2, SNH:::E ' )
xlabel('\fc·ntai::e{S}discr.ete time k ")

figure (4)

subplotI3,2,1) ;plotlk,SSl, 'k···',k,SSlE, 'r.-. ')
title('I'L"OC0SS ve r Lab Lc s SS! and SSlE')
ylabel (' 'vfionts i zet f;} SS]', $SlE')
xlabel ( • \font..si cc {8} dJ s c re t.e time k ")

subplot(3,2,4); plot (k,ERRSNH2, 'k')
title (' Es t.maf Lcn error ERRSnh2 ')
ylabel ( , Vf ont a i.ze {8} ERRSNH: ' )

xlabel ( '\ tont.s i ce {8} d i.e c r e t.e t.Lme i k' )

subplot(3,2,2); plot (k,ERRSSl, 'k')
title (fEstmation error ERRSSl')
ylabel ( "vf ont.s I ze [ 8} EP.R::;;.;'::l ' )
xlabel ( '\fonts i ce {U}dds cnet.e t i.rne , k ' )

subplot (3, 2, 5) ;plot (k, SNH3, 'k-', k, SNH3E, 'k-. !)
title (' Process var i eore s Snh3 e nd Sn.h3E')
ylabel ( I Vf on t s i.z e {8} SNR3, SNH3E' )
xlabel ( '\ ronr e i ce {S} discrete time J..:')

subplot(3,2,3};plot(k,SS2, 'Y-',k,SS2E, 'k-. ')
ti tle ( 'Process varLab.Les SS2 and SS2E 1 )

ylabel (' 'c ï oo t.s iee t s j sfvxz , SS:E')
xlabel('\fontsl.ze{S}discrete 't i.me k')

subplot(3,2,6); plot (k,ERRSNH3, 'k')

title (' Estmation e r r cr ERRSnh3')
ylabe 1 ( "vfon t s.i ze {8} ERR$NH3' )
xlabel (' \ f on t.s i ce I 8} d.i acr.e t e time, k ' )

subplot(3,2,4); plot (k,ERRSS2, 'k')
ti t.Le ( ! Estmation er ro r ERRSS2')
ylabel ( ,\. Eon t s Lze {8} ERRSS':::' )

xlabel ( "vrcnte i ce \ Bl di s cr-er.e t ime , li:' )

figure (3)

subplot(3,2,1) ;plot(k,SNOl, 'l:-',k,SNOIE, 'k-.')
ti tle (' PT:0('eSS ve rdebj.e s SHOl and SECllE')
ylabel ( '\font si ze {8} $1'101,SI,r01E' )
xlabel (' \ ront.s t c e f 8} discrete time k')

subplot(3,2,5) ;plot(k,SS3, '}:-',k,SS3E, 'k-. ')
title (' r-roce ss va r i eb l.es SS3 and S;;;31':')
ylabel ( , Vtcnt a t ze t 8} SS3, Ss3E' )
xlabel('\,fontsize{8}diserete time k ")

subplot(3,2,6); plot(k,ERRSS3, 'k')
title ('Est.:nétioll e r ror ERRSS3 ')
ylabel ( ! \ f orrt si.ze {8} ERRSS3' )
xlabel ( 'Vr octe i ze {3} d)' acr e t.e t .ime , k ' )

2.2. Subprograms
%SUBPROGRlI..MrateAAS~nF.m
~AIH: The pr oqr-em function r6teASHl F. m caLcu.l.e t es the process rates of t.he full !...SMl bi.o Loq.i.caI modeI for the Athlone
process. The program uses c Loba l definition of t.he modeL parameter s
function [ROASM1FJ=rateAASM1F(Zk)
global Ks KOHKNOKNHKOAKx muH etag muA Kh etah iXB YH YA fP iXP bH bA Ka

~"Pn)cess rates for the t.a nk 1
ROASM1F I 11 =rnu.H" IZk (2) I IKs+Zk (2) ) I * I Zk (8) I IKOH+Zk I 81 ) ) * Zk (5) ;
ROASM1F (2) =muli'" IZk (2) I IKs+Zk (2) ) ) * IKOHI IKOH+Zk IB) ) ) * IZk I 9) / IKNO+Zk I 91) ) *etag*Zk (5) ;
ROASM1F (3) ~muA* IZk I 10) / IKNH+Zk IlO) ) ) * IZk (8) / IKOA+Zk (8) I ) *Zk I 6) ;
ROASM1F(4)~bH*ZkI5) :
ROASM1F(5)~bA*ZkI6) ;
ROASM1F(6)~Ka*Zklll) *Zk(5);
x1~Zk 141 IZk (5);
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ROASMlF (7) ~Kh*Zk (5) * (xli (Kx+xl) ) * ( iZk (8) I (KOH+Zk IB) ) ) +etah* IKOHI IKOH+Zk IB) ) ) * I Zk (9) I IKNO+Zk I 9) ) ) ) ;
ROASM1F (8) ~ROASMlF (7) *Zk (12) IZk (4);

's Pr-oces s rates f c r t.he tank 2
ROASM1F (9) =rmzH'" IZk I 15) I IKs+Zk I 15) ) ) * IZk (21) I IKOH+Zk (21) ) ) *Zk (18) ;
ROASMlF IlO) =rnuli " I Zk I 15) I IKs+Zk (15) ) ) * IKOHI (KOH+Zk I 21) ) ) * (Zk (22) I IKNO+Zk (22) ) ) *etag'Zk I lB) ;
ROASM1F I 11) =muê " IZk (23) I IKNH+Zk (23) ) ) * IZk (21) I IKOA+Zk (21) ) ) *Zk (19) ;
ROASM1F(12)~bH*ZkI18) ;
ROASMlF(13)~bA*ZkI19) ;
ROASM1FIH)-Ka*ZkI24) *ZkllB);
xl~Zk(17)/ZkllB);
ROASM1F I 15) ~Kh*Zk I lB) * Ixll IKx+xl) )' I IZk (21) I IKOH+Zk (21) ) ) +e t ah+ IKOHI IKOH+Zk (21) ) ) * IZk (22) I IKNO+Zk (22) ) ) ) ;
ROASM1F I 16) ~ROASM1F I 15) * Zk (25) I Zk I 17) ;

'tProcess rates for t.he tank 3
ROASM1F (17) ..,.uH· I Zk (28) I I Ks+Zk (28) ) ) • I Zk (34) I IKOH+Zk (34) ) ) *Zk (31) ;
ROASM1F I 18) =rnuli" IZk (28) I IKs+Zk (28) ) ) * (KOHl IKOH+Zk (34) ) ) * IZk (35) I IKNO+Zk (35) ) ) 'etag*Zk (31) ;
ROASM1F (l9) ,"",uA* IZk (36) I IKNH+Zk (36) ) ) * IZk (34) I IKOA+Zk (34) ) ) *Zk (32) ;
ROASM1F(20)~bH*ZkI3l) ;
ROASM1FI2l)~bA*ZkI32) ;
ROASMlF (22) -xa- Zk (37) 'Zk (31) ;
xl~Zk(30)/ZkI3l) ;
ROASM1F (23) ~Kh'Zk (31) * Ixll IKx+Kl) ) * I IZk (34) I IKOH+Zk (34) ) ) +etah* IKOHI IKOH+Zk (34) ) ) * (Zk (35) I IKNO+Zk (35) ) ) ) ;
ROASM1F I 24) ~ROASM1F I 23) 'Zk (38) IZk (30) ;

::I,Vect.·.)f.' c-f t.he prcces s xe tes
ROASMlF-[ROASM1F(1) ;ROASM1F(2) ;ROASM1F(3) ;ROASM1F(4) ;ROASMlFIS) ;ROASM1F(6) ;ROASM1F(7) ;ROASM1F(8);
ROASM1F I 9) ;ROASMlF (10) ;
ROASM1F Ill) ; ROASM1F I 12) ; ROASMH I 13) ;ROASM1F (14) ;ROASMlF I 15) ; ROASMlF I 16) ;ROASM1F I 17) ;ROASMlF (18) ;ROASMlF (19) ; ROASMlF (20)
;ROASM1F(21) ;ROASM1F(22) ;ROASM1F(23) ;ROASM1F(24)];

%SUBPROGRAl:'lprateASMIR. rn
-l,AIH:'I'he p roq.rem function pri:l.teASIU.m calculates at. every moment t.he functions of the p.roces s r-ates which muLt.Lp Ly
'st.he pr ocea s estimated parameters fOI: the Athlone pr oceae be sed on the reduced A3Hl b ioIoqi.c a I model.
%The proq ram uses global de f Ln i t.Lon of t.he model pe rerne t.e r s

function [Pk] =prateASMIR (Xk, Uk, XBHk, XBAk, XSk)
global Ks KORKNO KNH KOA Kx rnuH etag muA Kh etah iXB YH YA fP iXP bH bA Ka

};,!? functions for eve ry tank
:~Tank 1
P'LI> IXk (3) I IKs+Xk (3) ) ) • lUk Il) I IKOH+Uk Il) ) ) *XBHk I 1) ;
P12~IXk(3)1 IKs+Xk(3)))' IKOH/IKOH+Uk(1)))' (XkI2)/IKNO+XkI2))) 'etag'XBHkll);
P13~ IXk Il) I IKNH+Xkll))) * lUk Il) I IKOA+Uk 11))) *XBAk Il);
x1~XSk(1) IXBHkll);
P14~XBHk(1)' Ix11 IKx+xl)) * I IUk(l) I IKOH+Uk(1)) )+etah* IKOHI IKOH+Uk(1)))' IXk(2) I IKNO+Xk(2))));
Plk~[Pll 0 0;P12 0 0;0 P13 0;0 0 PH];
tTank :-
P21~IXk(6)/IKs+XkI6)))' IUk(2)1 IKOH+Uk(2)) )*XBHkI2);
P22~ IXk I 6) I IKs+Xk I 6) ) )' IKOHI IKOH+Uk (2) ) )' IXk 15) I IKNO+Xk 15) ) ) 'etag*XBHk (2) ;
P23~ IXk (4) I IKNH+Xk (4))) * lUk (2) I IKOA+Uk (2))) 'XBAk (2);
x1~XSk(2)/XBHkI2) ;
P24=XBHk (2)' Ixll IKx+x1) ) * I lUk (2) I IKOH+Uk (2) ) ) +e t ah" IKOHI IKOH+Uk (2) ) ) * IXk (5) I IKNO+Xk (5) ) ) ) ;
P2k~[P21 0 0;P22 0 0;0 P23 0;0 0 P24J;

?;Tank 3
P31~IXk(9)/IKs+XkI9)))' IUk(3)/IKOH+UkI3)) )*XBHkI3);
P32~IXk(9) I IKs+Xk(9))) * IKOHI IKOH+Uk(3))) * IXkIB) I IKNO+XkIB))) *etag*XBHk (3);
P33~IXk(7) I IKNH+Xk(7))) * IUk(3) I IKOA+Uk(3))) 'XBAk(3);
x1~XSk(3)/XBHkI3) ;
P34~XBHk (3) * Ixll (Kx+x L} ) * I lUk I 3) I IKOH+Uk (3) ) ) +etah* IKOHI IKOH+Uk (3) ) ) * IXk (8) I IKNO+Xk IB) ) ) ) ;
P3k~[P31 0 0;P32 0 0;0 P33 0;0 0 P34];

U~latrix ?): for t.he whoLe process
Pk= [Plk; P2k; P3k] ;

%SUBPROGRi'UvJratel'.,sHIRE.m
"l-.IH.:The pcoqr-em fun c t.i on rateASH1.l'tI calculates at every moment; t.he p ccces s r-ë t e s of t.be r-educed J~S1:Umode l using t he
estimated par eme t.e r s • The p roc.ram use s q Looe I de f Lnát i.on 'lf t.he fiedel pe r-eme t.e r s

function [ROASM1EJ=rateASM1RE (Xk, Uk, XBHk, XBAk, XSk, thetak)
global Ks KOHKNOKNH KOA Kx muti etag muA Kh etah iXB YH YA fP iXP bH bA Ka

tr rcce s s rates fo r every 't anl:
ROASM1(1)~thetakl1)* IXk(3)/IKs+XkI3)))* lUkil) I IKOH+Uk(l))) *XBHk(l);
ROASM1 (2) =t.he t ak Il) * IXk (3) I IKs+Xk (3) ) ) * (KOHl IKOH+Uk I 1) ) )' IXk (2) I IKNO+Xk (2) ) ) *etag*XBHk Il) ;
ROASMl (3) =t.he t ak (2) * IXk Il) I IKNH+Xk Il) ) ) * lUk I 1) I IKOA+Uk I 1) ) ) 'XBAk I 1) ;
xl~XSkll)/XBHkll) ;
ROASMl (4) ~thetak (3) 'XBHk I 1)' Ixll IKx+xl) )' I lUk Il) I IKOH+Uk I 1) ) ) +e t ah e IKOHI IKOH+Uk I 1) ) )' IXk (2) I (KNO+Xk (2) ) ) ) ;

ROASM1 (5) <t.he t a k Il) * IXk (6) I IKs+Xk (6))) * lUk (2) I IKOH+Uk (2))) *XBHk (2);
ROASMl (6) =t.he t ak (1) * IXk I 6) I IKs+Xk I 6) ) )' IKOHI IKOH+Uk (2) ) ) * IXk 15) I IKNO+Xk 15) ) ) *etag*XBHk (2) ;
ROASM1 (7) =t.he t ak (2) * IXk (4) I IKNH+Xk (4) ) ) * lUk (2) I IKOA+Uk I 2) ) ) 'XBAk I 2) ;
xl~XSk(2)/XBHkI2) ;
ROASM1 (8) =t.he t a k (3) 'XBHk (2) * Ixll (Kx+x L) ) • I lUk (2) I I KOH+Uk (2) ) ) +e t ah " (KOHl IKOH+Uk (2) ) ) * IXk (5) I IKNO+Xk 15) ) ) ) ;

ROASMl (9) =t.he t ak Il)' IXk(9) I IKs+Xk (9)))' lUk (3) I IKOH+Uk (3))) *XBHk (3);
ROASMl I 10) =t he t ak 11) * IXk (9) I IKs+Xk I 9) ) )' IKOHI IKOH+Uk (3) ) )' IXk (8) I IKNO+Xk IB) ) ) 'etag'XBHk (3) ;
ROASM1 Ill) <t.he t ak (2)' IXk (7) I IKNH+Xk (7))) * lUk (3) I IKOA+Uk (3))) 'XBAk (3);
x1~XSk (3) IXBHk (3) ;
ROASMl (12) =t het.ak (3) *XBHk (3)' Ix11 IKx+x1) ) * ( lUk (3) I IKOH+Uk I 3) ) ) +etah* IKOHI IKOH+Uk (3) ) ) * (Xk (8) I IKNO+Xk (8) ) ) ) ;

ROASM1E~[ROASM1(1) ROASMl(2) ROASMl(3) ROASMl(4) ROASMl(5) ROASM1(6) ROASMl(7) ROASM1IB) ROASM1(9) ROASM1(10)
ROASMl Ill) ROASMl (12) J';
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3.1 SOFTWARE FOR PARAMETER ESTIMATION OF THE BENCHMARK MASS-
BALANCE MODEL FOR THE CASE OF UCT REDUCED MODEL
3.1.Main program

%PROGRAM BUCTparest.m
%Aim - the program ce Lcu l at.e s the rra j ec t c ri.e s of t.he full mass-balance model, the e et Irne t Lcn a of the kinetic
parameters mug, muê., KMP and KA, and the traj ec't or Les of the process variables cf the reduced mas s-Le Lance model for
the Bencbrnar'k pr oce ss I,;:i t.b the UCT reduced bi.ological mode L. The p.cos rem calls the function aub rou t i.ne s I:ateBUCTF .m,
rateBUCTE.In and prat€";BUCTR.m. The calculation uses the reduced b Lo Loqd ce L model w.i t.h 4. ve r Lab Le s SUH, Sl'm, ss and Seds
'iThe program us es global definition of the model parameters
global Ks KOH KNO KNA KOA muH etag mun KMP fZBH YZH YZA KA KSA KSP !MA bH KR bA

f=1.2;YZA = O.15;YZH = O.67;fZBH = O.068;fZEH=0.068;fP=0.OS;rnuH = 2.0;Ks = 5;KOH = 0.002;KNO = O.l;etag
KMP - 1.35;rnuA - 0.3;KNA - O.Ol;KA - 0.17;KOA - 0.002;fMA-1;KSP-0.027;KSA-1;bH-0.3;bA-0.05;KR-0.032

ê Pz oce s s model pe.reme t.e rs

0.33 ;

's pr cces s tanks volumes and flo .....'rates
VI - 1000;V2 - 1000;V3 - 1333:V4 - 1333:V5 - 1333:Qo 18446:Qa 55338:Qr 18446:Qw - 385;LAMBDA - IQo+Qrl! IQr+QwI:
r.Oxyqen pa remet.e re
SOsat - 8:Klal-4.8:Kla2-4.8:Kla3 - 240:Kla4-240;Kla5 84:
K1=[Klal Kla2 Kla3 Kla4 K1a5] ;Kla=diag(Kll;

'tDetennination of the s emp'l Lnq period
DT - 0.01042:days-0.1042*10:K-days!DT;k-0:DT:days

xca tcul ar.t cn cf Lh€' matriz C
x1--1!YZH; x2-1!YZA: x3- I1-Y2H) ! 12. 86*YZH) : x4-x3-fZBH: x5--x2-fZBH: x13-x3!2. 86: x14- 14.57 -YZA) !YZA;
x6=1-fP; x7=fZBH-fP* fZEH; x8=fZBH/14; x9=x3/14 -xS; x10= (x3+fZBH) /14; xll=1/14; xI2=-x8-1/ (7 *YZA);
YZXBH - [1 1 1 1 1 1 1 1 -1 0 0 0 0 0 I ' :
YZXBA - [0 0 0 0 0 0 0 0 0 0 0 0 1 -11':
YZXF - [0 0 0 0 0 0 0 0 fF 0 0 0 0 fFJ':
YZXI - [0 0 0 0 0 0 0 0 0 0 0 0 0 0)':
YZXSA=[O 0 0 0 xl xl xl xl 0 1 0 0 0 0] ';
YZXSE- [0 0 0 0 0 0 0 0 x6 -1 0 0 0 x6) ':
YZXND= [0 0 0 0 0 0 0 0 x7 0 -1 0 0 x7] ';
YZSS = [xl x i xl x L 0 0 0 0 0 0 0 0 0 OJ';
YZSNH - [-fZBH 0 -fZBH 0 -fZBH 0 -fZBH 0 0 0 0 1 xz x5 J ' :
YZSND - [0 0 0 0 0 0 0 0 0 0 1 -1 0 OJ':
YZSNO - [0 -fZBH -x3 x4 0 -fZBH -x3 x4 0 0 0 0 xz 0)';
YZ5ALK=[-x8 xS xg xlO -xS x B xg xlO 0 0 0 xi i xl2 0]';
YZSI - [0 0 0 0 0 0 0 0 0 0 0 0 0 0)';
YZSO - [-x13 -x13 0 0 -x13 -x13 0 0 0 0 0 0 -x14 0)':
Cnu _ [YZXBH YZXBA YZXF YZXI YZXSA YZXSE YZXND YZSS YZSNH YZSND YZSNO YZSALK YZSI Y2S0):
CF=DT*[Cnu zeros(14,56};zeros(14,14) Cnu zeros(14,42);zeros(14,28) Cnu zeros(14,2Sl;zeros(14,42) Cnu
zeros(14,14) ;zeros(14,56l Cnu];

"~calculat.ion (Jf mat r I x .P...F
lVI - DT/v1;IV2 - DT/V2:IV3 - DT/v3;IV4 - DT/V4:IV5 - DT/V5:IV-IV1*Qo:IVV-IV*f:
Q=Qo+Qa+Qr ;
IV21-IV2 *Q: IV32-IV3*Q: IV4 3-IV4 *Q: IV54-IV5 *Q;
IVll-1-IV1*Q: IV22-1-IV21: IV33-1-IV32: IV4 4-1-IV4 3: IV55-1-IV54: IV15-IV1* IQa+Qr) ; IV15p-IV1* IQa+LAMBDA*Qr):
al=[IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVll,IVl1,IVll];
All-diag lal) :
a2= [IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22, IV22] ;
A22-diag Ia2) :
a3- [IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33, IV33 J ;
A33=diag (a3);
a4= [IV44, IV44, IV44, IV44, IV44, IV4 4, IV44, IV44, IV44, IV44, IV44, IV44, IV44, IV44] ;
A44=diag (a4);
a5=[IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55,IV55];
A55-diag la5) :
a15- [IV15p, IV15p, IV15p, IV15p, IV15, IV15, IV15p, IV15, IV15, IV15, IV15, IV15, IV15, IV15 J ;
A15-diag lalS I;
a21-[IV21, IV21,IV21,IV21,IV21,IV21,IV21,IV21,IV21,IV21 ,IV21,IV21,IV21,IV21J;
A21-diag la21):
a32= [IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32, IV32) ;
A32-diag la32):
a43=[IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43, IV43];
A43=diagla43) :
a54= [IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54, IV54] ;
A54-diag la54) ;
AF-[A11 zerosI14,42) A15:A21 A22 zerosI14,42) ;zerosI14,14) A32 A33 zerosI14,28);zer05114,28) A43 A44
zeros(I4,I4);zeros(I4,42) A54 A55];
~~Calculé1t.io1'l of t.he matrr i x BF
bl= [IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV, IV} ;
B'l=d i.aq Ib1) :
BF= [Bl; zeros (56, 14) ] ;

:::Average influent. concentr e t i on s trajeeunies fo r the process variables
SSi-69. 5:XBHi-28. 17 ;XSEi-202. 32 :XIi-51. 2: SNHi-31. 56: SIi-30. 0; SNDi-6. 95 :XNDi-10. 5 9: 50i-0. 0: XBAi-O. 0 ;XPi-O. 0; SNOi=O. 0;
SALKi-7. O:XSAi-O. 0:
Zi= [XBHi*ones (1, Kl : XBAi*ones (1, Kl ;XPi *ones (I, K) ; Xli *ones (1, Kl ; XSAi*ones (1, Kl ; XSEi *ones (1, Kl ;XNDi*ones (1, Kl ;
SSi *ones (I, Kl; SNHi*ones (1, xi •SNDi*ones (1, Kl; 5NQi *ones (1, K) ; 5ALKi*ones (1, Kl; SIi *ones (1, Kl; SOi*ones (1, K) ] *0.1;

'iDetermilvltion of the .in.i.r i.a L condf.t.i.on s
Si 1
Xbh 1

3.0000000e+OI;Ss 1
2.5517658e+03:Xba_1

2. B082131e+OO;Xi 1
1. 4838943e+02; Xp-1

7.917 S845e+OO-;Snd_

= 1.149l252e+03;Xsa_1 8.2l34908e+01;
4.4885186e+02;Xse 1-500.0;So 1 4.2984433e-

1.2166405e+00:Xnd_1 -5.2848894e+00:03;Sno S.3699400e+OO;Snh
Salk 1 4.9277103e+00; _
Z10 ;;; [Xbh 1 ;Xba_1 :Xp_l ;Xl 1 :X5a :Xse_l;Xnd_I :5s_1 ;Snh_ :Snd_1 :Sno_1 :Salk_1;5i_1 ;50_1];

Si 2 3.0000000e+01:Ss 2 1.4587940e+00;Xi 2 1.1491252e+03:X5a 2 7.6386187e+01;
Xse_2-480.0:Xbh_2 2. 5533851e+03;Xba 2 1.4830914e+02:Xp_2 4. 4952273e+02: So_2 6.3131911e-05;
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Sno_2
Salk_2

3. 6619672e+00; Snh_2
5.080174 8e+00;

8.3444148e+00;Snd_2 8.8206477e-Ol;Xnd_2 5.0290873e+00;

z20 = [Xbh_2 :Xba_2 :Xp_2 ;Xi_2 ;Xsa_2 ;Xse_2;Xnd_2 :Ss_2 ;Snh_2 :Snd_2 ;Sno_2 ;8alk_2;Si_2 ;80_2];

Si _3 3. OOOOOOOe+Ol;Ss _3 1.1495418e+00;Xi _3 1.149l252e+03;Xsa 3 6.4854922e+Ol Xse _3~420.0;
Xbh_ 3 2. 557l3l4e+03: Xba_3 1.4894126e+02;Xp_3 4. S041834e+02: So "3 1.7l83778e+OO
Sno _ 3 6.54 08820e+00; Snh _3 5.5479452e+00,Snd _3 8.2888 682e-0 1, xnd_ 3 4.3924277e+00
Salk_ 3 4.674 7902e+00;
Z30 - [Xbh_3 ;Xba _3 ,Xp_ 3 ;Xi _3 ;Xsa _3 ;Xse _3;Xnd_ 3 iSS _3 ;Snh _3 ;Snd_ 3 ;Sno _3 ,Salk _3:Si 3 :50_3] ,

Si 4 3. OOOOOOOe+Ol;Ss 4 9.953238ge-01;Xi 4 1.14912S2e+03:Xsa 4 5.5693982e+Ol Xse 4~350.0;
Xbh_4 2.559182 6e+03, Xba 4 1.4952712e+02;xp=4 4.513146ge+02;So "4 2.4288838e+00
Sno 4 9.298998 8e+00; Snh

_
4 2.9673854e+00;Snd 4 7.6678656e-Ol;Xnd_ 4 3.8790101e+00

Salk_ 4 4. 2934562e+OO;

_ _

Z40 = [Xbh_4 ;Xba_4 :Xp_4 :Xi_4 ;Xsa_4 ;Xse_4;Xnd_4 :8s_4 :8nh_4 :Snd_4 :Sno_4 :Salk_4:Si_4 ;50_4];

Si 5
Xbh 5
Sno=:5
Salk_5

3. OOOOOOOe+Ol:Ss 5
2.5593436e+03;Xba 5
1. 0415220e+Ol; snh=5
4.1255794e+OO;

8.8949280e-Ol;Xi_
1.49797l4e+02:Xp 5
1. 7333316e+00;Snd_5

1.14 91252e+03; Xsa
4. 5221112e+02, So "5
6.8828 001e-Ol; Xnd_5

4.9305586e+Ol Xse_5=250.0:
4.9094351e-Ol
3.5271755e+00

Z50 = [Xbh_5 :Xba_5 ;Xp_5 ;X~_5 ;Xsa_5 :Xse_5:Xnd_5 ;8s_5 ;Snh_5 :Snd_5 :8no_S ;Salk_5;Si_5 ;50_5];

avec tor of the .i.n i -~ie L cond i tj.ons
ZO- [Z10; Z20; Z30; Z40; Z50] *0.1;
X=[ZO zerosI70,KI]*0.l,

-tSimul':ltion of the full model behavior
fOI k - 1: K

Xk=X I:, kl;
SOk= [Xk I14,1 I ;Xk 128,1 I ;Xk I42,11 ,Xk 156, li ;Xk 170,1 I] ;
Zik ~ Zil:,kl;

[ROUCTF]=rateBUCTF (Xk) ;
ZZk=DT*Kla* (SOsat-SOk);
ZZlk~[zerosI13,11 ;ZZklll ;zerosI13, li ;ZZk121 ;zerosI13, li ;ZZk131 ;zerosll3,11 ;ZZk141 ;zerosI13, li ;ZZkI51];
X(:,k+l) = AF*X(:,k) + CF'*ROUCTF + BF*Zi(:,k)+ZZlk;

end

ase z ecraoc of the measured ve r Lab Les of s t.e t e space ,';;J:iH, SNO,SS, Se.ds
XR=[XI9,: I ,XI11,: I ,XI8,: I ,XI5,: I ,X123,: I ,XI25,: I ,X122,: I ,XI19,: I ,XI37,: I ,XI39,: I ,XI36,: I ,XI33,: I ,XI51,: I ,XI53,: I'
X 150, : I ;X 147, : I ; X I65, : I 'X I67, : I ;X 164, : I 'X I61, : I ]
itI~jectory of the control signal
U~[XI14,: I ,XI28,: I ,XI42,: I ,XI56,: I ,XI70,: I]

sca i cur etton of tbe vector P

·:.Avl.'::rag'e values of t he influent vé r Lab Les
SSi-69. S, SNHi~31. 56, SNOi-O. O,XSAi~O. 0,

\(Influ€nt concent.r at i ons trajectories for SNH, SHOt SS and XS1\
Xi == [SNHi *ones (1, Kl; SNOi *ones (1, K) ; SSi*ones (I, x: ;XSAi*ones {1, Kl] *0.1;

;" Steady state ve Lue a for the biomass xns , XB;·., Y.SA
XBH = O.1*[2551.76*ones(1,K);2553.38*ones(1,K):2557.13*ones(1,K);25S9.l8*ones(l,K);2559.34*ones(1,K)J;~ XBil steady
state COD/ro"3
XBA :::: 0.1* [148. 389*ones (1, Kl; 148. 309*ones (1, Kl; 148.941 *ones (1, Kl; 149. 527*ones (1, Kl; 14 9. 797*ones (1, Kl J ;:~ XBA st eec.y
s t.a t e gall COD/m"3
XSE = 0.1*[82.135*ones(1,K);76.386*ones(1,K);64.855*ones(l,K);55.694*ones(l,K);49.306*ones(1,K)]; ;~,Xf:-; s t.ee.dy s t.at.e all
COD/rn"'3

's Ca l cu.Le t i on of t.he stare spece process rnodeL matrices
;Calculation of t.he matrix A

AR~[[IVll 0.0 0.0 0.0,0.0 IV11 0.0 0.0,0.0 0.0 IV11 0.0,0.0 0.0 0.0 IVll] zerosl4,121 [IV15 0.0 0.0 0.0,0.0 IV15 0.0
0.0;0.00.0 IV15 0.0,0.0 0.0 0.0 IV1S];

[IV21 0.0 0.0 0.0,0.0 IV21 0.0 0.0,0.0 0.0 IV21 0.0,0.0 0.0 0.0 IV21] [IV22 0.0 0.0 0.0,0.0 IV22 0.0 0.0,0.0 0.0
IV22 0.0;0.0 0.0 0.0 IV22] zerosI4,121;

zerosl4,41 [IV32 0.0 0.0 0.0,0.0 IV32 0.0 0.0,0.0 0.0 IV32 0.0,0.0 0.0 0.0 IV32] [IV33 0.0 0.0 0.0,0.0 IV33 0.0
0.0,0.00.0 IV33 0.0,0.0 0.0 0.0 IV33] zerosl4,81,

e e ro s t év s ) [IVO 0.0 0.0 0.0;0.0 IV43 0.0 0.0;0.0 0.0 IV43 0.0;0.0 0.0 0.0 IVO] [IV44 0.0 0.0 0.0;0.0 IV44 0.0
0.0,0.00.0 IV44 0.0,0.0 0.0 0,0 IV44] zerosl4,41'

ae ros t e s ï z ) [IV54 0.0 0.0 0.0,0.0 IV54 0.0 0.0,0.0 0.0 IV54 0.0,0.0 0.0 0.0 IV54] [IV55 0.0 0.0 0.0,0.0 IV55 0.0
O. 0, 0 . 0 O. 0 IV55 O. 0 ; 0 . 0 O. 0 O. 0 IVS 5] ]

's.CeLcu La t Lon of the mat ri.ce Bl, Band Cn e nd C
BlR~[IVV 0.0 0.0 0.0,0.0 IV 0.0 0.0,0.0 0.0 IV 0.0,0.0 0.0 0.0 IV],
BR-[IW 0.00.00.0,0.0 IV 0.00.0;0.00.0 IV 0.0,0.0 0.0 0.0 IV;zerosI16,41];

xl--1/YZH, x2~1/YZA, x3= 11-YZHI I 12. 86*YZHI ,x4=x3-fZBH, x5~-x2-fZBH,
Cnu=[-fZBH 0 x I 0;0 -fZBH xl O;-fZBH -x3 x I 0;0 x3-fZBH x I O;-fZBH 0 0 x1;0 -fZBH 0 xl;-fZBH -x3 0 xl;O x3-fZBH 0 x1;O
o 0 1;-x2-fZBH x2 0 0]
CR=DT*[Cnu zeros(10,16);zeros(lO,4) Cnu zeros(lO,12);zerosllO,BI Cnu zeros(10,8);zeros(lO,12) Cnu
zeros(lO,4) :zeros{lO,l6) Cnu];.....
'i.CeLcu l at i.on of t r,e es t Lmet.ed coef f Lc i errt s
for k == l: K

XRk~XRI : , k ) ,
Uk -U I:, kl;
XBHk = XBH( : , k) ;
XBAk - XBAI:, kl ;
XSEk ~ XSE I:, k ) ;
Xik - Xil:,kl,
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[Pk] -prateBUCTR IXRk, Uk, XBHk, XBAk,XSEkl ;
Flk=CR' *Pk;
YI:,kl - XRI:,k+lI--AR*XRI:,kl-BR*Xil:,kl;
theta I : ,kl - IFIk' *FIkl ' I -1 I *FIk' *y I: , kl ;

end

muHE Il,: I-theta Il,: I ;KMPE II, : I =t.he t a IZ,: I;KAE Il,: I =t ne t a 13,: I ;muAE Il,: I =t.he t a 14,: I;

!tSimulation of the reduced model with the estimated parameters
XE- [X I 9, : I ;X Ill, : I ; X 18, : I ; X 15, : I ; X IZ3, : I ; X IZS, : I ;X IZZ, : I ;X 119, : I ; X 137, : I ; X I 39, : I ; X I36, : I ;X 133, : I ;X lSI, : I ; X IS3, : I ;
XISO,: I ;XI47,: I ;XI6S,: I ;XI67,: I ;XI64,: I ;XI6l,: I I
ERR-XR I: , 1 I -XE I : , 1 I ;
for k = 1: K

XRk=XR I: ,kl;
Uk -U I:, k) ;
XBHk - XBH I : , k} ;
XBAk = XBAI:, kl;
XSEk = XSE (: , kJ;
Xik = Xil:,kl;
thetak=theta I : , k ) ;

[ROUCTE]=rateBUCTE(XRk,Uk,XBHk,XBAk,XSEk,thetakli
XE I: ,k+l I -AR*XE I: ,kl +CR' *ROUCTE+BR*Xi I: ,kl;
ERR I:, k+ll =XRI:, k+ll -XE I:, k+ll;

end

X=XR
avect cr of' process full, estimated and e r r'o r variables SNH, SNO,SS,xsA. Tank
SNHl-Xll,: I ;SNOl=XIZ,: I ;SSl=XI3,: I ;XSAl-XI4,: I;
SNHlE=XE Il, : I ; SNOlE=XE 12, : I ; SSlE=XE 13, : I ;XSAlE-XE 14, : I ;
ERRSNHl=ERR II, : I ;ERRSNOl=ERR IZ, : I ; ERRSSl=ERR 13, : I ; ERRXSAl=ERR 14, : I ;
'sCeLcu Let i on of the weighted errors for 't ank l
eSNH1= IERRSNHI *ERRSNHl' I / ISNHl*SNHl' I
eSNOl= IERRSN01*ERRSNOl' I / ISNOl*SNOl' I
eSS1= (ERRSSl*ERRSSl') / (551*551')
eXSAl= IERRXSAI *ERRXSAI ' I / IXSAI *XSAI ' I
svec t.o r of p roce s s full, estimated and error variables SUR, SNO,SS, Tank

SNH2=XI5,: I ;SN02-XI6,: I ;SS2=XI7,: I ;XSA2=XI8,: I;
SNHZE=XE IS,: I ;SNOZE=XE 16,: I; SS2E=XE 17,: I ;XSA2E-XE 18, : I;
ERRSNHZ=ERR IS, : I ;ERRSNOZ=ERR I 6, : I ;ERRSSZ=ERR 17, : I ; ERRXSAZ=ERR 18, : I ;
tce i cur at Lon ,)f the weighted errors for tank :;
eSNHZ- IERRSNHZ*ERRSNHZ' I / ISNHZ*SNHZ' I
eSN02= (ERRSN02*ERRSN02 ') / (SN02*SN02 ')

eSS2= IERRSSZ*ERRSS2' I / ISS2*SS2' I
eXSAZ= IERRXSAZ*ERRXSAZ' I / IXSA2*XSA2' I

evec t or (if process full, e s t.i mat.ed and error ve ri.ab Les ~;;m-r,SHO,SS, 'rank
SNH3=XI9,: I ;SN03=Xl10,: I ;SS3-Xlll,: I ;XSA3=XI12,: I;
SNH3E=XE 19, : I ; SN03E=XE 110, : I ; SS3E=XE Ill, : I ;XSA3E=XE 11Z, : I ;
ERRSNH3=ERRI9,: I ;ERRSN03=ERRllO,: I ;ERRSS3-ERRlll,: I ;ERRXSA3=ERRI12" I;
êCa Lcu.Lat.Lon of the we i qh t.ed en:GI'S for tank :3
eSNH3=(ERRSNH3*ERRSNH3')/(SNH3*SNH3')
eSN03= IERRSN03*ERRSN03' I / ISN03*SN03' I
eSS3= IERRSS3*ERRSS3' I / ISS3*SS3' I
eXSA3= IERRXSA3*ERRXSA3' I / IXSA3*XSA3' I

tvec tor of process full, e s t imat.ed and erro r va rLebLes 3NH, SNO, SS, T~'l.:nt 4.
SNH4=X 113, , I ; SN04=X 114, : I ; SS4=X lIS, : I ; XSM-x 116, : I ;
SNH4E=XE 113, : I ; SN04E=XE 114, : I ; SS4E=XE I1S, : I ;XSME-XE 116, : I ;
ERRSNH4-ERRI13,: I ;ERRSN04-ERRI14,: I ;ERRSS4=ERRllS,: I ;ERRXSM=ERRI16,: I;
's ce Lcu Le t.Lon of t.he weighted errors for t.ank 4
eSNH4= IERRSNH4*ERRSNH4' I / (SNH4*SNH4' I
eSN04-IERRSN04*ERRSN04' I / ISN04*SN04' I
eS54= (ERRSS4*ERR554') / (5S4*S54 ')
eXSA4=IERRXSA4*ERRXSA4'1/IXSA4*XSA4'1

tvec t or of pr.OCo2'SS full, estimated end e r-r-or va r i ab.Le a SNH, SNOr ~)S, Tank
SNH5=X(17,:) ;SN05=X(18,:) ;SS5=X(19,:) ;XSAS=X(20,:);
SNHSE=XE 117,: I ;SNOSE=XE 118, : I; SSSE=XE 119,: I ;XSASE-XE 120,: I;
ERRSNHS=ERR 117, : I ; ERRSNOS=ERR 118, : I ; ERRSSS=ERR 119, : I ; ERRXSAS-ERR IZO, : I ;
'~Calc1.l1ation of the we rqh t ed e rcor s for
eSNHS= IERRSNHS*ERRSNH5' I / ISNHS*SNH5' I
eSNOS-IERRSNOS*ERRSNOS' I / ISNOS*SNOS' I
eSS5= IERRSSS*ERRSSS' I / ISSS*SSS' I
eXSAS= (ERRXSA5*ERRXSA5') / (XSAS*XSA5 ')

't ank :,

k-l:lOO
~';Graphsof the estimated pe r-éme.ter s
figure (1)
subplot (4,1,1) ; plot (k,muHE, I k' )
title('Estimated muh' )
ylabel (' \font.si:.e{8}muHE')
xlabel (.' \fonts.i.ze {8}discrete t..i.me Y.:. ')

k=L: ioi .
figure (2)
subplot(5,2,11 ;plot(k,SNH1, '1-::_' ,k,SNH1E, ',l.;:-. 'l
title (' Pr-oce s s va r i ab Le s Snh L and Snh Llt ")
ylabel ( '\ font size {£l} SNH.l.,:3NHIE! )
xlabel ( "vforrt s i.z.e {~~)c.i sc ret c t.dme k')

subplot (4, 1~ 2) ;plot (k, KMPE, 'k' )
ti tle ( "Es t Lmat.e d .KHP')
ylabel ( '\font.si Z~"(~l KNPE' )
xlabel ( "vf cnr.s f ze (8) discrete time k')

subplot (5, 2, 2); plot (k, ERRSNH1, 'k')
title ('Estmat.icm e rro r ERRSn:nl')
ylabel (! Vf orrt siae I a I ERRSNHl ')
xlabel ( "vf crrt s i. ze {8} diSCI ete t.Lme, k ' 1

subplot 14,1,3 I ; plot Ik, KAE, 'k;_.J
title ('Estlmated KA')
ylabel ( '\, fcnt.e i r.e {8} ¥AE' )
x Labe I ('\fonLsize{8)discret.e time k ' 1

subplot (5,2,3) ; plot (k, SNH2, "k- I I k, SNH2E, ! J,;:- _ , )

title (' p.rocee s ve ri.ab Les [·nh:':: ano Snh2E')
ylabel ( "vf ont.si.z e I 8} SNU::,Srm2E' )
xlabel('\tontsi.z,,~,{(1}d.i..screte Lime k')

subplot (4, 1,4) ;plot (k,muAE, 'k')
title (·E!.~timated muA')
ylabel ( , \ ront.s i ce {8 }ltl,uAE' )

xlabel ( '\fontsizei 8) discrete t arce k')

subplot (5, 2,4); plot (k, ERRSNH2, 'k' )
title ('Estmat.i(,TI erIGI ERRSnh':'::')
ylabel ( I 'vfont s Lae (8) ERRSNH2' )
xlabel ( , \ font si.ae {(1}di ..e c r-ete t i.me, k ' )

subplot(5,2,5) ;plot(k,SNH3, 'k-',k,SNH3E, 'k-. 'l
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ti t.Le (' Process ve.r i ab.Le s Snh S and Snh3E')
ylabel ( ,\, fontsi ::'.€ {8) SNH3,SNH:~E'}
xlabel('\fontsi::e{8}di..'3c:rete time k'}

subplotI5,2,6); plotlk,ERRSNH3, 'k')
title ('Est.ntation error ERRSnh3')
ylabel ( I vt ont s I ze {8} ERRSHH3' )
xlabel {•vf on t s i ce {8} d i.s cz e t.e time, k '}

subplot (5, 2,7) ;plot (k,SNH4, 'k- I, k, SNH4E, 'k-. ')
title (' Pr-oce s s variables 8nh4 lind 3nh4E')
ylabel ( r 'vf'orrt s Lz e {8} SNH4, SNH4E'}
xlabel ( ,\ f orrt s i ce {8} d i.s cr e t.e time k')

subplotI5,2,8); plotlk,ERRSNH4, 'k')
title ('Est.mation error EP.P-Snh4')
ylabel ( '\fontsize {e} ERRSNH4 ' )
xlabel ( I \ f cnt.s i ce {8} di.s cz e t.e time, k I }

subplotI5,2,9) ;plotlk,SNH5, '1:-',k,SNH5E, 'k-, ')
title (' Pr-c ce s s variables Snh5 and Snh5E ')
ylabel ( '\fontsi ze {B} SHES, SNH5E')
xlabel('\fontsize{8}disc:retf~ time k')

subplot(5,2,lO); plot (k,ERRSNH5, 'k')
title ('Estmation e r r-oz EP.RSnh5')
ylabel ( I \font size {8} ERRSNH5 ' )
xlabel ( '\font size {8} discrete time, k' )

figure (3)
subplotI5,2,1) ;plotlk,SN01, '1:-' ,k,SN01E, 'k-. ')
title (' Pr-o ce s s ve z-Le.b.lea SNOl and Sl'>JOlE')
ylabel ( I \ font size {6} SNOl, SNOlt:' )
xlabel ( I \ f ont.s ic e {S} discrete time k')

subplotI5,2,2); plotlk,ERRSN01,'k')
title ('Estrr.ation error ERESIKH 1)

ylabel ( '\font si ze {8} ERRSH(11 ' )
xlabel ( I \font size {8} discrete time, k ' 1

subplot (5, 2, 3) ;plot (k, SN02, 'J:-', k , SN02E, 'k-. ')

title (' prcce s s variables SN02 and SN02E')
ylabel ( '\fontsi ze {~3} SNQ2, SNO?:E' )
xlabel{ "vt cnt.e i ce t et o isc ret.e time k')

subplot(5,2,4); plot (k,ERRSN02, 'k')
title (' Estmation e r-ror ERRSNO~')
ylabel (' \fontsize{ 8 }ERRSN02')
xlabel ( "Vf ont s L ze {8} dd ac re t e time, k ' )

subplot (5, 2, 5) s pLot; (k, SN03, 'k-", k, SN03E, 'k-. ')
title (' Precess variables SN03 and ~~N03E')
ylabel ( I 'vf orrt s a.ze {8} 3N03, SN03E' )
xlabel('\tontsiz~{I3}(U.s(..~rete tjme k')

subplot (5, 2, 6); plot (k, ERRSN03, 'k')

title ('Estrnat.ion error EFRSN03')
ylabel ( 'Yf orrt s Lze {IJ} ERRSN03' )
xlabel ( '\font size {8} discrete tinie,}-_')

subplot (5, 2, 7) ;plot (k, SN04, 'k-', k , SN04E, 'k-.')
title (' Process variables SN04 and SN04E')
ylabel {"Vf ont.s Lz e l8} 31'104,SN04E' )
xI abel (' \fontsi 2.';:: {€I} discrete time Y.:')

subplot 15, 2, 8); plot Ik, ERRSN04, 'k')
title ('Estrnat.ion error' EI<f<..8N04')
ylabel ( "Vf ont.s Lz e (Bl ERRSN041 )

xlabel ( '\fontsi ze {8) discrete time, k ' )

subplot (5,2, 9) ; plot (k, SN05, 'k-' , k, SN05E, 1 k-". ' )
ti t.Le ( I r-roces s ve.zLab Les SHO'::'and SNCJSE1 )

ylabel ( •vrcnt s i ze {8l SNO~I, SNOSE' )
xlabel('\fontsize{8}discrete time k')

subplot 15,2,10); plot Ik, ERRSN05, 't' )
ti tle ( 'Estmat.ion error ERr<.SNO':" ')
ylabel (' \fontsi::::ePl}ERRSNCl5')
xlabel ( '\ f crrt s i.ze lB} discrete t.dme , k ' )

figure (4)
subplotI5,2,1) ;plotlk,SSl, "k -" ,k,SSlE, 'J:-. ')
title (' Pr-oce sa var Lab Le e SSl and !:;,slE ')
ylabel ( I 'vf ont.s fz.e (B) ss i ,SSlE' )
xlabel('\fontsizE"[8}discrete time k')

subplotI5,2,2); plotlk,ERRSS1, 'k')
title ('Est.mbti.on error ERR.SS1')
ylabel ( '\ tonr.st ce {a) EP,RSSl' )
xlabel ( "Yfont.s I ze (to 1di s c r et e time, k 1 )

subplotI5,2,3) ;plotlk,SS2, 'k-' ,k,SS2E, '1:-. ')
title (IPr(~ct?ss variables SS~ and SS:::!!:')
ylabel (' \ f ont.s Lz.e {8}SS:, SS2E' )
xlabel('\font.size{B}discrete time k')

subplot(5,2,4}; plot (k,ERRSS2, 'k')
ti t.Le ( I Es t.ma'ti.on e r.r or ERRS_:;2')
ylabel ( I \ fontsize {8} ERRSS2 I )

xlabel ( I \fontsize {8} d.i ac r e'te t.dme k ' )

subplot(5,2,5) iplot(k,SS3, 'k-',k,SS3E, 'k-. 'l
title (' Process var i ebr es SS3 and SS3E')
ylabel ( '\fontsize {8) sss, SS3E 1 )

xlabel ( 'Yforrt sLze I t.~j d.i s c ret e time k')

subplot (5, 2, 6); plot (k,ERRSS3, 'k')
title ('Estmation e rrc r ERRSS3')
ylabel ( '\ f crrt s i.ae {8o} ERRSS3' )
xlabel ( ,\ f orrt si.z e {8) discrete t.Lrne , k' )

subplot 15,2,7) ; plot Ik, SS4, "k-" , k , SS4E, "k-". ' )
title ( 'Process ve nf.ab l es SS4 and SS4E')
ylabel ( '\font.size {8} SS,~, SS4E: '}
xlabel{'\fontsize{8}discr.·e.te t.dme k')

subplot 15,2,8); plot Ik, ERRSS4, 'Ic' )
title ('Estmê.t.ion error ERRSS4')
ylabel ( -vrcnr.s t r.e (ti J ERRSS4')
xlabel ( ,\ f orrt siz e {8} d.i s c re't e t.dme , k' )

sUbplotI5,2,9);plotlk,SS5, 'k-',k,SS5E, 'k-. ')
title ('Pr:ocess ve rLabLe s SS'::' and SSSE')
ylabel ( "vr oncs i ce (8) SS~), SS5E' 1
xlabel (J Vf ont si.ze (8) dj.s cr et;e time k ")

subplot (5, 2,10); plot (k, ERRSS5, '}:' )
ti t.Le ( •Estma t i on erro r ERRSSS')
ylabel ( "vf ont.s Lce [B I ERRSS5 I )

xlabel ('\fontsize{t1}di.screte tirne,k')

figure (5)
subplot 15, 2,1) ;plot Ik, XSA1, 'k-' ,k, XSA1E, 'k-. ' )
ti t Le ( 'PrOCf.:;f,:S ve r Lab Le s XSAl and X::':A1E')
ylabel ( , vf ont.s.i ze (8) XSAlj XSAlE' )
xlabel('\fontsize{8}dis<::rete time k')

subplot 15, 2, 2); plot Ik, ERRXSA1, 'k')
title ('Estmation e rrc r Er,RX:':;Al')
ylabel ( '\font~.i..ze{ 8) ERRXSA1' )
xlabel ( '\font.s:i.2.e {8} d.isc ret;e ttme , 1":' )

subplot(5,2,3) ;plot(k,XSA2, 'k-',k,XSA2E, 'k-. 'l
title (' Pz oce s e ve r Lab Le s XSJ\2 and XSA2E')
ylabel ( "vf on t s Lce {B}XSA2, XSA:2E' 1
xlabel {' vr ont.s t ce {:j 1discret.e time 1:')

subplot (5, 2, 4); plot (k, ERRXSA2,'}:' )
title ('Estmation e r ro r ERRXSJ:,.2')
ylabel {•vf'on t s i. ce {l;} ERRXSA2 ' )
xlabel ( '\font.si,ze {8} discrete time,}:,'}

subplot(5,2,5) iplot{k,XSA3, 'k-',k,XSA3E, 'k-. ')
ti tle ( •Process veri.ab Ie s XSP,3 and XSA3r.-:')
ylabel ( , \ Eo nts i. ce {B} XSA3, Y:SA,3ET )

xlabel('\fontsi:::el8}dL,cret.e time J:')

subplot(5,2,6); plot(k,ERRXSA3,''k:')
title ('.Estmaticn error ERRXSA3')
ylabel ( , vf cnt.s i. ze. {8} E_RRXSA3' )
xlabel ( '\font.si::.e (8 J dd s cr-e t.e t; Lme , k ' )

subplot (5, 2, 7) i plot (k, XSA4, I k- 1, k , XSA4E, 'Y~·". ! )

ti t j e ( "Pr oce aa variables XSA4 and ZSA4S')
ylabel (' Vf ont.s ice (8) XSA4, XSj.\4E' )
xlabel('\font_si::e{S}disc!:ete time k' )

subplotI5,2,8); plotlk,ERRXSA4, 'k')
title ('Estmi.:1tic.m e r ror ERR>:SA4')
ylabel ( "vf ont.s i ze {8} ERRXS.A4 ' )
xlabel (' Vf on t.e i ce [8) dds cre t.e timer k ')

subplot(5,2,9) ;plot(k,XSA5, 'k-',k,XSA5E, ').-'. ')
title (' Process va riabLes xS.Zl,,5 and XS}\5E')
ylabel ( "vr ont s t ze {f;} XSP ...5, Y.SJ,...5E' )
xlabel('\fontsi::e{8}discret.e tinte k')

subplotI5,2,10); plotlk,ERRXSA5, 'k')
t d t.Le t t Es tmet i.on r r-o r ERR}:S~r,_S')

ylabel t ' Vf on'ts Lz e 8}ERR ...XSA:l')
xlabel ( • vf ont.s i ce 8) d'i s cr-et.e time, k I )
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3.2.Subprograms

%SUBPROGRAM rateBUCTF.m
'1sAI1'1':The program function ra.teBUC'l'F. ID ca Lcu.Le t.e s at every moment the process rates of the full UC'1'bi c l oo Lca l mode I. fOI.

the Benchmar-k process. The pr cc ram uses q Lobe L definition of the model per eme t e rs

function [ROUCTF) =rateBUCTF (Xk)
global Ks KOH KNO KNA KOA rnuH etag rnuA KMP fZBH YZH YZA KA KSA KSP !MA bH KR bA

»caj cu.l er.Lcn of t.h e pro cess .cet.ce at every moment of t.he time
il r-eë c't i.on s in t.ank 1.
ROUCTF 111~muH* IXk IBII IKs+Xk IBIII * IXk 11411 IKOH+Xk 114111 * IXk 1911 IKNA+Xk 19111 *Xk Ill;
ROUCT>'121~muH* IXklBl1 (Ks+Xk(BIII* IXkl1411 IKOH+Xk114111 * IKNAI IKNA+Xk19111 * IXk1ll11 IKNO+Xkllllll *Xklll;
ROUCTF 131 ~muH* IXk(BII IKs+Xk IBIII * IKOHI IKOH+Xk 114111 * IXk 1911 IKNA+Xk 19111 * IXk 11111 IKNO+Xkllllll *Xk Ill;
ROUCTFI41~muH* IXk IBII IKs+Xk IBIII * IKOHI IKOH+Xk 114111 * IKNAI IKNA+Xk 19111 * IXk 11111 IKNO+Xk 111111 *Xklll;
ROUCTFI51~KMP* I IXk(51/XkllII/IKSP+XkI51/Xk(1111* IXkI141/(KOH+Xkl14lll* IXkI91/(KNA+XkI9111*Xklll;
ROUCTFI61 ~KMP* I IXkl51/Xk 11111 IKSP+Xk 151/Xk 11111 * IXk 11411 (KOH+Xk(14III' IKNAI IKNA+Xk 19111 * IXk 11111 IKNO+Xk 111111 *Xk Ill;
ROUCTF 171 ~KMP* «Xk(51/Xk 11111 IKSP+Xk lSI IXk 11111 * IKOHI IKOH+Xk 114111 * IXk 191 I IKNA+Xk 19111 * IXk 11111 IKNO+Xk 111III'etag*Xklll
ROUCTF IBI~KMP* I (Xk lSI IXk 1111 I IKSP+Xk 151/Xk 11111 * IKOHI IKOH+Xk 114111 * IKNAI IKNA+XkI911I' IXkl111 I IKNO+Xk Illlll'etag*Xk Ill;
ROUCTF I 91 ~bH*Xk III ;
ROUCTF(lOI ~KA*Xk 161 *Xk III * IfMA- IXkl41 IXk 11111 ;
ROUCTFIlll~IROUCTFI51+ROUCTFI61+ROUCTFI71+ROUCTFIBII' IXk(71 /xx t i i i •
ROUCTF (121 ~KR*Xk I 101 *Xk I 11 ;
ROUCTF (131 ~UA* (Xk 11411 (KOA+Xk (14111 * (Xk (911 (KSA+Xk(9111 *Xk 121;
ROUCTF(141~bA*XkI21 ;

t' reactions in t.ank 2
ROUCTF (151 =rnuli" IXk 1221 I (Ks+Xk (22111 * (Xk 12BI I I KOH+Xk (2BIII * (Xk (231 I (KNA+Xk 123111 -xx I 151 ;
ROUCTF I l61..",uH* (Xk 1221 I IKs+Xk I 22111' IXk 12BI I IKOH+Xk 12BIII * (KNAl IKNA+Xk 123111' IXk (2511 IKNO+Xk (25111'Xk I 151 ;
ROUCTF I 171 =muït'" IXk 1221 I IKs+Xk 122111 * IKOHI (KOH+Xk (2BIII * IXk (231 I IKNA+Xk 123111 * IXk 12511 IKNO+Xk 125111 *Xk I 151 ;
ROUCTF I lBI ~muH* IXk 1221 I IKs+Xk (22111 * IKOHI (KOH+Xk 12BIII * (KNAl IKNA+Xk 123111' IXk (251 I (KNO+Xk (25111 *Xk 1151 ;
ROUCTF I 191 ~KMP* I IXk I 191 IXk 115111 IKSP+Xk I 191/Xk I 15111 * IXk 12BI I IKOH+Xk 12BIII * IXk 12311 IKNA+Xk 123111 *Xk I 151 ;
ROUCTF 1201 ~KMP* ( IXk I 191/Xk (151 II IKSP+Xk I 191 IXk (15111 * IXk 12BI I (KOH+Xk 12BIII' IKNAI IKNA+Xk 123111 * IXk 1251 I IKNO+Xk I 25111 *
Xk 1151;
ROUCTF (211 ~KMP' I IXk I 191 IXk 1151 I I IKSP+Xk I 191 IXk I 151 I 1* IKOHI IKOH+Xk I 2BII I' IXk 1231 I fKNA+Xk 12311 1* (Xk 1251 I IKNO+Xk (251 I 1*
etag*Xk (151 ;
ROUCTF(221~KMP* I IXkl191/Xkl15111 (KSP+XkI191/Xk(15111*IKOHI (KOH+Xk(281 I I*IKNAI (KNA+XkI23111*(Xk(251/(KNO+Xk(25111*
etag*Xk(15);
ROUCTFI231~bH'XkI151 ;
ROUCTF 1241 ~KA*Xk (201 *Xk I 151 * IfMA- (Xk I 181 IXk (15111 ;
ROUCTF (251 ~ (ROUCTF (191 +ROUCTF (20 I +ROUCTF 1211 +ROUCTF 1221 I' IXk (211 IXk I 151 I ;
ROUCTF 1261 ~KR'Xk 1241 'Xk (151 ;
ROUCTF 1271 ~muA' IXk 12BI I IKOA+Xk (2BIII * IXk (231 I IKSA+Xk 123111 *xk I 161 ;
ROUCTF(2BI~bA*Xk(161 ;

1" reactions in t.ank 3
ROUCTF 1291 =mult" (Xk 1361 I (Ks+Xk 136111 * IXk I 421 I (KOH+Xk 142111 * IXk 1371 I IKNA+Xk 137111 *Xk 1291 ;
ROUCTF 1301 ~uH* IXk (3611 (Ks+Xk (36111 * IXk (421 I (KOH+Xk (421 II * (KNAl (KNA+Xk 137111 * IXk (391 I (KNO+Xk (39111 *Xk (291 ;
ROUCTF 13ll..",uH* (Xk 1361 I (Ks+Xk 136111 * (KOHl IKOH+Xk I 42111' IXk (371 I IKNA+Xk 137111 * IXk (391 I IKNO+Xk (39111 *Xk (291 ;
ROUCTF 1321 -mux- IXk 1361 I (Ks+Xk I 36111' (KOHl IKOH+Xk (42111 * IKNAI (KNA+Xk 137111 * (Xk 1391 I (KNO+Xk 139111 *Xk (291 ;
ROUCTF (331 ~KMP' I IXk (331/Xk 12911 I (KSP+Xk (331/Xk 129111' (Xk 1421 I IKOH+Xk (42111 * IXk (371 I (KNA+Xk (3711 I 'Xk 1291 ;
ROUCTF (341 ~KMP' ( IXk 1331/Xk 129111 IKSP+Xk I 331/Xk 129111 * (Xk (4211 IKOH+Xk 142111 * IKNAI IKNA+Xk 137111 * IXk 13911 IKNO+Xk (39111 '
Xk(291;
ROUCTF 1351 ~KMP* ( IXk (331/Xk (291 II IKSP+Xk 1331/Xk (29111 * IKOHI IKOH+Xk 142111 * IXk 13711 IKNA+Xk (37111 * IXk (3911 IKNO+Xk 139111 *
etag*Xk (29);
ROUCTF (361 ~KMP' ( (Xk (331/Xk 129111 (KSP+Xk (331/Xk 129111 * (KOHl (KOH+Xk I 42111 * (KNAl IKNA+Xk (37111 * IXk I 3911 IKNO+Xk (391 II *
etag*Xk(29) ;
ROUCTFI371~bH*Xk(291 ;
ROUCTF 13BI ~KA*Xk 1341 *Xk 1291' IfMA- (Xk (321/Xk 129111;
ROUCTF (3 91 ~ (ROUCTF 1331 +ROUCTF 1341 +ROUCTF 1351 +ROUCTF 1361 1* IXk 1351/Xk 1291 I ;
ROUCTF (401 ~KR*Xk 1381 *Xk (291 ;
ROUCTF 1411 ~muA* IXk (4211 IKOA+Xk 142111 * (Xk (3711 IKSA+Xk 137111 *Xk (301;
ROUCTF (421 ~bA*Xk (301 ;
l reactions in tank 4
ROUCTF I 431 =rnuj+e IXk (5011 IKs+Xk ISO III * IXk (5611 IKOH+Xk 156111 * IXk 15111 (KNA+Xk 151111 *Xk (431 ;
ROUCTF (4 41 =rnulï" (Xk 1501 / IKs+Xk 150111 * (Xk (5611 (KOH+Xk 1561 II' (KNAl IKNA+Xk (51111 * (Xk 15311 IKNO+Xk (53111 *Xk 1431 ;
ROUCTF I 451 ~muH' (Xk (5011 IKs+Xk (50111 * IKOHI (KOH+Xk 156111 * IXk (5111 IKNA+Xk 151111' (Xk (5311 IKNO+Xk 153111 *Xk (431 ;
ROUCTF (4 61 =mud" (Xk (5011 IKs+Xk I 50) II ' IKOHI IKOH+Xk (56111 * (KNAl IKNA+Xk (51111 * IXk 15311 IKNO+Xk 153111 *Xk I 431 ;
ROUCTF (471 ~KMP' ( (Xk (471/Xk (43111 (KSP+Xk (471/Xk 143111 * IXk (561 / IKOH+Xk (56111 * (Xk 15111 (KNA+Xk 15111 I *Xk I 431 ;
ROUCTF (4BI ~KMP* I (Xk (4 71/xk 143111 IKSP+Xk (4 71/xk (43111' (Xk (5611 (KOH+Xk 156111 * (KNAl IKNA+Xk (51111 * IXk (5311 (KNO+Xk (53111 *
Xk(431;
ROUCTF 1491 ~KMP* ( IXk I 471/Xk (43111 IKSP+Xk (4 71/Xk I 43111' (KOHl IKOH+Xk (5611 1* (Xk (5111 IKNA+Xk (51111 * (Xk (5311 IKNO+Xk (53111 *
etag*Xk (43);
ROUCTF (501 ~KMP* ( IXk I 471/Xk 143111 (KSP+Xk (471/Xk 143111 * IKOHI IKOH+Xk 156111 * IKNAI IKNA+Xk 151111 * IXk (5311 (KNO+Xk 153111 *
etag*Xk(43) ;
ROUCTF(5ll~bH*Xk(431 ;
ROUCTF (521 ~KA*Xk (4BI *Xk 14 31 * IfMA- (Xk (461/Xk (43111 ;
ROUCTF (531 ~ (ROUCTF (471 +ROUCTF I 4BI +ROUCTF (491 +ROUCTF (5011 * (Xk 1491/Xk 14311 ;
ROUCTF(541~KR'Xk(52I'Xk(431 ;
ROUCTFI551=mUA* IXk(5611 IKOA+Xk(56111* IXk(5lll IKSA+Xk(5llll*Xk(441;
ROUCTF 1561 ~bA*Xk 1441 ;

~, reactions in r.anj; 5
ROUCTF (571 =muH* IXk (6411 (Ks+Xk I 64111 * (Xk (7011 (KOH+Xk 170111 * (Xk 16511 (KNA+Xk I 65111 *Xk(571 ;
ROUCTF (581 =muft" (Xk (6411 (Ks+Xk I 64111 * (Xk 17011 IKOH+Xk (70111' (KNAl IKNA+Xk I 6511 1* IXk (6711 IKNO+Xk I 67111 *Xk 1571 ;
ROUCTF 1591 =mufi' IXk 16411 (Ks+Xk (64111 * IKOHI (KOH+Xk (70111 * IXk (6511 IKNA+Xk (65111 * IXk (6711 (KNO+Xk 167111 *Xk (571 ;
ROUCTF (601 =mude (Xk (6411 IKs+Xk I 64111 * IKOHI IKOH+Xk 170111 * IKNAI IKNA+Xk 165111 * IXk (6711 IKNO+Xk (67111 *Xk 1571 ;
ROUCTF (611 ~KMP* ( (Xk I 6ll/Xk 157111 (KSP+Xk (6ll/Xk 157111' (Xk (7011 IKOH+Xk (70111 * IXk 16511 IKNA+Xk (65111 *Xk (571 ;
ROUCTF (621 ~KMP* I (Xk I 611/Xk (57111 IKSP+Xk I 6ll/Xk (57111 * IXk 17011 (KOH+Xk 170111' (KNAl IKNA+Xk (65111 * (Xk (6711 (KNO+Xk I 67111 *
Xk (571;
ROUCTF I 631 ~KMP* I (Xk I 6ll/Xk 1571 II IKSP+Xk (6ll/Xk (5711 I * (KOHl IKOH+Xk 170 II I' IXk (6511 IKNA+Xk 1651 I 1* (Xk (6711 IKNO+Xk I 67111 '
etag*Xk(57) ;
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ROUCTF(64)-KMP* ((Xk(61)/Xk(57) )/(KSP+Xk(61)/Xk(57)))* (KOHl (KOH+Xk(70) ) )*(KNA/(KNA+Xk(65))) * (Xk(67)/(KNO+Xk(67)))'
etag*Xk (57) ;
ROUCTF(65)-bH'Xk(57);
ROUCTF (66) -KA'Xk (62) -xx (57)' (fMA- (Xk (60) IXk (57) ) ) ;
ROUCTF(67)-(ROUCTF(61)+ROUCTF(62)+ROUCTF(63)+ROUCTF(64))'IXk(63)/Xk(57));

ROUCTF(6B)-KR*Xk(66) 'Xk(57);
ROUCTF (69) =muA* IXk (70) I (KOA+Xk (70)))* (Xk (65) I IKSA+Xk (65))) *Xk (SB) ;

ROUCTF(70)-bA*Xk(5B) ;
avect.cr c.r t.he process 1:·:;:./;;':5

ROUCTF- [ROUCTF (1) ;ROUCTF (2) ;ROUCTF (3) ,ROUCTF (4) ;ROUCTF (5) ;ROUCTF (6) ,ROUCTF (7) ;ROUCTF (B) ;ROUCTF I 9) ;ROUCTF (10) ; ROUCTF (11)

;ROUCTF (12) ;ROUCTF (13) ;ROUCTF (14) ;
ROUCTF(15) ;ROUCTF(16) ,ROUCTF(17) ;ROUCTF(lB) ;ROUCTF(19) ;ROUCTF(20) ;ROUCTF(21) ;ROUCTF(22) ;ROUCTF(23) ;ROUCTF(24);

ROUCTF(25) ;ROUCTF(26) ;ROUCTF(27) ;ROUCTFI2B);
ROUCTF(29) ;ROUCTF(30) ;ROUCTF(31) ;ROUCTF(32) ;ROUCTF(33) ;ROUCTF(34) ;ROUCTF(35) ;ROUCTF(36) ;ROUCTF(37) ;ROUCTF(3B);

ROUCTF(39) ;ROUCTF(40) ;ROUCTF(H) ;ROUCTF(42);
ROUCTF(43) ;ROUCTF(44) ;ROUCTF(45) ;ROUCTF(46) ,ROUCTF(47) ,ROUCTF(4B) ,ROUCTF(49) ;ROUCTF(50) ;ROUCTF(51) ;ROUCTF(52);

ROUCTF(53) ;ROUCTF(54) ;ROUCTF(55) ;ROUCTF(56);
ROUCTF (57) ;ROUCTF (SB) ,ROUCTF (59) ;ROUCTF (60) ;ROUCTF (61) ; ROUCTF (62) ;ROUCTF (63) ; ROUCTF (64) ;ROUCTF I 65) ;ROUCTF I 66) ;

ROUCTF(67) ;ROUCTF(6B) ;ROUCTF(69) ;ROUCTF(70));

%SOBPROG~~ prateBOCTR.m
\:AIM:The p r oqz am function pr':"itt'?BUCTR.m c a l cu.l.e t.e s at. every moment. t he funct.ion PI wh i.ch mu lt i.p l t e s the e s t.Lrnat.e d

parameters fOI: the reduced (JeT b Lo Loqa ca I mode I and Benchme r k p i-o ce s s •

~The program uses global def i.n.i t.Lcn of the model parameters

function [Pk] =prateBUCTR (Xk, Uk, XBHk, XBAk, XSEk)
global Ks KOH KNO KNA KOA muH etag muA KMP fZBH YZH YZA KA KSA KSP fMA bH KR bA

Z;Calculation of t.ue proces s rates runct.Lon Pk at. evezy moment of t he time

Pll= (Xk(3) I (Ks+Xk(3)))* (Uk (1) I (KOH+Uk (1) ))' (Xk (1) I (KNA+Xk (1))) 'XBHk(l) ,
P12- (Xk (3) I IKs+Xk (3) ) ) * (Uk (1) I (KOH+Uk (1) ) ) • (KNAl IKNA+Xk (1) ) ) • (Xk (2) I IKNO+Xk (2) ) ) *XBHk (1) ;
P13= (Xk(3) I (Ks+Xk (3)))' (KOHl (KOH+Uk (1))) * (Xk (1) I (KNA+Xk (1))) * (Xk (2) I IKNO+Xk (2))) 'XBHk (1);
P14- IXk (3) I (Ks+Xk (3) ) )' (KOHl (KOH+Uk Il) ) ) • (KNAl (KNA+Xk (1) ) ) * (Xk (2) I (KNO+Xk (2) ) ) 'XBHk Il) ;
P15= I IXk (4) IXBHk (1)) I (KSP+Xk(4) IXBHk (1))) * (Uk (1) I (KOH+Uk (1)))' (Xk (1) I (KNA+Xk(l))) 'XBHk (1);
P16= ((Xk(4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1)))' (Uk (1) I (KOH+Uk (1)))' (KNAl (KNA+Xk Il)))' IXk (2) I IKNO+Xk (2))) 'XBHkl 1),
P17- ( (Xk (4) IXBHk I 1) ) I IKSP+Xk (4) IXBHk (1) ) )' IKOHI I KOH+Uk I 1) ) ) * IXk I 1) I IKNA+Xk I 1)) )' (Xk (2) I IKNO+Xk (2) ) ) 'etag'XBHk I 1) ,
PlB- I (Xk (4) IXBHk I 1) ) I IKSP+Xk (4) IXBHk (1) ) ) * IKOHI (KOH+Uk (1)) ) * (KNA/ IKNA+Xk (1) ) )' (Xk (2) I IKNO+Xk (2) ) )'etag'XBHk Il) ;

P19=XSEkll) *XBHk (1)* IfMA- IXk (4) IXBHk Il)));
r n o- (Uk(l) I IKOA+Uk(l)))' IXk(l) I IKSA+Xkll))) 'XBAkll);
Plk-[Pll 0 0 0;P12 0 0 O;P13 0 0 O,P14 0 0 0,0 P15 0 0;0 P16 0 0;0 P17 0 0;0 P1B 0 0;0 0 P19 0;0 0 0 PllOJ;

)6 tank 2
P21= (Xk (7) I (Ks+Xk (7) ) ) * (Uk (2) I IKOH+Uk (2) ) ) , (Xk (5) I (KNA+Xk (5) ) ) *XBHk (2) ;
P22- (Xk(7) I (Ks+Xk(7))) * (Uk(2) I (KOH+Uk (2))) * (KNAl (KNA+Xk(5))) * (XkI6) I IKNO+Xk(6))) *XBHk(2);
P23- (Xk (7) I (Ks+Xk (7) ) ) * (KOHl (KOH+Uk (2) ) ) , (Xk 15) I (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) )) 'XBHk (2) ;

P24- (Xk (7) I IKs+Xk (7) ) ) * (KOHl (KOH+Uk (2) ) ) * IKNAI (KNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *XBHk (2) ;
P25- ( (Xk (B) IXBHk (2)) I (KSP+Xk (B) IXBHk (2)))' (Uk (2) I IKOH+Uk(2))) * (Xk (5) I (KNA+Xk (5))) *XBHk (2);
P26= ((Xk (8) IXBHk (2)) I (KSP+Xk IB) IXBHk(2)))' (Uk (2) I IKOH+Uk (2))) * (KNAl (KNA+Xk (5)))' IXk (6) I (KNO+Xk(6))) 'XBHk (2);
P27- I (Xk (B) IXBHk (2)) I (KSP+Xk IB) IXBHk (2))) * IKOHI (KOH+Uk (2))) * (Xk (5) I IKNA+Xk 15))) * (Xk (6) I (KNO+Xk (6))) 'etag'XBHk(2);
P2B- ( (Xk (B) IXBHk (2) ) I (KSP+Xk (B) IXBHk (2) ) ) * (KOHl (KOH+Uk (2)) ) * (KNAl (KNA+Xk (5) ) )* (Xk (6) I (KNO+Xk (6) ) ) *etag'XBHk (2) ;

P29=XSEk (2) *XBHk (2) , IfMA- IXk (B) IXBHk (2) ) ) ;
P210- (Uk (2) I (KOA+Uk (2))) * (Xk(S) I (KSA+Xk (5))) *XBAk (2);
P2k=[P210 0 0;P22 0 0 0;P23 0 0 0;P24 0 0 0;0 P25 0 0;0 P26 0 0;0 p27 0 0;0 P2B 0 0;0 0 P29 0;0 0 0 P210J;

1, tank 3
P31- (Xk(ll) I (Ks+Xk (11)))* lUk (3) I (KOH+Uk (3))) * (Xk (9) I IKNA+Xk (9))) *XBHk (3);
P32- (Xk (11) I (Ks+Xk (11) ) ) , (Uk (3) I (KOH+Uk (3) ) ) * (KNAl (KNA+Xk (9) ) ) * (Xk (10) I IKNO+Xk (10) ) ) *XBHk (3) ;
P33- (Xk (11) I IKs+Xk (11) ) ) , (KOHl (KOH+Uk (3) ) ) * (Xk (9) I I KNA+Xk (9) ) ) * IXk I 10) I IKNO+Xk 110) ) ) 'XBHk (3) ;
P34= (Xk (11) I (Ks+Xk (11) )) * (KOHl (KOH+Uk (3)) ) * (KNAl (KNA+Xk (9) ) ) * IXk I 10) I (KNO+Xk (lO)))*XBHk (3) ;
P3S- ( (Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3) ) )' (Uk (3) I (KOH+Uk (3) ) ) * (Xk I 9) I (KNA+Xk (9) ) )'XBHk (3) ;
P36- ((Xk (12) IXBHk (3)) I (KSP+Xk (12) IXBHk (3))) * (Uk (3) I (KOH+Uk (3))) * (KNAl IKNA+Xk (9))) * (Xk IlO) I (KNO+Xk (10))) 'XBHk(3);
P37= ( (Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3) ) i- IKOHI (KOH+Uk (3)))' (Xk (9) I (KNA+Xk (9) ) ) * (Xk (10) I (KNO+Xk (10)) ) *etag*XBHk (3) ;
P3B- I (Xk (12) IXBHk (3) ) I (KSP+Xk (12) IXBHk (3) ) ) * (KOHl (KOH+Uk (3) ) ) * (KNAl (KNA+Xk I 9) ) )' IXk (10) I (KNO+Xk IlO) ) ) 'etag'XBHk (3) ;

P39-XSEk(3)*XBHk(3)* (fMA-(Xk(12)/XBHk(3)));
P310= (Uk (3) I (KOA+Uk (3) ) ) * IXk (9) I (KSA+Xk (9) ) ) 'XBAk (3) ;
P3k-[P310 0 0;P32 0 0 0;P33 0 0 0;P34 0 0 0;0 P35 00;0 P36 0 0;0 P37 0 0;0 P3B 0 0;0 0 P39 0;0 0 0 P310J;

P41-(XkI15)1 IKs+Xk(15)))* (UkI4)1 IKOH+Uk(4)))' (Xk(13)/(KNA+XkI13)) )'XBHk(4);
P4 2- (Xk (15) I (Ks+Xk (15) ) ) * lUk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) ) ) * (Xk (14) I (KNO+Xk (14) ) ) 'XBHk (4) ;
P4 3= (Xk (15) I (Ks+Xk (15) ) ) , IKOHI (KOH+Uk (4) ) ) * (Xk (13) I (KNA+Xk (13) ) ) * (Xk (14) I (KNO+Xk (14) ) ) *XBHk (4) ;
P44- IXk (15) I (Ks+Xk (15) ) ) * (KOHl (KOH+Uk (4) ) ) * (KNAl IKNA+Xk (13) II' (Xk (14) I (KNO+Xk (14) ) ) 'XBHk (4) ;
P45- ( (Xk (16) IXBHk (4) ) I (KSP+Xk (16) IXBHk (4) ) ) , (Uk (4) I (KOH+Uk (4) ) ) , IXk (13) I (KNA+Xk (13) ) ) *XBHk (4) ;
P46-( (Xk(16)/XBHk(4))1 IKSP+Xk(16)/XBHk(4)) )*(Uk(4) I (KOH+Uk(4)))* (KNA/(KNA+Xk(13)))' (Xk(14) I (KNO+Xk(14) ) )'XBHk(4);
P4 7- ( (Xk (16) IXBHk (4) ) I (KSP+Xk I 16) IXBHk (4) ) ) , IKOHI (KOH+Uk (4) ) ) * (Xk (13) I (KNA+Xk (13) ) ) * (Xk (14) I IKNO+Xk (14) ) ) 'etag*XBHk (4) ;

P4B= ((Xk (16) IXBHk (4)) I (KSP+Xk (16) IXBHk(4))) * (KOHl IKOH+Uk(4)) )' (KNAl (KNA+Xk(13))) * (Xk(14) I (KNO+Xk (14))) *etag'XBHk(4);

P49~XSEk(4) *XBHk (4) * (fMA- (Xk (16) IXBHk (4))),
PHO-(Uk(4) IIKOA+Uk(4)))* (Xk(13) I (KSA+Xk (B) ) )*XBAk(4);
P4k-[P41 0 0 0;P42 0 0 0;P43 0 0 O;P44 0 0 0;0 P45 0 0;0 P46 0 0;0 P47 0 0;0 P4B 0 0;0 0 P49 0;0 OOPHO];

~ reactions in tank 5
P51- (Xk (19) I (Ks+Xk (19) ) ) * (Uk (5) I (KOH+Uk (5) ) ) * (Xk (17) I (KNA+Xk (17) ) ) 'XBHk (5) ;
P52- (Xk (19) I IKs+Xk I 19) ) ) * (Uk 15) I (KOH+Uk 15) ) ) * (KNAl (KNA+Xk (17) ) ) * IXk 11B) I (KNO+Xk (lB) ) ) *XBHk 15) ;
P53- (Xk (19) I (Ks+Xk (19) ) ) * (KOHl IKOH+Uk (5) ) ) , IXk (17) I (KNA+Xk (17) ) ) * (Xk I lB) I (KNO+Xk (18) ) ) 'XBHk 15) ;
P54- (Xk (19) I (Ks+Xk (19) ) ) • (KOHl IKOH+Uk (5) ) ) , IKNAI (KNA+Xk (17) ) ) * (Xk (lB) I (KNO+Xk (lB) ) ) 'XBHk (5) ;
P55- I (Xk (20) IXBHk (5) ) I IKSP+Xk (20) IXBHk 15) ) ) , (Uk (5) I (KOH+Uk 15) ) ) , IXk (17) I IKNA+Xk (17) ) ) 'XBHk (5) ;
P56~( (Xk (20) IXBHk (5) ) I IKSP+Xk (20) IXBHk (5))) * (Uk (5) I IKOH+Uk (5))) * IKNAI (KNA+Xk (17))) * (Xk (lB) I (KNO+Xk (lB))) *XBHk(5);
P57- ((Xk (20) IXBHk (5)) I (KSP+Xk(20) IXBHk (5)))' (KOHl IKOH+Uk (5)))' (Xk (17) I IKNA+Xk(17)))* (Xk 11B) I (KNO+Xk(18))) *eSi'g'XBHk (5);
P5B- ( (Xk (20) IXBHk (5)) I (KSP+Xk (20) IXBHk (5) ) )' IKOHI (KOH+Uk (5) ) ) * IKNAI (KNA+Xk (17)) ) * (Xk (lB) I IKNO+Xk (lB)) ) 'etag'XBHk 15) ;

P59-XSEk(5)'XBHk(5)* (fMA-(Xk(20)/XBHkI5)));
P510-muA* (Uk IS) I (KOA+Uk (5) ) ) * (Xk (17) I IKSA+Xk (17) ) )'XBAk (5) ;
P5k-[P51 0 0 0;P52 0 0 0;P53 0 0 0;P54 0 0 0;0 P55 0 0;0 P56 0 0;0 P57 0 0;0 P5B 0 0;0 0 P59 0;0 OOPSlO];

Pk-[Plk;P2k;P3k;P4k;PskJ;
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%SOBPROGRP.M rateBOCTE.m
'i_;;AIM:The p z-oqram functi.on rateBUCTE. m cë Lcu Le t.e s et; every moment the process rates us i.nq the eet.Lrnet.ed ve Lue e of t.he
parameters for the reduced veT b i.o Loqu ce L rnode I and the Benchma r k process.

:~The p.roq'r am uses global defini t.Lon of the model pa.r ame t.e r s

function [ROBUCTE] ~rateBUCTE IXk, Uk, XBHk, XBAk, XSEk, thetak)
global Ks KOH KNO KNA KOA muH etag mllA KMP fZBH YZH YZA KA KSA KSP fMA bH KR bA

ê Ce Lcu Ie t.Lon of the process rates at every moment of t.he time
'!. reactions in t.e.nk 1
ROUCT (1) =t he t.ak (1)' (Xk (3) I (Ks+Xk (3) ))' (Uk (1) I (KOH+Uk (1)))' (Xk(l) I (KNA+Xk Il) )) 'XBHk(l);
ROUCT (2) =t he t ak (1)' (Xk (3) I (Ks+Xk (3)))' (Uk (1) I (KOH+Uk (1))) * (KNAl (KNA+Xk (1))) * (Xk (2) I (KNO+Xk (2))) 'XBHk (1);
ROUCT (3)~thetak (1)' (Xk (3) I (Ks+Xk (3»)' (KOHl (KOH+Uk Il)))' (Xk (1) I (KNA+Xk (1»)' (Xk (2) I (KNO+Xk (2») 'XBHk (1);
ROUCT 14 r=t.net.ek (1)' IXk (3) I (Ks+Xk(3) )' (KOHl (KOH+Uk (1»))' (KNAl (KNA+Xk (1»)' (Xk (2) I (KNO+Xk(2») 'XBHk Il);
ROUCT (5)~thetak (2)' ((Xk (4) IXBHk (1)) I (KSP+Xk (4) IXBHk (1»)' (Uk Il) I (KOH+Uk(l»))' (Xk (1) I (KNA+Xk (1)) 'XBHk (1),
ROUCT (6)-thetak (2)' ((Xk (4) IXBHk('l» I (KSP+Xk (4) IXBHk (1) )' (Uk (1) I (KOH+Uk (1»)' (KNAl (KNA+Xk (1)))' (Xk(2) I (KNO+Xk (2»)'
XBHk (1) ;

ROUCT (7)~thetak (2) * ((Xk (4) IXBHk (1») I (KSP+Xk (4) IXBHk (1»))' (KOHl IKOH+Uk (1») * (Xk (1) I (KNA+Xk (1)))' (Xk(2) I (KNO+Xk (2)))'
etag*XBHk (1) ;

ROUCT(8)~thetak(2) * ((Xk(4)/XBHk(1)) I (KSP+Xk(4)/XBHkll» )'(KOH/(KOH+Uk(l)))* IKNAI (KNA+Xk(l)))* (Xk(2)1 (KNO+XkI2)))*
etag*XBHk (1) ;
ROliCT (9) =t.he t ak (3) 'XSEk (1) 'XBHk (1) • (fMA- (Xk (4) IXBHk (1) ) ) ;
ROUCT ( 10) =t.he t ak ( 4 ) • (Uk (1) I (KOA+Uk ( 1) ) ) * (Xk ( 1 ) I (KSA+Xk Il) ) ) *XBAk I 1) ,

f reactions in tank 2
ROUCT (ll)~thetak (1)' (Xk (7) I IKs+Xk (7)))' (Uk (2) I (KOH+Uk (2)))' (Xk (5) I (KNA+Xk (5») *XBHk (2);
ROUCT (12) =t.he t ak (1)' (Xk (7) I (Ks+Xk (7)) * (Uk (2) I (KOH+Uk (2))' (KNAl (KNA+Xk (5))) * (Xk (6) I (KNO+Xk (6»)) 'XBHk (2);
ROUCT (13) =t.he t ak (1) • (Xk (7) I (Ks+Xk (7) ) ) • (KOHl (KOH+Uk (2)) ) • (Xk (5) I (KNA+Xk (5) ) ) • (Xk (6) I (KNO+Xk (6) ) ) 'XBHk (2) ;
ROUCT (H) =t.he t ak (1) * (Xk (7) I (Ks+Xk (7) ) )' (KOHl (KOH+Uk (2) ) ) * IKNAI IKNA+Xk (5) ) ) * (Xk (6) I (KNO+Xk (6) ) ) 'XBHk (2) ,
ROUCT (15)~thetak (2)' ((Xk (8) IXBHk (2) ) I (KSP+Xk (B) IXBHk (2))' (Uk (2) I (KOH+Uk (2) )' (Xk (5) I (KNA+Xk(5))) 'XBHk (2);

ROUCT (16) =t.he t a k (2)' ( (Xk (8) IXBHk (2) ) I (KSP+Xk (8) IXBHk (2) ) )' (Uk (2) I (KOH+Uk (2) ) ) • (KNAl (KNA+Xk (5) ) ) * IXk (6) I (KNO+Xk (6) ) ) ,
XBHk(2);

ROUCT (17)-thetak (2)' ((Xk (8) IXBHk(2)) I (KSP+Xk (B) IXBHk (2»)) * (KOHl (KOH+Uk (2))' (Xk (5) I (KNA+Xk (5»)) * (Xk( 6) I (KNO+Xk (6»)) *
etag*XBHk (2) ;

ROUCT (18) =t.he t a k (2)' ( (Xi< (8) IXBHk (2) ) I IKSP+Xk (8) IXBHk (2) ) ) * IKOHI IKOH+Uk (2) ) )' (KNAl (KNA+Xk 15) ) ) * (Xk (6) I (KNO+Xk (6) ) ) *
etag*XBHk (2) ;
ROUCT (19) =t he t ak (3) *XSEk (2) *XBHk (2) * (fMA- (Xk (8) IXBHk (2) ) ) ;
ROUCT (20) =t.he t.e k (4)' lUk 12) I IKOA+Uk (2) ) )' (Xk 15) I (KSA+Xk (5) ) ) 'XBAk 12) ,
~ reactions in tank 3
ROUCT (21) =t.he t ak (1) * (Xk Ill) I (Ks+Xk (11»)' lUk (3) I (KOH+Uk (3))) * IXk I 9) I (KNA+Xk (9») 'XBHk (3),
ROUCT (22) =t he t a k (1)' (Xk (11) I (Ks+Xk (11) I)' (Uk (3) I (KOH+Uk (3) ) )' (KNAl (KNA+Xk (9) ) )' (Xk (10) I (KNO+Xk (10) ) ) 'XBHk (3) ;
ROUCT (23)~thetak (1) * (Xk (11) I (Ks+Xk (11»)) * (KOHl (KOH+Uk (3») * (Xk (9) I (KNA+Xk (9)))' (Xk(10) I (KNO+Xk( 10) ))'XBHk (3);
ROUCT (24) =t.he t a k (1)' (Xk (11) I IKs+Xk (11)) ) * (KOHl (KOH+Uk (3)))' (KNAl (KNA+Xk I 9))) • IXk (lO) I (KNO+Xk (10 )))'XBHk (3) ;
ROUCT (25) =t he t a k (2)' ((Xk (12) IXBHk 13)) I (KSP+Xk (12) IXBHk(3)))' (Uk(3) I IKOH+Uk (3)))' (Xk (9) I (KNA+Xk (9))) *XBHk(3);

ROUCT (26) =t he t ak (2)' ((Xk(12) IXBHk(3)) I (KSP+Xk (12) IXBH1< (3)))' (Uk(3) I IKOH+Uk (3))' (KNAl IKNA+Xk (9))) * IXk (lO) I (KNO+Xk (10)))
*XBHk(3),

ROUCT (27) =t he t ak (2) * ((Xk(12) IXBHk (3)) I (KSP+Xk (12) IXBHk (3)))' (KOHl (KOH+Uk (3)))' IXk(9) I (KNA+Xk(9)))' (Xk (lO) I (KNO+Xk (10)))
*etag*XBHk (3);

ROUCT(28)~thetak(2)' ((Xk(12)/XBHk(3))/(KSP+Xk(12)/XBHk(3)))* (KOHl IKOH+Uk(3)))'(KNA/(KNA+XkI9)))' IXk(10)1 IKNO+Xk(10)))'
etag"'XBHk (3) ;
ROUCT (29)~thetak (3) *XSEk (3)'XBHk (3)' (fMA- (Xk (12) IXBHk (3»)),
ROUCT(30)~thetak(4)* (Uk(3)/(KOA+Uk(3)))* (Xk(9)1 (KSA+Xk(9)))'XBAk(3);

::0 reactions in t.e nk 4
ROUCT (31) =t he t a k (1) * (Xk (15) I (Ks+Xk (15) ) ) • (Uk (4) I (KOH+Uk (4)) ) • (Xk (13) I (KNA+Xk (13) ) ) 'XBHk (4) ;

ROUCT (32) =t.he t ak (1) • (Xk (15) I (Ks+Xk (15) ) ) * (Uk (4) I (KOH+Uk (4)) ) • (KNAl IKNA+Xk (13)) ) * IXk (14) I (KNO+Xk (14) ) ) *XBHk (4) ;
ROUCT(33)=thetak(1)* IXk(15)1 IKs+Xk(15))) * (KOH/(KOH+Uk(4)))' (Xk(13)1 (KNA+Xk(13)))'(Xk(14)1 (KNO+Xk(14)))*XBHkI4),
ROUCT (34) =t he t e k (1) • (Xk (15) I (Ks+Xk (15) ) ) * (KOHl (KOH+Uk (4) )) • IKNAI (KNA+Xk (13) ) ) , IXk (14) I IKNO+Xk (14) )) *XBHk (4) ;
ROUCT (35) =t.he t e k (2)' ((Xk(16) IXBHk (4)) I (KSP+Xk (16) IXBHk (4))) * lUk (4) I (KOH+Uk (4)))' (Xk(13) I (KNA+Xk (B))) *XBHk (4),
ROUCT (36) =t.he t ak (2) • ( (Xk (16) IXBHk (4) ) I (KSP+Xk (16) IXBHk (4)) ) • (Uk (4) I (KOH+Uk (4) ) ) * (KNAl (KNA+Xk (13) )) *
(Xk (H) I (KNO+Xk (14)))'XBHk (4);

ROUCT(37)=thetakI2)* ((XkI16)/XBHk(4))/(KSP+Xk(16)/XBHkI4)))' (KOHl (KOH+Uk(4)))* (XkI13)1 IKNA+Xk(13)))'
(Xk (14) I (KNO+Xk (14) ) ) 'etag'XBHk (4) ,

ROUCT (38) <t.he t ak (2)' I (Xk (16) IXBHk (4)) I (KSP+Xk (16) IXBHk (4)))' (KOHl (KOH+Uk (4) ) )' (KNAl (KNA+Xk (13)) )' (Xk (14) I IKNO+Xk (14)) ) ,
etag*XBHk (4) ;

ROUCT (39) =t.he t e k (3) *XSEk (4) *XBHk (4) * (fMA- (Xk (16) IXBHk (4))) ;
ROUCT (40)~thetak(4) * lUk (4) I (KOA+Uk(4))) * (Xk (13) I (KSA+Xk (13))) *XBAk (4);

~ reect.Lons Ln t.ar.): 5
ROUCT (41)=thetak (1)* (Xk(19) I (Ks+Xk (19))) * (Uk(5) I (KOH+Uk (5»)) * (Xk I 17) I (KNA+Xk (17))) *XBHk 15);

ROUCT (42)~thetak (1) * (Xk (19) I (Ks+Xk (19)))' (Uk (5) I (KOH+Uk (5)))' (KNAl (KNA+Xk(17))) * (Xk (lB) I (KNO+Xk (18)))'XBHk (5);
ROUCT (43) =t.he t.ak (1) , (Xk (19) I IKs+Xk (19) ) ) * (KOHl (KOH+Uk (5) ) ) , (Xk (17) I (KNA+Xk (17) )) • (Xk (18) I IKNO+Xk I 18) ) ) *XBHk (5) ;
ROUCT (44) =t.he t ak I 1) * (Xk (19) I IKs+Xk (19))) * IKOHI (KOH+Uk (5)))' (KNAl (KNA+Xk (17))) * (Xk (lB) I (KNO+Xk (18)) )'XBHk (5),
ROUCT (4S)~thetak (2) * ((Xk (20) IXBHk (5)) I (KSP+Xk (20) IXBHk(S)))' (Uk IS) I (KOH+Uk IS) II' (Xk (17) I (KNA+Xk (17))) *XBHk 15);
ROUCT (46)~thetak (2) * ((Xk (20) IXBHk (5)) I (KSP+Xk (20) IXBHk (5))) * (Uk IS) I (KOH+Uk (5) II' (KNAl (KNA+Xk (17))) * (Xk(lB) I (KNO+Xk (18»)
) *XBHk (5) ;

ROUCT(47)=thetak(2)* I IXk(20)/XBHk(5))1 (KSP+Xk(20)/XBHk(5) ))* (KOHl (KOH+Uk(5)))* (Xkl17)/(KNA+Xkl17)))' (Xk(18)1 (KNO+Xk(18)
))'etag'XBHk (5);

ROUCT(48)~thetak(2)' ((Xk(20) IXBHk(S)) I (KSP+Xk (20) IXBHk(5)))' (KOHl (KOH+Uk(S)))' (KNAl (KNA+Xk(17)))' (Xk(lB) I (KNO+Xk(lB)))'
etag*XBHk (5) ;
ROUCT (49) =t he t ak (3) 'XSEk (5) 'XBHk (5) • (fMA- (Xk (20) IXBHk (5)) ) ,
ROUCT (50)~thetak (4)' (Uk (5) I (KOA+Uk (5))) * (Xk(17) I (KSA+Xk (17))) *XBAk(5);

.Vect.or of t.he proco s s ra t ea
ROBUCTE~ [ROUCT (1) ,ROUCT (2) ;ROUCT (3) ,ROUCT (4) ,ROUCT (5) ; ROUCT I 6) ;ROUCT (7) ,ROUCT (B) ;ROUCT (9) ; ROUCT (10) ; ROUCT (11) ; ROUCT (12)
;ROUCT (13) ; ROUCT (H) ;

ROUCT (15) ; ROUCT (16) ; ROUCT (17) ; ROUCT (18) ,ROUCT (19) ,ROUeT (20) ,ROUCT (21) ,ROUCT (22) ,ROUCT (23) ,ROUCT (24) ; ROUCT (25) ,ROUCT (26)
;ROUCT(27) ;ROUC'r\28);

ROUCT (29) ; ROUCT (30) ; ROUC'£ (31) ; ROUCT (32) ; ROUCT (33) ; ROUCT (34) ; ROUCT (35) ; ROUCT (36) ; ROUCT (37) ,ROUCT (38) ; ROUCT (39) ; ROUCT (40)
,ROUCT 141) ;ROUCT (42) ;ROUCT (43) ;ROUCT (44) ,ROUCT (45) ,ROUCT (46) ;ROUCT (47) ;ROUCT (4B) ,ROUCT (49) ,ROUCT (50)] ;
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