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SUMMARY

In this thesis fuzzy control is aﬁalyzed and applied to. two complex processes. A process
is deemed to be complex if it possesses characteristics that make it non-linear. Examples
of such characteristics are backlash, hysteresis, saturation and dead zones, which are
common in industrial processes. These characteristics do not allow for the easy
implementation of controllers and often there would be a requirement to employ some
non-linear form of control. Often with complex processes linearization techniques would
be employed to enable the application of linear controllers. However, these controllers
will only operate over a limited range and will have degradation in performance when
subjected to unpredictable changes in parameters. Fuzzy controllers can handle non-
linear characteristics in complex processes very well and also provides some

transparency between the human machine interface.

Fuzzy control ié based upon tﬁe fuzzy methodology that was introduced by Lotfi Zadeh
(Zadeh, 1965) in his seminal paper on fuzzy sets. The first practical application
(Mamdani and Assilian, 1975) paved the way for fuzzy control and although this
alternate paradigm of control came up against much criticism it managed to capture the
interest of many researchers. Although research into fuzzy control saw a slump in the late
70’s and early 80’s it rapidly progressed in the 90’s with literally thousands of research
papers being published. |

In this study this alternate paradigm of control is investigated and applied to two
processes. An initial study was done on the fundamental concepts of fuzzy logic and how

this methodology can be applied to develop a controller that is fuzzy logic based. A



plethora of information exist on fuzzy theory however only the fundamental concepts are
dealt with here. This is sufficient for the realization of a rudimentary controller.

A detailed investigation was also done on the development of the rules of the knowledge
base of the controller with thé érnphasis on the development of a fuzzy controller that has
characteristics akin to a proportional-integral (PI) controller. For real-time
implementation a commercial software package known as fuzzyTECH was utilized to
develop the software to realize a generic fuzzy PI controller. It was important to have a
generic fuzzy PI controller as it was to be implemented on two separate processes as
setpoint controllefs with the only requirement being the adjustment of the fuzzy

parameters for application on each individual process.

The first process investigated is a 4-stage cascaded tank system, which is actually a heat
exchanger. Here the fuzzy controller was utilized in a decentralized approach to
independently control the setpoint of the water levels in each tank. The second process
was a sizﬁulation study of an activated sludge process of a sewage wastewater treatment
plant and here the fuzzy controller was used to control the dissolved oxygen
concentration in an aercbic reactor of the process. Emphaéis was also placed upon the
tuning of the fuzzy parameters of the fuzzy controller for dissolved oxygen control and a

large part of the study dealt with tuning techniques of fuzzy parameters. .
Finally, the results obtained for fuzzy setpoint control in both applications provided

excellent results and this has paved the way for future applications. Future work will

focus upon the application of this technology in the field of sewage wastewater treatment
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and plans are currently underway for the implementation of the fuzzy controller on a pilot

plant and then on a real sewage plant.
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CHAPTER ONE

THE PROBLEM FOR FUZZY LOGIC CONTROL OF COMPLEX
| PROCESSES

This chapter describes the reasons for embarking upon a study in the area of fuzzy
control and looks at the different approaches that have been developed in the area of

modeling and control of complex systems. This chapter also looks at the aim and

" objectives of this study, which are explained.

1.1 THE PROBLEM FOR USING FUZZY CONTROLLERS

Technology has enabled the automation of many systems, which before has been far too
complex to automatically control. Coupled with this is the demand of very high
performance requirements, which sometimes cannot be easily handled by conventional
control techniques. Non-linearity and uncertainty is often a characteristic of most
industrial processes due to uncertainty in the relationships between the inputs and outputs
of a system, which can be influenced by external disturbances. Factors causing non-
linearity in systems can be due to the high order of the system, the presence of long time
delays between input stimulus and output response and also the complexity of

mathematical models of the system.

1.1.2 Why Non-linear Control

1.1.2.1 Improvement of existing control systems

When linear controllers are designed it is assumed that the process of concern 1s linear. In
essence most real world applications have linear characteristics only over a small range

of operation. This implies that the designed linear controller will only perform

satisfactorily over a limited range. When certain nonlinearities of the system come into



effect the controller will either perform poorly or become unstable. On the other hand a
non-linear controller will be able to compensate for the non-linear characteristics in the

System.
1.1.2.2 Analysis of Hard Non-linearities

In linear control it is also often assumed that the derived model of the process can be
linearized. However certain characteristics such as backlash, hysteresis saturation and
dead zones, which are common in industrial processes, will not allow for linear
approximation. The effects that they produce cannot be derived from linear methods and
 therefore non-linear approaches have to be adopted to predict the performance of the

system in the presence of these non-linearities.
1.1.2.3 Dealing with Uncertainties in Model Parameters

When linear controllers are designed the assumption is made that the parameters (;f the
system model are fairrly well known. However many control problems are related to
uncertainties in the parameters. This can occur in processes where there are slow or
abrupt variations in parameters over time. This variation in parameters can manifest itself
as degradation in controller performance or instability. With the use of robust and
adaptive controllers non-linear characteristics can be introduced into the control system

to tolerate the uncertainties.
1.1.2.4 Design Simplicity

Non-linear control designs can bebsimpler and more intuitive such as that offered by the
fuzzy control methodology. Often industrial plants that posses many uncertainties as
mentioned in section 1.1.2.3 can be easily controlled by human operators who only
posses a global understanding of the process. Very often a fuzzy controller can be easily
deigned to mimic the control strategies of the operator. Hence the simplicity of the design

without a cumbersome complex mathematical model.



1.2 FUZZY LOGIC AND CONTROL ENGINEERING
1.2.1 Brief History

Lotfi A.Zadeh initiated fuzzy theory in 1965 when he introduced the concept of fuzzy
sets (Zadeh, 1965). After the introduction of fuzzy sets Zadeh proposed the 'concept of
fuzzy algorithms in 1968 (Zadeh, 1968) and fuzzy decision making in 1970 (Bellman and
Zadeh, 1970). However the paper, which established the foundation for control, was
published in 1973 (Zadeh, 1973). In this paper he introduced the conéept of linguistic
variables and proposed the use of IF-THEN rules to formulate human knowledge.

It was then in 1975 when Mamdani and Assilian published their results in an application
of a fuzzy controller to control a steam engine (Mamdani and Assilian, 1975).

The first industrial process to be controlled by a fuzzy controller was a cement kiln
developed by Holmblad and Ostergaard in 1978. The late ‘70s and early ‘80s s;aw a
slump in the area of fuzzy control, as it never received much support. It was the Japanese
who took advantage of this technology and Japanese researchers developed numerous
applications (Sugeno and Nishida, 1985;Hirota, Arai and Hachisu, 1989;Yamakawa,
1989). The success of these many applications surprised many researches in the United
States and Europe and as a result there was a renewed interest in fuzzy logic and fuzzy
control. Today there are literally thousands of researches worldwide that are researching

the area of fuzzy control and related technologies.

1.2.2 Modeling

Any engineering discipline necessitates the development of a mathematical model.
Models are important especially in this modern day and age where impressive computer
simulations can be performed to enable engineers and scientists to analyze and better
understand a system’s behavior. In terms of control understanding the process dynamics

constitutes the most important aspect in the control of the process. Through process



modeling and simulation with computers a process can be better understood before the
development of any hardware (Franks, 1972; Holland & Liapsis, 1983; Morbidella,
Sewida, Storti & (_'Jan‘as, 1982).

The traditional engineering approach to modeling is gaining a thorough understanding of
the nature and behavior of the system and then developing a suitable mathematical
model. This is termed the “white-box™ approach. However to have a good understanding
of the mechanisms involved in the process for the development of an adequate model can
be limiting when fhere exists uncertainties in underlying phenomena and uncertainty
about process parameters. Even if a fairly good model is derived it is the task of system
identification techniques to estimate the parameters from measured data. This could
however also prove.to be inadequate as identification methods have developed to a fairly
mature level for linear processes only and most real world processes have non-linear

characteristics.

Another approach would be to approximate the system under study by some “black-box™
structure that acts as a general function approximator. With the use of process data an
appropriate structure of the approximator can be developed but it is not really related to
the structure of the real system. A major drawback of this approach is that the parameters
of the model do not have any physical significance

Now, the advantage of the fuzzy methodology introduces a different approach known as
“gray box” modeling. This type of modeling is an aftempt to combine both “white box”
and “black box” techniques where well-understood parts of the system are modeled using
physical knowledge and the vague and uncertain parts are determined in a “black box”
manner using process data. The advantage here is that heunistic information such as
knowledge and experience of engineers and operators can be incorporated into the model.

The different types of modeling paradigms are depicted in Table | (Babuska, 1998).



Modeling Source of Method of Example Deficiency
approach information acquisition
White box Formal Mathematical Dufferential Cannot use
knowledge and equations | “soft”
data knowledge
Black box Data Optimization Regression, Cannot at all
(learning) neural network | use knowledge
Fuzzy Various Knowledge- Rule based | “Curse” of
knowledge and | based and | model dimensicnality.
data learning

-Table 1.1: Different modeling paradigms

1.2.2.1 The Relevance of Fuzzy Modeling of Real World Applications

It is often the case that systems such as electro-mechanical systems can be easily
mathematically modeled because physical laws govern them. The problem with most real
world applications is that there does not exist enough data to adequately characterize a
system mathematically. This is especially the case with systems in the area of
biotechnology, ecology and sociology. Systems in these areas may be under the control
of human operators and a significant portion of the data is in the form of human
experience. Mathematical models fail to encompass this knowledge resulting in the
omission of a very important factor that can contribute fo the design of a more efficient
controller. This knowledge however can be expressed in the form of natural language and
with the implementation of fuzzy rule-based systems a knowledge base can be develoi)ed
encompassing the knowledge of experts in the particular field of interest (Pedrycz, 1990;
Yager & Filev, 1994)




1.2.2.2 Raule Based Fuzzy Models

Rule based fuzzy models are constitutes the classical type of fuzzy model. With this type
of model variables are related to each other in terms of IF-THEN rules. There are
fundamentally two types. The first being a linguistic model (Mamdani-type) that implies
that both the antecedent and consequent of the IF-THEN rule are fuzzy propositions. This
will be elaborated upon in chapter 2. The second type known as the Takagi-Sugeno (T'S)
_ model has a fuzzy proposition in the antecedent and a crisp function for the consequent.

The different models can be defined as the following

e Linguistic fuzzy Model { Mamdani, 1977)

Rules of such a model are in the following format

If antecedent is A then consequent is B

Where, A and B are linguistic terms such as “small”, “medium”, “large”. This type of

modeling uses rules consisting of only linguistic terms

o Takagi-Sugeno model (Takagi & Sugeno, 1985)

Rules of such a model are in the following format

If antecedent is A then y=f (antecedent}

Where A is a linguistic term, y is a function of the antecedent.

This type of modeling combines both linguistic terms as well as mathematical
expressions in the rule base. The linguistic terms form part of the antecedent and the

mathematical expression 1s in the consequent.

These two types of models form the fundamental fuzzy models of which there are

many variations.



1.2.2.3 Developing Fuzzy Models

As it is indicated in Table 1 fuzzy models are flexible in that sources of information for
the development of fuzzy models can be both of a quantitative and qualitative nature.

The qualitative data, which usually originates from human operators, can be regarded as
information from “experts”. Hence fuzzy models can be regarded as simple fuzzy expert

systems (Zimmermann, 1987)

Historical data from processes or experimentation can also be used for building fuzzy
models. This constitutes the quantitative data and models can be derived from methods
based on fuzzy logic, neural networks and data analysis techniques. With integration of
neural networks and fuzzy logic neuro-fuzzy modeling (Jang, 1993; Jang & Sun, 1993;
‘Brown & Harris, 1994) was developed. With non-linear systems measured data would be
used for purposes of identification. In this arena neural networks and fuzzy logic
techniques are often used for this purpose. Also when input-output data is available fuzzy
models can provide effective approximation of the input-output relationship with
reasonable accuracy. This is coined the term general function approximation (Kosko,

1994; Wang, 1992; Zeng & Singh, 1995).
1.2.2.4 Structure and Fuzzy Parameters

The structure of the fuzzy model determines how flexible the model is in terms of its
approximation of the process or system. This structure is dictated by the following
(Babuska, 1998). |

¢ Input and output variables.
This includes both the selection of appropriate variables as inputs and outputs for
the model as well as the number of input and output variables

* Rule Structure ,
This is the choice between the Mamdani and Takagi-Sugeno type

e The type and number of fuzzy sets for each input and output linguistic variable



This choice has a great effect on the granularity of the control surface.
e Type of inference mechanism, connective operators, defuzzification method
‘This choice is usually restricted by the type of model (Mamdani or Takagi-
Sugeno) and on the low level relates to the necessary computations invelved for

omput determination.

Once the structure is chosen, the fuzzy model still has to be fine-tuned and this is
achieved by adjusting the parameters of the fuzzy controller. Parameter adjustment can
be deemed as the most crucial aspect of fuzzy controller design and is a large topic of
research. [t is here where training algorithms from the area of neural networks can be
employed to optimize the parameters. This is elaborated upon in chapter 6 where the
tuning of fuzzy parameters will be investigated. '

1.3 FUZZY CONTROL

Broadly speaking fuzzy control can be subdivided into two sections (Wang, 1997)
e Nonadaptive fuzzy control
e  Adaptive fuzzy control

In nonadaptive fuzzy control the controller is static, which means that the structure and
parameters of the fuzzy controller are fixed and does not change during real-time
operation. In adaptive control the fuzzy controller is dynamic with changes to its structure
and parameters during real time operation. In terms of complexity nonadaptive
controllers are simpler than adaptiife controllers but they require more knowledge of the
process for controller development. The opposite is true for adaptive controllers as it will

start with an initial fundamental controller and then adapt in the learning process.



1.3.1

Nonadaptive Fuzzy Control

With nonadaptive control a typical approach would be the trial-and-error method, which

can be roughly summarized, in the following method (Wang, 1997)

1.3.2

Step 1: Analyze the real system and choose state and control variables.

The state variables should characterize the key features of the system and the
control.variables should be able to influence the states of the system. The state
variables are the inputs to the fuzzy controller and the control variables are the
outputs of the fuzzy controller. Essentially this step defines the domain in which
the fuzzy controller is going to operate.

Step 2: Derive fuzzy IF-THEN rules that relate the state variables with the control
variables.

The formulation of these rules can be achieved by means of two heuristic
approaches. The most common approach involves an introspective verbalization
of human expertise. Another approach includes an interrogation of experienced
experts or operators using a carefully organized questionnaire. In these ways a

prototype of fuzzy control rules can be obtained.

Step 3: Combine these derived fuzzy IF-THEN rules into a fuzzy system and test
the closed-loop system with this fuzzy system as the controller.

That is, run the closed system with the fuzzy controller and if the performance is
not satisfactory, fine-tune or redesign the fuzzy controller by trial and error and

repeat the procedure until the performance is satisfactory.

Adaptive Fuzzy Control

The initial idea of utilizing fuzzy controllers is that they have the ability to handle large

uncertainties in processes. Hence the basic idea of adaptive fuzzy control is to have a

fuzzy controller that can maintain consistent performance in the presence of varying plant



parameters and structures. Figure 1.1 (Wang, 1997) shows the basic configuration of an

adaptive fuzzy control system.

Reference Model Vi

Plant

Fuzzy Controlier

with adjustable
parameters <

4o

Adaptation law

8 =h(6,e)

Figure 1.1: Basic configuration of adaptive fuzzy control systems

The referencermodel is used to specify the ideal response that the fuzzy control sysiem
~should follow. The plant is assumed to contain unknown components. The fuzzy
controller is constructed from fuzzy systems whose parameters @ are adjustable. The
adaptation law adjusts the parameters & online such that the plant output y (2) tracks the

reference model y,, (1.

In chapter 6 a description of different adaptive techniques is given with emphasis on

techniques borrowed from neural networks and genetic algorithms.
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1.3.3 Types of Fuzzy Controllers

Proportional-Integral-Derivative (PID) controllers have dominated the process control
industry for many years; however there has always been problems related to the practical
implementation of these controllers to effectively control processes that exhibit non-
linear characteristics. These PID controllers provide excellent control for linear systems,
with simple design and low cost. Reports have shown (Yamamoto & Hashimoto, 1991)
that the Japanese market alone have PID control loops in more than 90% of the industrial
applications and it is believed to be similar elsewhere (Swallow, 1991).

Because PID controllers are effective in linear systems many variations of the PID
controllers were developed to control non-linear processes. Amongst the techniques
-proposed were auto-tuning and adaptive PID controllers (Astrom et al., 1992) and also
non-conventional PID controllers which employed fuzzy logic technology were
developed (Ying et al., 1990; He et al., 1993; Malki et al., 1994). The fuzzy cqntrol
methodology has been reported to be ideal for controlling non-linear systems as PID
controllers are not known as being able to work effectively for these systems (Tang et al,

2001).

From a control point of view information and data from complex processes can be
regarded as inexact and imprecise and the fuzzy logic methodology provides an efficient
way of handling this data for purposes of reasoning. The effectiveness of this
methodology is due to the fact that the uncertain data can be utilized in an exact
algorithm for control. In essence the fuzzy controller is represented by a set of linguistic
if-then rules that processes measured input values and produces exact output signals in a

deterministic way.

The fundamental advantage of fuzzy controllers is that these controllers can control
complex processes with non-linear characteristics very well. After all, on a very abstract
level all controllers can be regarded as simply input-output mappings. Conventional

controllers are expressed mathematically and fuzzy controllers make use of a rule base.

11



Because of the success of the implementation of fuzzy PID, PD and PI controllers work
in this area is under continual development. In retrospect many successes have been
reported. Linear fuzzy PID controllers were developed that gave precisely the same
response as conventional PID controllers {Buckley and Ying, 1990). Also fuzzy PI
controllers were developed yielding results comparative to conventional Pl controllers
{Ymg, 1993). In a similar vein two types of improved fuzzy PI controllers were
developed (Lee, 1993). Latest developments in the area of fuzzy PI controllers for
various applications exhibiting non-linear characteristics have been progressing (Tang, K
et al., 2001; Tang, W et al., 2001; Ranganathan et al, 2002)

This literature has shown that the work in the area of fuzzy controller development and
enhancement is indeed an active area as in effect a work in progress. It is thus worthwhile
to study the fuzzy control methodology, as previous implementations of fuzzy controllers

for complex non-linear processes have proven effective and positive.
1.4 INDUSTRIAL APPLICATIONS

Many applications ranging from robotics (Bestaoui, 1989; Tomei, 1991; Tang and Chen,
1994; Tang, W. et al., 2001) to Chemical and Biological processes have been successful
with the alternative fuzzy control methodology. Examples of this are the application of
fuzzy control for heating control (Georgescu et al., 1993) and fuzzy control of steam
turbines (Kiupel et al, 1994). A fuzzy Pl type controller was developed to control the pH
titration in a continuously stirred tank reactor (Qin et al., 1994). In wastewater treatment
fuzzy control has been used for direct sludge flow (Yu et al, 1990) and for automatic
startup of a high rate anaerobic reactor (Gomez et al, 1998)



1.5 OBJECTIVE OF DISSERTATION

The objective of this dissertation is to study the fuzzy control methodology, and to
develop fuzzy control strategies, algorithms and tuning procedures for setpoint control of
level in a cascaded tank system and for setpoint confrol of the dissolved oxygen
concentration in the aerobic tanks of an activated sludge system. These two processes
were studied because of their non-linear characteristics and also because of the two

systems being composed of interconnected units. These objectives are as follows:

¢ Study of the fuzzy logic methodology for control

¢ Development of generic fuzzy controller for setpoint control

e Model development for fuzzy control of the levels in a cascaded tank system

e Software development for simulation and real time control of the levels in the
cascaded tank system

o Study of the activated sludge process including software development for the
simulation of the process. |

» Implementation of fuzzy setpoint control of the dissolved oxygen conceﬁtration in

an aerobic tank by simulation.

1.6 ROADMAP OF DISSERTATION

In conclusion a brief outline of the subsequent chapters is given in section 1.6.1. This
provides a roadmap of what to expect in the forthcoming chapters and describes the

layout of the dissertation.



1.6.1 Owutline of Dissertation

Chapter two gives an introduction to fuzzy set theory and how this can be applied in the
field of control engineering. This chapter provides the reader unfamiliar to the various
concepts of fuzzy theory and fuzzy control with an overview and paves the way for

understanding the development of the controller.

Chapfer three describes the development of a generic fuzzy PI controller and shows how
the fuzzy PI conftroller can be developed based upon its conventional counterpart. It also
provides a step-by-stép procedure for the realization of the fuzzy controller in software
with the aid of a commercial package called FUZZYTECH, which is widely used for the

development of code for the control of industrial applications.

Chapter four describes the first process, a cascaded tank system upon which the generic
controller was implemented and also shows the results of the controller implementation.
The results of the implementation on the actual process is shown and compared with
those obtained from the simulation. The simulation of the process was done in the

LABVIEW simulation environment.

Chapter five describes the second process, which is an Activated Sludge Process (ASP),
ysed for the biological treatment of sewage wastewater. This is a process that exhibits
I]Jghly non-linear characteristics and is ideal for the implementation of fuzzy control.
There are many aspects that can be controlled in this process and in the study the control
qf the dissolved oxygen concentration is focused upon. This part of the study is purely a
gi_mulation_ study which forms part of a preliminary study for implementation on a pilot
ASP process and then later on an actual wastewater treatment plant. This will form part
_{-)‘f future work to be embarked upon.

Chapter six describes different tuning procedures for fuzzy control and describes a tuning
method and algorithm for the fuzzy dissolved oxygen concentration setpoint controller.

14



Chapter seven is the concluding chapter that discusses the results of the fuzzy controller
implementaﬁon and provides a summary of the work done as well as future work to be

embarked upon.
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CHAPTER TWO

BASIC CONCEPTS OF FUZZY LOGIC AND FUZZY CONTROL

This chapter provides an overview of the fuzzy logic technology employed in this
dissertation as it will be helpful to explain the fundamental concepts of fuzzy logic, -
such as fuzzy sets, fuzzy operations and how it relates to the field of control

engineering.

Control engineering is a highly mathematical discipline that has its foundations in
mathematical concepts. Systems to be controlled are expressed in terms of a
mathematical mode! derived from differential equations that describe the dynamics
and internal characteristics of the process. These conventional techniques have been

used for more than 50 years and achieved 90% of very satisfactory control.

However generally, complex processes that are non-linear or time variant, cannot be
easily modeled mathematically. Also high dimensional mathematical models are not
really useful, as many control theory concepts tend to be applicable to models of a
low order. With high dimensional models there is a need for enormous computational
requirements. These high dimensional models can also result in ill-conditioned
problems and stiff numerical problems due to the interaction of slow and fast
dynamics (Kokotovic et al, 1986). As a consequence these processes cannot be
analyzed and controlled using conventional control methods and hence necessitates
alternate methods of control. A typical example of a complex process is a cement kiln.
One of the first commercial fuzzy controller applications was the control of such a
cement kiln, which was developéd, in the early 1980°s by F.L. Smidth & Co in
conjunction with researchers from Queen Mary College. In industry, a human
operator that bases his controlling decisions on experience and familiarization with
the plant performs the controlling function. His knowledge of the plant is purely of a
global nature and not of the internal dynamics of the system. His controlling actions
are related to the dynamics of the process output states. These operators perform their
tasks quite effectively and this essentially encouraged the development of a controller
that implements the same control strategy e.g. a controller that is fuzzy logic based.

16



2.1 FUZZY LOGIC OVERVIEW

Fuzzy logic emulates the way humans think, perceive and make decisions. This form
of logic has its foundations in fuzzy set theory that was introduced by Lotfi A. Zadeh
in his paper on fuzzy sets in 1965 (Zadeh, 1965). Fuzzy logic is a misnomer as it
conjures up the idea that it is an attempt to fuzzify logic. It is however a rigorous

methodology for dealing with elements of uncertainty and vagueness.

The introduction of fuzzy logtc to the area of contro! was first introduced by Mamdani
(Mamdani and Assilian, 1975) which was initially outlined by Zadeh (Zadeh, 1973),
with the intention of duplicating the behavior of a human operator.

Also the discussion of fuzzy logic is limited to the calculus of fuzzy if/then rules as
controllers can be built utilizing the basic fundamental theory of fuzzy logic. There is
a plethora of literature on fuzzy logic with the bulk of it being theoretical. (Mendel M,
1995). Only a small percentage is really required to realize a controller. The following
statement made by Zadeh has corroborated this. (Zadeh, 1992):

The calculus of fuzzy ifithen rules is simple and close to intuition. Furthermore, it is

largely self-contained and does not require an extensive familiarity with fuzzy logic.

This however, is not to say that new theoretical ideas have not contributed to new

practical solutions.
2.1.1 Description of a Fuzzy Control Rule

Human thought is subjective and qualitative in nature. We group elements within
certain limits and use these groupings to base our decisions upon. In effect we are
unconsciously summarizing a continuocus space into a finite number of groups to
facilitate our thought processes. To illustrate this qualitative approach in terms of
control consider the following example. The temperature of a room is to be controlled
by the adjustment of fan speed. Under manual control a typical thought process would
take the following form.

17



“If the room temperature is hot then the fan speed is fast.”

In the statement above “hot” and “fast” will encompass a range of vaiues on the
numeric space of “temperéture” and “speed” respectively. If a mathematical formula

is to be used it would assume a general form as below.
S=K(AT) (2.1)

Here S is the speed of the fan, K is a constant and delta T is the difference between
the set temperature and the actual temperature. From this example one can appreciate
the difference between the human approach to control, which is qualitative, and the

mathematical formula, which is quantitative in nature.

Since the controller will be utilized on digital platforms, which are quantitative in
nature, a technique has to be implemented to transform the qualitative expression into
a quantitative form without losing the effect of a humanistic approach. Fuzzy set
theory provides this transformation.

22 SET THEORY

Gaining an understanding of fuzzy concepts is best understood by comparing these
ideas with classical logic concepts that nearly everyone learns in school. Classical

logic is based on the writings of Aristotle that gave rise to two fundamental axioms.

(i) The Law of Contradiction.
(ii)  The Law of the Excluded Middle.

The first axiom implies that an element X cannot be Y and not-Y at the same time. A
light bulb cannot be on and off at the same time.
The second axiom implies that element X must either be Y or not-Y. A light bulb

must either be on or off.

18



These axioms basically imply that there exist boundaries between characteristics that
elements éan possess and that there are no gray areas. In terms of classical set theory
it stipulates that an element either belongs to a set “Y’or it does not. This is where
fuzzy sét theory differs In that it allows eclements to have varying degrees of

membership in set ‘Y. -
221 Crisp Sets

When considering crisp sets this concept is defined by what is known as a

characteristic function, denoted here by ¥. For example consider the following set.

Y={5,6,7,8,9} (2.2)

In this set the characteristic function of “5” would be “1”. For the number “2” it
would be “0”. Therefore the characteristic function, denoted here by 7, can be defined

as whether an element belongs to a set or not. For example consider a set “A”, then

OleﬁA _ (2 ﬂ)

AT Y lifxe A

22.2 Fuzzy Sets -

In fuzzy sets however this characteristic function will have values within the range
[0,1]. If an element in a fuzzy set has a characteristic function value that is close to 1
it implies that the element has a high degree of membership in that particular set.

In fuzzy sets this characteristic function is more commonly known as a membership

function and denoted by wfx). Such fuzzy sets can then be represented as.:

F = {1/a, 0.6/c, 0.2/f, 0.5/g} 2.4

The notation above does not utilise the “/” as a divisor as in mathematics. It merely
separates the element, on the right of the slash, and its membership function value on

the lefl
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223 Comparison between Fuzzy Sets and Crisp Sets

To illustrate this idea consider a vanable such as temperature with a range of values
on the closed interval [0,100] degrees. If we consider temperatures ranging from 45 to
53 degrees it could be described in terms of classical set theory by Figure 2.1 and in
terms of a fuzzy set by Figure 2.2 |

A A

Figure2.1: Crisp Set Figure.2.2: Fuzzy set

The definition of a fuzzy set was formally defined by Zadeh (Zadeh, 1965])as:
“ A fuzzy subset ‘A’ of universe ‘U’ is characterized by a membership function
UA:U->[0,1] which associates with each element 'y’ of ‘U" a number UA({) in the
interval [0,1] which represents the grade of membership UA(y) in the interval [0,1]

£ r 7>

which represents the grade of membership in ‘A
23 FUZZY RELATIONS

In control these relations are very important because they describe interactions
between variables. This is particularly important when one considers the if/then rule,
because a fuzzy relation can describe these rules. If one considers fuzzy sets on
separate universes they can be related by the cartesian product. On universes X and
Y the relation R = X*Y. A relation can also be regarded as the realization of fuzzy
sets to a multi-dimensional space. In terms of membership functions the relation R is
defined as



e () =min(pse (), 1y (%) f | @.5)

In practice relations are the rule translation matrices of a fuzzy controller. The rule

base is essenﬁally comprised of a number of rules as the one described below.

“If room temperature is hot then fan speed is fast”
The terms “hot” and “fast” can be regarded as fuzzy sets on separate universes and
their cartesian product forms the relation. See Figure 2.3 below. For each rule in the

rule base a relation will be formed .These relations will be comprised of a matrix with

entries defined by:

4 (%) =min(ux (x), ty () _ (2.6)

Figure 2.3: Relation “R” formed by the Cartesian product of “X™ and “Y™.

With respect to fuzzy sets a fuzzy relation is a fuzzy set with a membership function
in two or more variables.
Driankov ef af {1993, p.64) gives the following example to describe, “approximately
equal”.
When U = {1,2,3} then the fuzzy binary relation can be described as follows.
LD+H1A2,2)+1/(3,3
+0.8/(1,2y+0.8/(2,3y+0.8/(2,1)+0.8/(3,2)



+0.3/(1,3)+0.3/(3,1)
The membership function gz of this relation can be described by
1 when x=y,
Hrlx,y) = 0.8 when |x-y|=1

0.3 when |x-y |=2

In matrix notation it can be represented in the following format.

1 {1 Jo8 03
x 2 |08 ]1 03B
03 |08 |1

-
2

Table 2.1: Table showing the matrix of the relation “approximately equal™
24 MATHEMATICAL OPERATIONS ON FUZZY SETS

2.4.1 Intersection

Fuzzy mathematics is important in the development of the fuzzy controller and a short
description of the essential concepts will be briefly explained. Intersection of two

fuzzy sets is characterised by the equation (2.7) and depicted in Figure 2.4.

Ha~p = min(pa(X),Hs(x)) R 2.7)

0 »X
Figure 2.4: Intersection of two fuzzy sets



2.42 Union

Union of two fuzzy sets is characterized by the equation (2.8) and depicted in

Figure 2.5

Ha up = max(ua (x),pa(x)) A (2.8)

0 <

Figure: 2.5: Union of two fuzzy sets

2.43 Height

Height, is defined as the largest value for a membership function of a fuzzy set. Hence

for fuzzy set A on a universe of discourse X:

hgt(A) = sup pu(x) (2.9)
reX

2.44 Projection.

From Figure 2.3 , consider universe of discourse X and Y .
Projection is the process whereby,for example, a fuzzy set on a particular universe of
discourse can be derived when the profile of the relation is projected onto that

universe and expressed by equation (2.10).

ProjRonY= Isgp Halx, )V (2.10)
' Y



As an example consider the relation R below.

.Y y2 = y3 y4
xI | 04 1 021} 0.6
2102108 0 |01

3(09] 1 [05]08

Table 2.2: Table of the matrix showing the membership values of a particular relation
formed by universes X and Y in Figure (2.3)

For projection onto X the following values will be found by finding the maximum

value in each row. Hence for each x value the following membership degrees will be:

e x/=1
s xZ2=038
s x3=1

As a result the fuzzy set derived from this procedure is:
Proj R on X'=1/x] + 0.8/x2+1/x3 (2.11)

Also the projection onto ¥ can be found by extracting the maximum values from the

columns. This will yield the following resuit.

Proj R on Y = 0.9/y1+1/y2+0.5/y3+0.8/y4 (2.12)
2.4.5 Cylindrical Extension

This operation can be viewed as the opposite procedure to projection. In this instance
fuzzy sets are extended to fuzzy relations. For a binary relation the following

definition applies where A4 is a fuzzy set on universe of discourse ¥ and there exist a

cartesian product space of Xx Y.

ce(d) = lxy y /) (2.13)



By way of an eXémpIe consider the fuzzy sets obtained in by equation (2.11) and
(2.12). When the fuzzy set obtained by equation (2.11) i1s extended onto X x Y, the
following is obtained.’

xI | 1 1 I |
ce(4) = x2| 0808} 08103
x3 1 1 1 I

Table 2.3: Matrix showing the extension of fuzzy set A.

By the same token for equation 2.12 the following is obtained.

7 y2  y3  yd
10971 Jos]os

ce® - x2 |09 1 [05]03
3 |09 1 | 0508

Table 2.4; Matrix showing the extension of fuzzy set B.

2.4.6 Composition

Now, by combining the concepts of both projection and cylindrical extension the
operation of composition is obtained. Composition enables a fuzzy set on one
universe to be inferred given a fuzzy relation and a fuzzy set on another universe. This
fuzzy set is obtained by taking the intersection of the extension, from the first
universe, and the fuzzy relation and projecting the result onto the second universe.
Composition is annotated with the symbol o.

Hence given a set 4 on a universe X and a fuzzy relation R in the space X' x ¥, aset B

can be inferred by composition. This can be defined as:

B=A40R =proj (ce (AR} on Y (2.14)



Also the membership function of B is as follows. Here the intersection is performed

using the maximum operation and projection with the minimum operation.

#p(y)=max [min(ua(x), Ha(x.y)] - (213

Alternatively the membership function can be defined as follows. Here the
intersection is performed using the maximum operation and projection with the

product operation.

Ha(y)=max gy(x). pr(x.y) (2.16)
x -
2.5 FUZZY RULES

Up till now it has been shown how important fuzzy relations are in modeling of the
actual rule. The next interesting aspect of the rule is how the connective “and “ and

the implication “if ...... then “is modeled.
2.5.1 Fuzzy Connectives

Previously in section 2.4.1 a formal definition for the intersection of two fuzzy sets
was stated. Here the min operator which is used for determining the intersection of
fuzzy sets was introduced and it is this operation that is used for modeling the “and”
connective in a fuzzy rule. Also for the “or” o?eration the max operator which is used
to determine the union of fuzzy sets is used. When connectives operate on fuzzy sets
that exist on the same universe the result will be a fuzzy set on the same universe.
However when they operate on fuzzy sets that exist on different universes the result

will be a fuzzy relation that exists in the product space of the two universes.
2.5.2 Fuzzy Implications
There exists a number of models for purposes of implication with the most popular

implication being that defined by the minimum operation. Bear in mind that a fuzzy

rule can be modeled using a relation. Consider the following rule.
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IfaisAthencis C.

Here the rule can be modeled by a relation R . A represents the fuzzy set that is the
antecedent portion of the rule and C represents the fuzzy set that is the consequent of
the rule. “a”and “c”represents the fuzzy variables which are essentially the universes

of discourse. Hence implication can be defined as equation 2.6 above.
2.53 Compositional Rule of Inference

The next concept of importance is the compositional rule of inference. This relates to
the relations generated and enables the output fuzzy set to be determined when the
input and a relation is given. See figure 2.6. Formally stated the compositional ruleof

inference is defined as follows:

“If R is a fuzzy relation from U to V, and x is-a fuzzy subset of U then the fuzzy
subset y of V which is induced by x is given by the composition of R and x ;that is

y=xo0oR”

Figure 2.6: Diagram depicting the compositional rule of inference



In practice ‘X’ is normally a single value as depicted in the Figure (2.6) and this value
- will interact with more than one relation and the output fuzzy set chosen is defined by

1) = max{min(ize(x), (5 )] | 2.17)
Note that for explanatory purposes Figure (2.6) depicts one relation only.

Basically it _'melies that when a rule has been modeled by a relation R , an output
fuzzy set B can be inferred from an input set X by implementing composition

2.6 SUMMARY OF CHAPTER

This chapter introduced the concept of fuzzy logic and drew the distinction between
crisp logic and fuzzy logic. Certain fundamental fuzzy logic concepts were introduced
and it was shown how based upon the concepts of fuzzy logic the rules of the rule
" base could be evaluated. This chapter has explained the fundamental mathematical
computations involved in fuzzy logic and how it is used in rule evaluation. In chapter
three the emphasis will be on the formulation of the fuzzy controller |
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- CHAPTER THREE

FUZZY CONTROL AND FUZZY CONTROLLER SYSNTHESIS

The most obvious question would be to ask “What is fuzzy control?” Definitions are wide
and varied but this form of control can be better understood by way of comparison with
classical control. First and foremost there should be an understanding of the purpose of
control. The purpose being to influence the behavior of a system by changing an input or
inputs to that system according to certain methodologies to accomplish some desired
goal.

Classical control and its associated techniques would make use of a mathematical model
of the system to be controlled to define the relationship that will transform the measured
state into the desired state. With classical control the most common example of a control
model is the (proportional-integral-derivative) PID controller. Here the output of a system
is measured and compared with the desired output of the system. The comparison is in
the form of a difference value between the two and termed the error value. The error
value is then taken and the output of the controller action is determined by the following

equation, which represents a PID controller.

ut)= K elt)+K, 'je(l)dt +K, %Ef—) (3.1)

aefr) _dc. (3.2)

du(t)y ., de(t)
o a2t

Ke.— -+ Kie(N+ K
dr dr @ D

where Kp, KI, KD are constants, e(?) is the error term and C the actuator rate.

The major disadvantage of this type of control system implementation is that there is an
assumption that the system being controlled is linear or that its behavior Is such that 1s
monotonic. Hence the issue here is that of complexity in terms of modeling of

mathematically complex systems.



The fuzzy controller replaces the mathematical model above with one that is
linguistically based. Essentially what this means is that the controller has a linguistic
interpretation of the system being controlled. It still however processes precise or exact
input data and produces exact output data. The advantage that fuzzy controllers have over
their classical counterpart is that it is ideal for applications that exhibit highly non-linear
‘characteristics. Although fuzzy control performs admirably in situations where there is a
high degree of non-linearity it does not imply that fuzzy control is superior when
automating control tasks (Jager, 1995).

3.1 FUZZY CONTROLLER DESIGN .

There is no formal design procedure for fuzzy controllers however there are certain tasks
“to be performed when synthesizing any fuzzy controller. The designer has to ensure that

the following steps are done.

(1)  Determination of the input and output linguistic variables.

(2)  The amount of fuzzy sets for each linguistic ienn.

(3)  The choice of membership functions

(4)  Rule base structure

(3)  Pre and post processing of data. This will include the fuzzification and
defuzzification of data.

(6} Tuning of the controller.
3.1.1 Selection Of Input and Output Variables

In this dissertation the emphasis is placed upon control mechanism for setpoint tracking.
In this instance feedback control will be employed and normally this will involve
determination of the error signal, which is the difference between the set-point and

measured value,

where, eft) = ysp(t) — y(t) (3.3)



Here the control objective would be to maintain an error signal that is as small as
possible. As a second objective the change of the error rate could also be computed and

used as a second input to the fuzzy controller where,
de(t) =e(t) —e(r-]) - (3.4)

Using these variables as inputs fuzzy controllers that behave as PI or PD controllers can
be synthesized. In Section 3.2.4 this concept will be further in{restigated when
determining the structure of the rule base. Also the amount of inpﬁt variables to the
controller is restricted to two as fuzzy controllers with many inputs suffer from
dimensionality problems. The amount of rules in the rule base grows exponentially with

the addition of input variables.
3.1.2 Type and Amount of Membership Functions

There are many different types of membership functions to choose from. From a
computational point of view it is always convenient to make a selection that requires
minimal use of processing power and that can be efficiently manipulated in real time.
- Amongst the more common membership functions the triangular type has been selected

as the most viable one.

If a plot of the control Surface of the fuzzy controller is analyzed it can easily be seen that
the rules and the membership functions play an important role in the shaping of the
conﬁol surface. The rippled surface depends upon the tules and type of membership
functions used. Increasing the amount of membership functions will increase the ripple
and the amplitude of the ripple will decrease. The amount of membership functions will
also determine the amount of rules in the rule-base. It was decided upon to sub-divide the
linguistic variables into 5 membership functions each. This will, together with two input
variables generate a rule base consisting of 25 rules. This was decided upon as the shape
of the control surface can still be manipulated through the process of tuning which is

covered in chapter 5. In essence each input variable will have its crisp numerical values



translated from a numerical universe into a domain that is linguistically defined as
depicted by the figure 3.1 where

NB is negative big, NS is negative small, 7 is zero, PS is positive small and PB is

positive big.
=
L il Ly I L l Ly
<10 0 10 NB NS z PS PB
numerical universe & linguistic universe

Figure.3.1: Translation from a numerical to a linguistic universe

In this study each variable is subdivided into five linguistic terms as indicated in Table
3.1 where, for the input variable “error”, “Above™ is furthest above the setpoint value,
“CLAbove” is above the setpoint value but closer to it, “Ok” is in a region (positive or
negative) that is very close to the setpoint value, “CLBelow” is below the setpoint value

but close to it, and “Below” 1s furthest below the setpoint value.

For the input variable “error_change”, “Incfast” specifies that the rate of change of error
is increasing fast, “Incslow” specifies that the rate of change of error is increasing slowly,
“Constant” defines a region where the rate of change of error remains fairly stable,
_“Decslow specifies that the rate of change of error is decreasing slowly, “Decfast”

implies that the rate of change of error is decreasing fast.

For the output variable * Actuator_change”, “Openfast” specifies that the signal to valve
should open it fairly large, “Openslow” specifies that the signal to valve should open it in
the medium range, “Constant” specifies that the signal effect a change in the valve so that
it it midway open, “Closeslow” specifies that the signal should set fhe valve so that it is
closed beyond the midway region, “Closefast” specifies that the signal should set the

valve so that the valve aperture is fairly small.

[P
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Above

Openfast

Incfast
CLAbove Incslow Openslow
Ok Constant Nochange
CILBelow Decslow Closeslow
Below Decfast Closefast

Table 3.1: Linguistic terms for cach variable

The linguistic terms shown above are descriptive names that can be equated to the

following previously defined terms as indicted in the table below. They can be regarded

as alternate names, which are more descriptive in terms of describing the position of the

process output with respect to the setpoint value.

erTor error change actuator change
Above NB Incfast NB Openfast NB
CLAbove NS Incslow NS Openslow NS
Ok zZ Constant Z Nochange Z
CLBelow PS Decslow PS Closeslow PS
Below PB Decfast PB Closefast PB
“Table 3.2: Linguistic terms equated to its sign and magnitude
3.1.3 Rule Base Structure

The structure of the rule-base is very much dependent upon the type of a fuzzy controller
to be implemented. The type refers to the control action required by the controller. In this

study the type of control action required is of the PI type. Consider the discrete-time

version of a Pl controller.

Au{k)= KrAe(k)+ Kre(k)= AC




Ky and K; are the coefficients for the proportional and integral coefficients respectively.
Au, Ae and AC represents change in control output, change in error and actuator change
respectively. ’

As mentioned in Chapter 2 the rules are in the following if-then format.
If (state of system) then (control signal).

Where, (state of system) is represented by the value of the error and error change and

(control signal) is assigned to the actuator change.

To have a rule-base that is cornpn'sed-'of rules that are PI characteristic the antecedents
that deécribe the state of the system should be ‘error’ and ‘error change’ and the
consequent that describes the control signal should be * actuator change’.
‘Before proceeding with the rule base development consider table 3.2 above.

From the table it can be seen that the sign of each linguistic variable can either be
positive or negative. The state of the process can be easily tracked by observing the effect
all possible combinations each controlier input has on the output. This is summarized in

table 3.3 bearing equation (3.3) in mind.

negative ntive bove setpoint and moving away from it.
Negative positive Above setpoint and moving towards it.
Posttive negative Below setpoint and moving towards it.
Positive positive Below setpoint and moving away from it.

Table 3.3: Position of the process output determined by sign of the input variables

Based upon table 3.3 and the linguistic terms as defined in Table 3.2 a set of rules can be
easily defined. In the following section it will be shown how a list of rules for a PI fuzzy

controller were formulated.



3.1.4 Rules for PI-type Controller

To assist with the formulation of the rules the output will be sub-divided into different

regions.
(a) Steady state region
' y
o . A ' _
error increasing or decreasing .
NB
NS T .
I ZER();"'_'{:__%%”V‘" } Stez'ldy state
_ PS region _
error constant PB
4

!

Figure.3.2: Steady state region

If one considers the region close to the setpoint (= 5 % from the setpoint) as indicated by
Figﬁre. 3.2 and the linguistic terms that are small in magnitude (NS.ZERO,PS) this area
can be regarded as the steady state region. Here the input variables can be either positive,
zero or negative. Hence the amount of change to be added to the previous output of the
controller should also be small or zero and of the right sign to correct the deviations from
the setpoint. Thus the possible rules for _this region can take the following format as

indicated in Table 3.4.

(8]
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Error

Error change

THEN

: Actuator chanoe

1 - ‘Negative Small = = Negaﬁvej_Small-4'j:..-_':-' e - Positive Small
2 Negative Small Zero Positive Small

3 gt 4Negat1ve Small;r‘_.; L Posmve Small- . i Zero o _

4 : ‘Zero | | Negaﬁve Small. B 1Pos1t1ve Small

50 S Zero- Zero T - "Zero

6 .. Zero Positive SmalI | Negatlve Small |
[ -Posxtwe Small . _' - 'Necranve Small o . Zero.

8 o Posmve Small o Zero | .Negatwe Small
"9 PositiveSmall © ~  PositiveSmall ' NegativeSmall .

Table 3.4: Table showing possible rules for the steady state region

(b) Region significantly above the setpoint.

Measured value moving )1 .
towards setpoint | ‘
] Significantly above
Y \ 4 the setpoint
v NB
NS y
sp
Measured value ZE;I;(‘
constant
PB
-t

Figure. 3.3: Region significantly above setpoint

The next region to consider is when the measured value is significantly above the desired
value and the error change is either constant or causing the process output to be moving
towards the setpoint. Here it is considered where error is NB and the error change falls

within the ZERO,PS or PB terms. Hence the amount of change to be added to the output



must either speed up or slow down the approach to the setpoint. Table 3.5 is possible

control rules for this region.
Error Errorchange  Actuatorcbange
Lo Negative Big- =~ Zero. " el e quit_ive_Big_'_;: e
2 | Négaﬁve Blg ‘. | ?osiﬁve SmaIl | féls:i.t.ive:SﬁlaI.l.
3 " Negative Big *Ppsi.ﬁ_ve:Big L :.Z;:r'_o '

Table 3.5: Table showing possible rules for the region significantly above the setpoint

(¢) Region close below the setpoint and process output rising AND above the setpoint

and level rising

Process output

—P

rising A A A A A
NB
T 7 NS Region close
~ ZER( Yoo below and
PS above the
PB setpoint
—>

Figure.3.4: Region close and above the setpoint

Now consider when the process output is close below the setpoint and rising as well as

when it is above the setpoint and rising. Here the error change will be NB and NS and the

linguistic terms for error will be NB,NS,ZERO,PS. Because the process output is tending

to move above the setpoint the change to be added to the output should reverse the



direction 1n which the output is moving. Therefore possible rules will be as indicated in

table 3.6.

Error . Error change N ) Aéltl.lat(.)-l' (.zhz.mger
o _:-;I;:_'-.Ngg:atiyc'-Big___ e Ncgaﬁvé Big =~ . ... PositiveBig - . -
2 Negative B-ig R | Negati.ve“S-m.all S Isésifive B1g o
E‘3_ R . Negative Small NegativeBig .~ Positive Big'
4 | Zerb Negative Big Positivé Big
5 FE Positive Small S ‘NegativeBig =~ g PpSitiVe Small

“Table 3.6: Table showing possible rules for the region close below and above the
setpoint with the process output rising

(d) Region close above the setpoint and process output decreasing AND below the

setpoint and process output decreasing

Process output

. y
decreasing A
NB
NS |
v ZERO" Vs Region close
PS |~ above and
PB YYVYVYYY bel(mf the
: setpoint
>t

Figure.3.5: Region close above and below setpoint with decreasing process output



The next region of interest has a behavior that is opposite to the one above. Here the
process output is close above the setpoint and decreasing or below the setpoint and
decreasing. -

The error change could be PS or PB and the error could be NS,ZERO,PS or PB. In this
region the process output is falling below the setpoint vatue and requires an addition of a
change value that will steer it towards the setpoint. Hence bossible rules could take on the

following format indicated in table 3.7.

Erfor Efror chénge - Acfﬁator chaﬁgé
- NegaiveSmall . PosiiveBig - - = Negative Small
" Zeo  PostiveBig  Negative Big
30" PositiveSmall  PositiveBig .~ " NegativeBig -
4 Positive B.ig | Positivé Big Negative Big |
5 " PositiveBig. - ‘Positive Small = - = - Negative Big

Table 3.7: Table showing possible rules for the region close below and above the
setpoint with the process output decreasing

(e)Region significantly below the setpoint.

y
Process output moving A
towards setpoint
T NB
NS
: ZER(Q™ Vor
> P [
Process 7 PB Nk
output Region
constant | significantly
» — . below the setpoint

Figure.3.6: Region significantly below the setpoint



The last region to consider is when the process output is significantly below the setpoint
and the error change is either constant or causing the process output to be moving
towards the setpoint. Here we consider where error is PB and the error change falls
within the ZERO,NS or NB terms. Hence the amount of change to be added to the outptit
must either speed up or slow down the appréach to the setpoint. Table 3.8 indicates

possible are control rules for this region. -

.Error - -Errorl chﬁﬁge ) .. Actﬁator chéhge
1 ' Positive Big. *~ Nﬁgﬂtﬁe Big. .. Zeo
2 Pbéitive Big B Negétive Smallﬁ . Negativ;f-é Smali
. PosiveBig  Zeo . NegativeBig

v

Table 3.8 Table showing possible rules for the significantly below the setpoint with the
process output rising or constant

The rules obtained can now be expressed in a shortened tabular form as depicted in table

3.9

ERROR CHANGE
NB NS ZERO PS PB
NB PB__PB_PB__ PS Z )
~ NS PB PS PS Z NS
<
% ZERO |PB PS Z NS NB ACTUATOR
& CHANGE
| PS PS Z NS NS NB
PB Z NS NB NB NB
g

Table 3.9: Fuzzy PI rule base in tabular form
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3.2. FUZZY COMPUTATIONS

Fuzzy computations can be broken down into three major areas. This is fuzzification,
inferencing and defuzzification. To give an idea of the procedure computation of a single

rule in a rule base will be explained.
3.2.1 Computation of a Single Fuzzy Rule

Sections 2.2 to 2.5 of chapter 2 have provided the basic theory to realize the
implementation of a fuzzy rule. Here a single rule will be stated and the various
operations and concepts defined in chapter 2 will be used to show how it can be modeled
using fuzzy logic. As an example consider the following crisp values as inputs. Assume
that the values for error are —0.4 and for error change —0.8 indicated in figure 3.7 and

figure 3.8 respectively.

papoms £ @ |

Figure 3.7: Membership functions for input linguistic variable ‘error’
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Membership function picis . i

inctost P incsiaw Constant Decsiow Dectest

Figure 3.8: Membership functions for input linguistic variable ‘error change’

Now based upon the input conditions consider the following rule.

Iferror is CL Above and error change is Incfast then actuator change is Openfast.

N AN
—~

premise consequent -

Now for the rule above and all the rules contained in the rule base the truth value for the
premise of each rule has to be computed, and applied to the consequent portion of each
rule. The truth value is determined by taking the minimum value of the membership
functions generated by the fuzzified inputs. Now considering the rule above the
membership functions of the fuzzified inputs are as follows. In the fuzzy set labeled
‘CLAbove’ the degree of membership for —0.4 is approximately 0.75. For the fuzzy set
‘Incfast’ the value of -0.8 is approximately 0.55. To determine the strength of the
premise the min of the two membership functions 1s determined, in this instance 0.55 and
taken to be the premise of the rule. This value is then used to modify the consequent
relation. In this case it would be the output fuzzy set labeled ‘Openfast’. The modification
of the output fuzzy set can be determined by one of two methods. It can be done by
applying the “min’ or “product’ operator. When using the ‘min’ operator for implication

the output fuzzy set is clipped Figure 3.9 by the value as specified by the truth value



previously determined. When using the product operator the output fuzzy set is scaled
Figure 3.10 by the value as determined by the premise.

h_lmmhefsﬁp function picts H
Openfast Opensiaw Mocharge Classsiow Closefest
o et ) ; : ;
2 G2 B z g2 [ b1
Gutput varisbie “actchg

Coentast Cpensiow Netchange Closesiow C.bszfnsi

Figure 3.10: Output fuzzy set created using ‘product’ operator.

The obvious question would now be the choice of method for determining the output. It
was stated by Kosko (1992,p.312) that product implication ‘preserves more information’
than the ‘min’ implication method. However when one considers simple membership
functions this point becomes largely trrelevant becaﬁse simple membership functions

contain little information to start off with in the first place.



The abovementioned procedure is applied for each rule followed by a composition
procedure where all the fuzzy subsets as determined by the premises of the rules are.
combined. Here the ‘max’ or ‘sum’ operator is employed. When lising the ‘max’ operator
the combined output fuzzy set is constructed by taking the pointwise maximum over all
of the fuzzy subsets assigned to the variable by the inference rule (Fuzzy logic ‘or’). In
‘sum’ composition, the combined output fuzzy subset is constructed by taking the
pointwise sum over all of the fuzzy subsets assigned to the output variable by the
inference rule.

3.2.2 Rule base completeness

The control strategy is determined by the rule base, which essentially is made up from the
individual rules. It is thus important that the rule base has a rule for every possible
situation and hence the term completeness has been coined for rule bases that possess this
quality. To ensure completeness in a rulebase the following should be observed. For the
fuzzy sets of the input linguistic variables there should exist at least one rule for each
possible combination of the input sets. This will ensure that at least one rule will always

' be fired.

3.2.3 Defuzzification

Defuzzification involves finding a crisp value that bests represents the information
contained in the output fuzzy sets. This is required, as it must be transformed into a more
usable form for purposes of control. The centroidal defuzzificaton also known as the
center of gravity technique finds the balance point of the previously determined fuzzy
region in the output by calculating the weighted mean of the fuzzy region. Arithmetically
this can be stated as follows: ’

3 dpur(d)

ReD (3.6)
2 we(d)
i=0



Here the fuzzy solution region is called /7, where d is the it domain value and z(d) is
the truth membership value for the domain point. Hence the centroid defuzzification

method finds a point representing center of gravity of the output fuzzy solution set.
3.3 FUZZY LOGIC SOFTWARE FOR CONTROLLER DESIGN

Fuzzy logic development software has evolved extensively since the inception of fuzzy
control, with the market being flooded with various software packages to assist with the
development of fuzzy controllers. In this thesés the controllers is developed with the
assistance of “fuzzyTECH@)”, a software package developed by the. INFORM
SOFTWARE CORPORATION. When developing with this package the designer’s steps
are mostly graphically supported during the initial design stages of the controller. When
developing a controller, the fuzzy logic computations are automatically generated by the
software. The user however has to make a careful choice of computations that he would
fike to have embedded within the systefn. Once the graphical design has been completed
the “C~ codé is generated. This code however only contains the fuzzy computations and
it is still required by the user to in;tegrate the generated code vﬁth the pre and post
processing code for use with the various data acquisition cards. The initial development is

far from completion as the fina! controller is only derived once tuning is completed.

- Below the surface this software makes use of “Fuzzy Technology Language” (FTL),
which is a standard that is supported by numerous software and hardware manufacturers.
It is also supported by more control hardware manufacturers than any other description
language for the design of fuzzy logic systems. FTL has an object-oriented structure and

supports various design tools and hardware platforms with a common interface.

An FTL file is basically composed of two elements: objects and slots. All objects within
an FTL file consist of an object name and a body region that is enclosed in “{}”. Object
bodies can also have other objects and bodies defined within them. In an FTL, file slots

can be identified by the “=" signs. To the left of the “=" sign is the slot name and to the



right the slot entry. Entries can take the form of a value, string or keyword. As with any
programming language the FTL language has certain dedicated and reserved keywords.

3.4 DESIGN METHODOLOGY USING “fuzzy TECH®”

‘When designing a system there are three basic steps. '

(1) Linguistic variabie specification.

(2) Defining of inference structure

(3) Fuzzy rule formulation.

It was previously mentioned that the Linguistic variables are * error”, “error change ” and
“actuafor change” for the controller input and output variables respectively. ”. The first
step in the design is to develop a block diagram of the fuzzy system as depicted figure
3.11. -usi_rig the “project editor of “fuzzyTECH® Here both the linguistic variables and
the inference structure is: defined. Definition of the inference structure is given by

connecting the input and output variables to the rule base as depicted in figure 3.11.

FUZZY SETPOINT CONTROLLER|

INPUTS

Ve crror

INFERENCING UNIT
MIN | OUTPUT

act_change act_change 5%

error
err_change

MAX

é | fl
= “q »}

Figure. 3.11: Project editor indicating the block diagram of the fuzzy controller

Following the design procedure as mentioned in section 3.4 the linguistic variables are

now further defined in the “LINGUISTIC VARIABLE EDITOR”. From table 3.2 each
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variable has five linguistic terms and has been defined below as depicted in figure

3.12.figure 3.13 and figure 3.14.

1
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Figure 3.13: Linguistic variable editor depicting the linguistic variable “error change”
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Figure 3.14: Linguistic variable editor depicting the linguistic variable
“actuator_change”

The last phase of design is the definition of the rules. During the development of the
project in the project editor the rule base is automatically formulated with all possible
rules. In this instance it formulated 125 rules. However, only 25 rules are utilized, the rest
regarded as being redundant. The necessary rules are obtained from table 3.9 above. After

rule editing the following rule base was obtained where DoS is the degree of support.
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Figure 3.15: Listing of rule base of the fuzzy PI controller

3.4.1 Fuzzy Control Algorithm Generation Using “fuzzyTECH®” for realtime

implementation

The preceding section described the design of the fuzzy controller within the
“fuzzyTECH®” environment. The next procedure is to develop the actual software code

to realize the real-time implementation of the fuzzy controller.
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Below follows the procedure that should be performed to ensure that the fuzzy logic

software is correctly setup before useful “C”'code can be generated for the fuzzy

controller. _

(1) In the software directory of the “fuzzyTECH®” software find a sub-directory called
“LIB”. This folder contains files of “C” code, which has to be integrated with the

project designed in the Fuzzy Tech environment. These files are indicated below.

HFLMS.C

HCOM.C

HMOM.C

HMIN.C

HMAX.C

HMINFROD.C

HMAXPROD.C

HPUBVARS.C

These files must be compiled to object files. The following command line can be used.
TCC —¢ -DFTLIBC16 H*.C R

After compiling all the files they must be added to the library called FTC16.LIB.
The command line for this is: '

Tlib c\FTMCU96\LIB\FTC16.LIB +<OBJECT FILE NAME>

(2) The next step is to design the fuzzy logic system in the GUI environment of Fuzzy
Tech. Once the system has been designed the “C “ code can be generated by selecting
the “compile” option’in the pull down menu, _

The compiler generates two files. An example might be “FUZZY.C” and
“FUZZY.H”

(3) The next step is td load the “C” file generated above into any text editor so that the
path for the “FTLIBC.H” file can be edited. An example of this is indicated below.
#include “c:\ftmeu96\include\FTLIBC.H”

~ (4) Now compile “FUZZY.C” to “FUZZY.OBJ”



(5) The main program has the skeletal structure as indicated in Chapter 5§ with the fuzzy
engines embedded in the programme.
(6) The next step is to develop a “project” in the “C” environment.
This project must contain the following files. |
(a) FTC16.LIB
(b) FUZZY.0OBJ

(7} The project can now be compiled and linked to form an executable file,

3.5 SUMMARY OF CHAPTER

_ This chapter has highlighted the procedure for the design and real time
implementation of a fuzzy controller. Emphasis was placed upon the formulation of
the rules by inspecting different regions around the setpoint. In fuzzy controller
design, rule formulation is generally done on an adhoc basis, as there are no real
formal methods for rule generation Hence a detailed explanation was given to justify
the generation of the rules, which form the knowledge base.

Finally the development of the controller with the “fuzzyTECH®” software package
was explained with a step-by-step procedure to develop “C” code. The designed
controller is a generic fuzzy setpoint controller that has been implemented to control
the setpoint of two different processes. In the subsequent chapters the nature and type
| of two processes will be explained and how the generic fuzzy controller was

implemented to control the specified setpeint in each process.



CHAPTER FOUR

FUZZY SET-POINT CONTROL OF LEVELS IN A HEAT
EXCHANGER

The first plant of interest is essentially a heat exchanger that was developed to study
the gold extraction process on the mines. This rig was developed by a previous post
graduate student (De Waal,1990) and was deemed the best model to mimic this gold
extraction process. In reality this rig is a heat exchanger. With reference to fig. 4.1 it

can be seen that there are four tanks cascaded together from the top to the bottom.

Ll
- B P =t S | e TO draiﬂ
Cold water Hot water Flow
reservoir esServolr  separator

Figure: 4.1: Schematic of the counter current process

At the bottom there is a cold water reservoir from which cold water, normally at room
temperature, is pumped to the top tank and flows down to the bottom tank under the
influence of gravity.There is a pneumatically controlled valve on the outflow pipe of

each tank. These valves can regulate the levels.

Ak helical wound copper coil through which hot water flows from 2 hot water reservoir
is mounted inside each tank. This hot water is pumped in an opposite direction to the
cold water. There is no physical contact between the two streams, however there is
thermal contact. This thermal contact results in heat exchange between the two

streams. As a result a temperature gradient is developed across the two streams.

L
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The water flows from both the hot and cold reservoirs can be controlied by means of
valves. Each tank also has a stirrer, temperature sensors and a level sensor.

A previous study (De Waal, 1990) ascertained that to control the temperature gradient
as mentioned above two control loops has to be developed. Level control would be the
inner loop and temperature conirol the outer loop. It was also found that the level
response is much faster than the temperature response and thus the water levels can be
used to control the temperature gradients. Hence, the inner control loop has to be fast
and stable. Although the process is a heat exchanger the study in the dissertation was

confined to level control only. The reason for this is twofold.

(i) The inner Eobp of level control is fundamental, as the setpoints for the levels have
to be reached quickly to achieve effective heat transfer between the hot and cold
streams. '

(2) The emphasis of this study is on the fuzzy methodology for controller synthesis

and the level control problem is convenient for fuzzy logic methodology.

4.1 PLANT DYNAMICS

Because this study is confined to level control we will only consider the level
dynamics of this plant. To gain a better understanding of the level dynamics of the

plant a technique known as the ‘binary interaction matrix” was utilised.

4.1.1 Binary Interaction Matrix

As the name implies it is a matrix that indicates the relationship between all the inputs
and outputs. This is indicated by either a “1”" or “0” entry where a “1” is indicative of
an interaction between the corresponding input and output whereas a zero entry
indicates that the particular input variable does not influence the output variable af all.
This matrix is merely an indication of whether there is an interaction between an input
and output variable, it does not specify how or what effect the input variable has on
that particular output variable. The appropriate entry can be easily obtained from a
schematic of the process. This technique is useful in aiding and facilitating the

intuitive approach to fuzzy control. Hence referring to fig. 4.1 the following matrix

was obtained for the heat exchanger.

Lh
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Table 4.1: Binary Interaction Matrix (BIM)for all valves and levels in the tanks

where
Ci, i={,.5 arevalves

Li,i=1,.4 arelevelsin the respective tanks.

M1, is matrix 1.
From the entries in the matrix it is evident that controlling the level of each tank
and ultimately the whole process falls into the category of being complex in the sense
that the levels in each tank are dependant on the both the upper and lower valves. This

dependency and compensation thereof will be discussed in section 4.4.

As mentioned previously the reservoir situated at the bottom of the rig is the source of
the cold water. It is pumped into the upper tank and flows under the influence of

gravity into the tanks below. From fig.4.1 it can be seen that there is a valve that
controls the water flow. This valve, which is C1 is set at a constant value that ensures

that the tanks will neither overflow or run dry. Because C1 is set to a constant value, it

further simplifies the (BIM) above. The simplified matrix is given in table 4.2,

M2 |C2 C3 C4 G5

L1 |1 1 I 1
L2 }1 ! I 0
L3 }1 I 0 0
4 |1 0 0 0

Table 4.2: Reduced BIM with the exclusion of CI.



4.1.2  Input and Qutput Variables for the Coatrolier

From table 4.2 the choice of input and output variables can be obtained. The
controller will accept variables associated with the levels of the tanks as its inputs aﬁd
the controller outputs will effect changes in valves C2 to C5. For the closed loop
control system the levels are controlled outputs. The valve changes are the controller

actions.
4.1.3 Quantitative Data
Previous work done has ascertained that the level time responses are linear and

transfer functions in the s-domain have been formulated. According to previous

studies(De Waal, 1990) the model for level control is as depicted below.

Li(s) Gnfs) Guz(s) 0 0 Cs(s)
Lsy] | © Grofs)y Gunls) 0 Cs(s)
Ly | 0 0 Gun(s) Gl | Ci(s)
La(s) 0 0 0 Gras(s) | Cafs)

4.1
Table 4.3: Model for level control

where Gy, are transfer functions for every term and Gy are transfer functions
representing the influence of the j-th term over i-th.

Open loop step tests (De Waal,1990) also reveal that the level time responses in the
tanks have integral characteristics and are depicted in the matrix below.Their transfer

functions are represented as

(L(s)] T _ T Cs(5)]
()] T0.009 —0.01 o o
. 5 s
Lis) 0 0.0105 -0.01 0 Cals)
— 5 5
= 0.0105 -0.01
Ls(s) 0o 0 L 1 C3(s)
0.012
0 0 0 (4.2)
_L-’&(S)J L 5 _wCz(s)_

Table 4.4: Model for level contro! depicting the transfer functions for each tank



4.2 OPERATING CONDITIONS

With the data accumulated the operating conditions with reference to the effects the

valves have on the respective levels of the tanks can be discussed.

4,2.1 Influence Of The Valves
From Table 4.1 and Tabie 4.2 it can be deduced that the changes in the valve positions

are responsible for the level responses in the tanks. It is necessary to further

investigate the effect each valve has on all the levels. From the entries it can be

observed that the valves of the upper tanks affect the levels of the lower tanks as well.

However, to understand how the levels are affected, reference has to be made to

Figure.4.1 as well. The following tables detail to what effect each valve has on the

corresponding levels.

Effect of C2
L4 | Changes level by varying outflow rate
L3 - | Changes level by varying inflow rate
L2 | Change in L3 effects L2
L1l Change in L2 effects L1
Table 4.5: Influence of C2 on the levels
Effect of C3
14 | No effect
L3 { Changes level by varying outflow rate
12 { Changes level by varying inflow rate
L1 | Change in L2 effects L]
Table 4.6: Influence of C5 on the leveis
Effectof C4
L4 | No effect
L3 | No effect
L2 | Changes level by varying outflow rate
1.1 | Changes level by varying inflow rate

Table 4.7: Influence of C4 on the levels



Effect of C5

1.4 | No effect
L3 | No effect
L2 | No effect

L1 | Changes level by varying outflow rate

Table 4.8: Influence of C5 on the levels
* To further simplify the BIM table 4.5 to table 4.8 can be used. Here the valves that
have a direct effect on the respective levels, i.e. valves that effect the inflow or

outflow rate are considered. Hence the matrix can be reduced to the following.

Cz2 C3 C4 G5

14 1 0 0 Q
L3 |1 1 0 0
L2 |0 ] 1 0
LI |0 0 1 1

Table 4.9: Dircct effect of all valves

4.2.2 Desired Control Structure

With reference to Figure.4.1 and Table 4.9 the ideal situation will be to control the
level in each tank with the valve on the output of each tank only and to compensate
for the influence of the valve controlling the inflow into each tank. With

compensation the ideal matrix should take on the following format indicated in Table

4.10.



2 C3 €4 G5
L4 |1 0 0 0

L3 0 I 0 0
Lz |0 0 1 0
L1 |0 0 0 1

Table 4.10: Fully decentralised BIM

Table 4.10 is representative of the ideal matrix that should be used for the closed loop
control but the design of the regulator has to take the matrix represented by Table 4.9
into account. The rationale behind this is as follows. A regulator designed on the basis

of Table 4.9 will be centralised or hierarchical ie.

U(k)=He()+H, LK), i=L4 j=14izj k=00
ei (k):l‘spj _—Li (k) .

(4.3)

where U; is the control action, H; is the controller coefficient for the ith tank, and Hyis
the controller coefficient compensating for the influence of the jt4 tank level over the
ith tank level. Also Lsp; is the level setpoint, £ is the discrete time and ¢; Is the level

€ITor.

A regulator designed on the basis of Table 4.10 will be decentralised i.e.
U (k)= Hye,()) i=14 | (4.9)

where the coefficient H; is designed in such a way that the influence of the jih tank

level over the ith is compensated.

A decentralised approach is opted for because the dimensionality of the rules of the
fuzzy controller will be reduced and control of the levels in each tank will be

dependent upon one actuator only. This implies that the complexity of leve] control

for a single tank is reduced.



4.3 IMPLEMENTATION OF FUZZY CONTROLLER

The control Structure- is fully decentralised. Four independent controllers were
designed to control the level in each tank. The rationale behind this is to provide a
local solution to be later combined to form a global solution of level control for the
entire system. The decentralised controller only by local control actions has to

compensate for all interactions between the tanks.
44 COMPENSATION BETWEEN TANKS

It was observed that the water level in each tank was affected by both the upper and
lower valves situated on each tank. Because it was decided to use the lower valve to
control the level in _eacﬁ tank, a compensation technique had to be employed to
compensate for the effeét of the u;ﬁper valve situated on each tank. Upon inspection of
~the rule base of the proposed fuzzy controller it can be seen that compensation is
included in the design of the controller. This compensation is taken care of by the
linguistic variable, “error change™. Here error change will represent level error
change. The compensation effect of this variable can be explained by considering the -

following table and diagram.

0 0 constant

0 1 Level decreases
1 0 Level increases
1 1 constant

Table 4.11: Level response for “open” and “close’ combinations of C1 and C2



C1

2

Figure 4.2 :Schematic of a single fank

Here a “1” signifies that the valve is completely open and a “0” completely shut.
From the table it can be easily deduced that when both valves are either completely
open or shut the level in the tank will remain constant. This is based upon the
assumption that the inflow and outflow are equal. If “C1” is fully open and “C2” is
completely shut, the fevel will rise. If “C17 is completely shut and “C2” is fully open,
the level will decrease. Now if one considers differnt degrees of “openess™ for the
upper valve(“C1™), the rate at which the level rises is also affected. Thus the inflow

- rate is dependant upon the degree to which the valve aperture is open and thus it will

affect the rate of level change.
45  FUZZY CONTROL ALGORITHM GENERATION

As mentioned in chapter three the fuzzy controller was developed with the assistance
of a commercial software package called “fuzzyTECH®”. The text below describes
the development of the controller for level controller for the considered cascaded tank
system. .

In chapter 3 the design of the fuzzy controller within the “fizzyTECH®” environment
was described. The next procedure develops the actual software code to realise the
real-time implementation of the fuzzy controller. The algorithm was coded using the
“C” programming language. It is composed of essentially three parts, each performing

a specific function. These parts can be classified into the following three sections
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(1) Sampling of data
(2) Writing of values to actuators.

(3) Fuzzy algorithm
4.5.1 Sampling of Data

Data sampling was accomplished using an analogue to digital interface card, the

- DT2801. The code below forms the skeletal structure for data acquisition.

.r* ;
Procedure library for Data Translation Card DT2801
Ref: DT2801 manual */

#include <dos.h>

#include <dos.h>

#define base address Ox2ec  /*DT2801 uses port $2EC & $2ED*/
#define comm_wait 0x4 /*DT2801 commands*/

#define write_wait 0x2

#define read_wait 0x5

#define cstop Oxf

#define cclear Ox1

#define cerror 0x2

#define cadin Oxc

#define cdaout 0x8

#include "adc2801.h"

 /*Set DT2801 port addresses*/
int command_reg = base_address + I;
int data_reg = base_address;

* */
/*** ——procedure to read from card-
/*Reads the voltage from A/D channel number <chan_no>.

Result returned in the integer variable <value>

in the range 2048 to 2047 [Counts] corresponding to

the voltage input -10,000 to 9,9951 [Volt] */

_EEE]

double adc_read(int chan_no)

{

double value;
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unsigned char high=0, low=0;

“do{
}  while((inportb(command reg) & comm_wait) <= 0);
outportb{command_reg,cadin);

- do { .
}while(((inportb{command_reg) * write_wait)&write_wait) <= 0);
outportb(data_reg, 0); E
do { .

{while(({inportb(command_reg) * write_wait)&write_wait) <= 0);
outportb(data_reg,chan_no); : :
do { . ‘
ywhile ((inportb(command_reg) & read _wait) <= 0);
low = inportb(data_reg);
do { '
}while ((inportb(command reg) & read_wait) <= 0);
high = inportb(data_reg);

value = (double)((inthhigh * (int)256 + (int)low);
value = value-2048;
value = value/2047*10;

return value;
}
/* */
/***—_procedure to setup card--——***/
#pragma argsused
void set_up 2801(void)
{ . _
/ int temp; /*Discarded data*/
outportb({command_reg,cstop); *Stop DT2801 card */
/* Clear data register®/
/* temp = */inportb(data_reg);
do {
}while({inportb(command_reg) & comm_wait) <= 0);
/*Clear DT2801 card*/
outportb(command_reg,cclear);
} |



4.5.2 Data Translation to Actuators

Writing to the actuators was accompiisﬁed with a separate digital to analogue
interface card, the DT8215. The code below forms the skeletal structure for data

acquisition.

/*
Procedure library for Data Translation Card DT2815
Ref: DT2815 manual */

#include <dos.h>

#include <math.h>

. #define Data_DA 0x224 /* Data register */
#define Status DA 0x225 /* Status register */

#include "DAC2815B.H"

/* */
[***e———pracedure to write to card-—---***/
double dac_write(int chan_no,double value)

{

unsigned char hi,lo;

value = (int)(value*4096/5);
/* Poll Status reg until it =0 */
do {

} while(inportb(Status_DA) != 0x0);
/* Keep value in range */
if{ value>4095)

value = 4093;
else if{value<0)
value =(; .
/*Find high & low byte values*/
hi = floor(value/16);
lo = 16*((int)value - 16*(in)hi) + 2*chan_no + 1;
/* Send low byte to datareg */
outportb{Data DA,lo);
/* Poll status reg unti! ready for high byte */
do {

} while(inportb(Status_DA) = 0x10);
/* Send high byte to data reg */
outportb(Data DA hi);
return value; :

H

* */



/***

-procedure to setup card-—--—--***/
void reset_2815(void)

{

/* Set status register to zero ¥/
outportb(Status DA,0x0);
. /* Poll until status reg =4 */
do { //outportb(Status DA,0x0);
} while(inportb(Status_DA) 1= 4);
* Set data reg to 7, selecting program 1 ¥/
outportb(Data_DA,Ox‘/);

/* NB : 1 is added to the lower byte to be
written to the data register. This is to
diasable the firmware offset - by setting
the mode bit */

453 Fuzzy Algorithm

After the design procedure as highlighted in chapter 3, section 3.4, the “C” code is
generated by selecting the “compile” option from the pull down menu. Section 3.4.1
of chapter 3 contains a step by step procedure to generate the executable file for the
fuzzy controller. For level control the following files were generated: from

“Level_1.C” and “Level 1.H” through to “Level_4.C” and “Level _4.H".

The fuzzy system is called as a “C” function within the main program which in this
case is the main control program.

It will be useful to note that the control algorithm contains four fuzzy functions, each
one controlling a separate level. Here the fuzzy functions are appropriately named
“Level_17"Level 27,"Level 3" and “Level_4". These functions are all exported from
the their corresponding “C” modules i.e. “Level_1.C”, “Level 2.C”, “Level_3.C “ and

“Level_4.C” by including their matching header file as shown in the code below.

The sampled input values and the output values are accessed by the generated fuzzy
logic systems as global variables. Here the variable names have the name of the fuzzy
logic system appended with an underscore after éach variable name. Before the fuzzy
logic inference system is called the global variables representing the inputs have to be

initialized. All global variables are of type “FUZZY” which is defined in the header
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files. Below is the skeletal structure of the control algorithm with only the code of the

fuzzy algorithm shown.

#include “Level 1.h” ¥

#include “Level 2.h” I* Include knowledge base of fuzzy kernels
#include “Level 3.h” * |

#include “Level 4.h” WA

#include .............. /* Other “include™ files

#include ............. * |

FLAGS rvi; [*

FLAGS rv2; /* Declaration of return variables
FLAGS rv3; /*

FLAGS rvd; I*

Void main(void) { /e Start of main program
.................. /*

..................... : * Other code of control algorithm
..................... /*

initLevel_1(); /* _

initLevel 2(); /* [nitialization of fuzzy engines
initLevel 3(); L

mitLevel 4(); r*

levell Level I=...... ; *

[evégg Level 2=...... : /% Setting of input variables for the fuzzy
level3_Level 3=...... ; * engine

level4_Level 4=...... ; /*
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changel Level 1=....... ;
change2 Level 2=....... ;
change3_Level 3=....... ;

changed Level 4=...... ;

.......................

rv1=Level;1( )
rv2=Level 2()
rv3=Level 3()

rvd=Level 4()

...... =valvel Level _[;

...... =valve2_Level_2;
e =valve3 Level 3,

...... = valved Level 4;

..........................

/*
/*

/*.
- E

/*

. /*.
/*

/*
/*
,I*

J#
/*
[*
/%

/*
‘[*

/*

/'*

Setting of input variables for the fuzzy

engine

More program code

Calling of the fuzzy engines

Transfer of the output data processed

by the fuzzy engines to the process

More program code

End of control loop

End of main program
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4.6 TEST OF THE DESIGNED FUZZY CONTROLLER
Before the tests were performed it was necessary to bring the plant into a steady state
condition. To achieve this the fbilowing steps were carried out. '
The eXperiments perforrﬁed eSsen‘gially is comprised of three parts.
1. Preparation for the test.
2. Providing the test
3. Analysis of fhe results of the tests.

Table 4.12 below outlines the preparation and testing procedure.

. Preparation
Allow all tanks to be filled to
40% capacity

v

Testing Procedure
(1) Set flow rate to 8 litres per minute (/m)
(2)  Provide step tests of level setpoints in the following manner
¢ Step level setpoint of tank 4 with setpoints of tank 3,2,1 kept constant
¢ Step level setpoint of tank 3 with setpoints of tank 4,2,1 kept constant
» Step level setpoint of tank 2 with setpoints of tank 4,3,1 kept constant
« Step level setpoint of tank 1 with setpoints of tank 4,3,2 kept constant

NB: With reference to figure 4.1 the tanks are labeled from the top down from
tank 4 to tankl.

Table 4.12: Block diagram of the testing procedure

-4.6.1 Preparation Procedure

Before the fests were conducted all the tanks were allowed to be filled to

approximately 40% of its capacity. This was to ensure that the tanks were not too full
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or too empty. Essentially this was done to prevent the tanks from overrunning or

running the risk of running dry.
4.6.2 Testing Procedure

The testing procedure was then performed in the following manner.The flow rate of
the water was set at approximately 8 litres per minute (I/m) Then the level of the
uppermost tank was stepped to achieve a level of 80% capacity, to ensure that the
tanks do not overflow, while the remaining setpoints of the tanks below were kept
constant. The effect this had on the entire process was observed and documented.
This procedure was also performed on the remaining three tanks in the system.

The following table shows a summary of the testing procedure.

4.6.3 Analysis of Results
4.6.3.1 Level Setpoint of Tank 4 Stepped With Constant Setpoints of Tanks 3,2,1

.Fig'ul‘es 4.3 to Figure 4.6 documents the results obtained when the step test is first
initiated when stepping the level setpoint of the uppermost tank (tank 4) while the
level setpoints of the other tanks below are kept constant. It can be seen that the fuzzy

controllers provide effective control based upon the following observations.

With the flow rate at approximately 8 I/m the controller provides excellent level
response with regard to rise time. Figure 4.3 shows that when the level is stepped
from 40% to 80% tank capacity the water in the tank increases by approximately 8
liters. Upon inspection of figure 4.3 the setpoint is reached in approximatély 60

seconds indicating that the fuzzy controller enables the setpoint to be reached in

minimum time.

With regards to overshoot it can be seen that there is hardly any indication of
overshoot of the level. This is due to the fact that the process response is much slower

than the controller response with the result that the controtler has almost a predictive

nature.

68



Figures 4.4 to Figure 4.6 show that the levels in the three lower tanks are hardly
effected by the step in level setpoint of the uppermost tank. The fuzzy controllers for

these tanks provide good stabilization of their level setpoints.
4.6.3.2 Level Setpoint of Tank 3 Stepped With Constant Setpoints of Tanks 4,2,1

Figure 4.7 to Figure 4.10 documents the response of the levels in the tanks when the
setpoint of tank 3 is stepped and the setpoint of the rest of the tanks are kept constant.
Note that Figure 4.7 indicates that the level in tank 4 is maintained at the setpbint
value for 80% capacity (the result of the previous step test). Tank 3 is stepped to the
80% mark and tank 2 and tank 1 maintained at the 40% mark. Once again it can be
seen that there is a minimum rise time with no overshoot for the level in tank3. Also
the fuzzy controllers provide good stabilization of setpoint for tanks 4,2,1 as indicated

by Figures 4.7,Figure 4.9 and Figure 4.10 respectively.
4.6.3.3 Level Setpoint of Tank 2 Stepped With Constant Setpoints of Tanks 4,3,1

Figure 4.11 to Figure 4.14 documents the résponse of the levels in the tanks when the
. setpoint of tank 2 is stepped and the setpoint of the rest of the tanks are kept constant.
Note that Ffigure 4.11 and Figure 4.12 indicates that the level in tank 4 and tank 3
respectively is maintained at the setpoint value for 80% capacity (the result of the
previous step tést). Tank 2 is stepped to the 80% mark and tank 1 maintained at the
40%mark with tank 3 and tank 4 at the 80% mark. The result of the step is minimum
risetime with no overshoot of the level in tank 2. The fuzzy controllers provide good

stabilization of setpoint for tanks 4,3,1 as indicated by Figures 4.11,Figure 4.12 and

Figure 4.14 respectively.

4.6.3.4 Level Setpoint of Tank 1 Stepped With Constant Setpoints of Tanks 4,3,2

Figure 4.15 to Figure 4.18 documents the response of the levels in the tanks when the
setpoint of tank 1 is stepped and the setpoint of the rest of the tanks are kept constant.

Note that Figure 4.15 and Figure 4.17 indicates that the level in tank 4 , tank 3 and
tank 2 respectively is maintained at the setpoint value for 80% capacity (the result of

the previous step test). ). Tank 1 is stepped to the 80% mark and tank 4,tank3 and tank
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2 maintained at the 80% mark. The result of the step is minimum risetime with no
overshoot of the level in tank 1. The fuzzy controllers provide good stabilization of
setpoint for tanks 4,3,2 as indicated by Figures 4.15,Figure 4.16 and Figure 4.17

respectively.

Based upon the results obtained for the step tests it can be seen that the fuizy control
algorithm has provided satisfactory setpoint controf of the levels in the cascaded tank

system.

Lavel step response

2 v 3 h v
2 v ’ 1 B 1 . v v
. . 3 i h P . -
Tt . i . H h ' . V-
- . ' B . . . . i
B § MRS SRR SUREPRNIEIN P | P, o | S SR
3 h ' v . ) . . H ¥
. i H . H . . ' w
: . . . ' . v . ¥
' . v ¢ i . ' ' -
| T e — . ———— - :
. ' i . . . .
P s . ' H . It
3 B . . s h
70

e T S H e U

‘
'
+
RS J

8

£
i3
=
Ve v
& ' ) 14
o ! .
[ H . H . : :
"B H ' s H
: A PSS S
= 5 ' s t . h . Y
. . . . 1 ) N :
L2 » ' ' N v
o ] 1 4 » b
R : . T VU o : i
. Q-'iu RO e g Teem——- e —— B R Ridaidiad S mmmm———— 5
g N 2 r L} ' . i ) £l » v
G H 4 . . : . H ' H
2 H N . ' ’ <
é e ; . . 3 . . + " e
B e cmsmsrerammmmmm g ————n AU Sy L S e E e — -
£ ; T : ; ; d
wT | } H ! H '
- 1] ' .
N E 1}
H
.
h

Timer ise seeonds {5)

Figure 4.3: step response in tank 4

70



. L_evel.sie_g't'reepnns; )

e e m e g m A mmmm mm e e e e g v m P e ————————— o

¥

P L L T T Topupy AT S

T L S

O
'
i
.

Q. Y

e

.
s
b
1
'
L
h
'
v
.
s
H
+
W
i
]
1
'
'
1
]
13
'
b
'
'
1
1
1
r
]
'
b
1
¥
]

mraravvdmrraaretemmm mmmh e m ke mmm e

H ) i

* ' 1

) H i

i 1 )

] L 1

' ' H
:

[ S

: : ‘

; H .

H H i

i h I

: : i

. : '

Lo anat taaman L

h g b

: h .

: : ;

: h H

! : ;

: ; :

N 1 0

PO U .

; '

. i

' H

h :

. )

i :

1 ]

YR SN

:

+

S N T T Teyupay, A RO P AR B SR

L

A

RS- A
Timi incsefonds {5} .

1

P I

70

e

i

i

= 1]

#juaa

]

d

=
.| SR

tank 3

: level response in

Figure 4.4

Lavei sTep r@sponsa

)
_
_
i
1
v i
H i
! [P RS ]
; : E
t ]
‘ " i
semdmaean 4 3 T,.I"...s...-.,imw
m Pl P :
S A SURGE R SR N S SR O "
i ] H H ) 1 1
“ Lo b
R ERREE SECRELARLRE ....._..,..."..-..".....pﬂ
] 1 ] 1 + * [ "
1 ] ) ] + + .
) ! H i J H 1
B S LT { s AUNDORF DOUS S e I |
H 1 | H . H |
* . ) 1 + 1 1
..... p S R IRt EELEERPPRS BEE |-
] " ' ' ) ¥ ) .
: ; ; | , : d H h )
] " 1 ' v + ' 1 B
i I 1 L I i [ i &
8 B . B B 8 B 9 ®m R 2 =

*
.
.

.

y

'
1
b
{
'
'
'
i
)
v
'
1
H
i
1
3
)
.
H
'
.
'

'
v
.
v

Uy g3 e

A e I TET R L T Y DU PP,
H

———aaem-
.
H

.
M
.
-
W

R Ll LY PP

.

.
»
-
'
>

s

'

]

i

i 35 cm_Ecmu;ﬂ_ @ﬁh:u-auu.xcg.

intank 2

: level response

gure 4.5

71



d
'
H
.
'

Siipicedamuiacpanid

L ,_i.&a...i..&m“._.:}_ f#5 suwy

:
;
-.,.»..uw....im
P
3 P smm
| . Il 1 ] ' :
A Foor o B
& R Lot 8
e A S S oot 8 g
L b s
ER N . LR
R ST [T
Lo Eoo X
"_, ; rencaaiaa) .....:...m ..... m....:m.
oo T
.....m......m_..-.'." .m:...m...-.;m.
N oo
” lllll m. ----- “ ||||| w»lll&nt-lnnc..u.-l..nlmll.llw
R R
A T T R T
B & R B B % ® .H ¢

level response in tank 1

Figure 4.6

ey

evreafernes

T e e

' '
' '
v v
i '
i v
] ‘
......... R LR
y ' '
' h
) )
i '
] 1
| 1
PRPURY [ - [
I i
' '
1 '
' '
' '
) '
\ '
P T T e D R TR LI T T
) v
i i
i v h
! i '
i 1
] 1
' i
PRI 1S P NP
' \
' '
i .
1 s
1 '
] ]
'
B R it
' '
[+ ‘ '
I I |
h v |
+ '
v '
P YT LT
4 v
' '
' )
1 '
1 '
’ '
' .
amade e

'
'
)
i '
¥
'
'

1
'

'

'

' L

D A PELE LT
'

'

'

1

)

P

vy 1] SRS

R

) b

|1 S
[

% A

wiue ssad U Ail7acdes yue)

100

Timz in seconds (s}

: level response in tank 4

Figure 4.7



B O U S SR S -

. Time in'secands (s)

t
!
_ ; 2.
_ _
: :
_ :
bome ;
S v H H ..-"....x.. mw
H H ' ' H
B N ] 1 '
! H ] ' H
! Fever i “
g e preesgree e Leveed
; ; b e - m
B : N e oo :
: - ] o =) I '
P : A L s T S
y H b P M 1 il !
P ! P = . :
e : oo ‘o o :
e Aermanham-dey @ -l e rnaa ,
21 e ' 1 Mw..m:. 2] n v e ®
g3 ' ' ' o = £ ' i
g P R g B ;
e b g [+ g1 :
g R E 9 G femm el ;
|-\lm.,“ 1 n 1 n e (=X} s ..-..tn“-'uluv aw
B \ . : & b S B H ' '
SEY oo g =% 100 :
e T T SO PUPRO- PS Sh, NOHE DIPOUIS HPES- U IR S =9 g o 5 _
' 1 ! ’ =t '} !
g C _ 7 SERCTEE Lo
T N . N R
o oo . o Lo _
IV Mmoo ma= PR S - ; : .
[ ook {R N i :
1 1 il . IRt [
L A g L R
PR R ! ! = I \ ' 1
A teeesbee-d A o oo b
: : ; : H o : ' .
R ' : ; : [ - r .-..,.“i...,_...-... 5]
I T S b oo b -
0 A s A B S et b P
K ' N H ) ) ) N + N
Ui 3 ) i H ] * 1, * *
A ! ' : ) i JREEEN - PN R =
H \ ' ! : ' ' ' ' |
o N R [ Lo N v
78§ R & I L n
s () eBejupoiv g = i i :
: g 8 e e

. .ﬁ.nma_cm.:g_ i} n__um_._mu..,_c,&.

tank?2

in

level response 1

-

Figure 4.9




 Lavel Step responsa:

*
’
‘
[

AR S
v

T T T R

b

B R ]

g Vg ORI

v

e e o e e e A A R AR R AR e m g mm htm ey m e -y ——————

1
i

5
'
3

n
'
1
'

e gy

S AW
&U__--.‘

B

E

.,w..w.r..w mmfcmu_mz ul u_,_uf_mu.‘,

e

L

inszconds ) -

i

fank 1

mn

level response i

gure 4.10

i

Level siep response

U == - - e nE

: sa.a?.w._:mu;__,c_ .:ﬁmgnﬂ Auk],

R R S B U PO - |
' ' ' 1 ' ' ' ' -
v ' ¢ ' ' ' ‘ '
' . ¢ ' ' ' ‘ '
' . ' ' ' ' ‘ '
¢ 1 ‘ y ' v { '
' ‘ v i ' B '
| . ' ] . : . .
an B Tt T T P an =]
' ' ) , i ' ‘
' ' ' ' . ' ’ '
' 1 ) i ' ‘ ' .
' ' 1 ' ' ' v '
' ‘ ' ' i ' . .
! ' ' ‘ . N . '
............... L e LT N
v ' h 9 ¥ v v v &
' v ' . ‘ I ' '
4 ' 1 . ' « ' v
. + . 1 ' ' ) I
v ‘ 3 ' ' ' . ‘
‘ ) ' . ' ‘ ' . +
' v . 1 ' ' ' ‘
B R L EE Tl LRI LT e K
¥ v v ' v v v i =
+ i ‘ ' ' ' ' v
+ I . 1 ' | ' ¢
i . 3 v ' « ' v
. v 1 ' . . v .
' . [ ' v . ' '
' b ' ' ‘ ' . ' '
B U e U AP
; R S S A A L
i h ' ' i ' ' .
' ' ' ' ' 1 ‘ ‘
i ' . ' ‘ ' ' .
' ‘ ' ' i ' ' '
1 . ' ' ' ’ ' v v
R LT LT | . wedianaihaaan P 4 menadd
v | t 4 v ' ) h @
1 v ' ' i 4 ‘ ‘
* ¥ ’ 3 . + 3 . I
. ' i ' . . + . ‘
' 1 ' ' ' ' . ' '
' y ' ' ‘ ' : i «
¢ ' ' ' ' ' ' . .
Bl T T T Ry SRRpuptor SROUTORS MM R A
h d y f : h i ; g
' ' ) \ ' ' ' v
' ' . ) ' ’ . '
' ' v \ \ ‘ ' '
1 ' ' ) ' ' ' ‘
' 1 . ' . ' :
' . v * v i '
el L LR T TR NOuy Sh S A R RRE R LT -1
3 ' 1 ' 1 v '
H ' . [ [ + ' O
) ' ' ' i . ' '
' ' 1 i ' v . '
' ' ' ' ‘ ' .
h i i ' ' + ' '
" ' y . ‘ ' '
. DI PSR R O N
_ R R R Su [
' i ' ' ' '
i ‘ . + + '
' 1 . + + .
i ' + ' . '
' ' ‘ + ' i
N XL L TE P v R, YRS PN S
e R LREE SETRI R, SUPRS =
i v ‘ ' ' ' .
i ‘ 1 ‘ ' i ¥
i . ' . ) y '
i + i ' ' ' '
. 1 [ ' 0 ' '
I JS S -
<3 3 =
goB-® S &8 B 2°5.°

Tune in secands (5}

in tank 4

level response

11:

gure 4.

1

74



ER S-SR NS S R v, S
'

S ST

‘Level:step respanse.

e LT LT S PN SO Ep U

¥
¥
3
3
v
'
2
v
v
t
H
"
v
B
..
o
100

sof----e-

e
() obbrunoted

(=4

[ __n_._.%u ,_:.m._.

BT ) I

Time i $econds (5]

in tank 3

: level response 1

Figure 4.12

Levei SIEQ s@5pOnSe

—— - e n P PP SR $ AR g A
R A S e i |-
\ . 5 5 B \ B H
' i ' ' ' I B ' -
) i , ‘ . ' ( '
3 v ‘ ' . ' ' '
‘ v ' i . ) ' '
' \ ' ; §
Y | e X EE LT ELTIPLAPIY P IS —— 1]
’ ) + ) ’ 1 1 ]
. I . ' . ' '
' 1 ' 1 ' 1 ' '
i " ] ] ll * ] 1
1 ] ' 1 1 1 ] . .
' i ' ' ' ¥ 1 .
[ Y L TSI T R R SRR Py g e
e it e R [
' ) ' 1 ' ' ) i
i ‘ ' i \ ' ' '
) ’ t ) ¥ 1 ' 1
] 1 t ) ' ] 1 1
. 1 ¥ 1 t L] [ [l
] ] " . + ’ ] ’
[EF S S . . Ceena TN [—
' H . i . \ 1 '
' ¥ ' ¥ . ' . i
) 1] Ll ] ] ] t ]
' ] ) ] ] ] ' ]
v + . s . h N v
H ‘ ' ‘ ’ 1 ' .
S S § e + R A, [ ®
[ L3 1 [ 1 ) L] '
. 1 1 ] ' t ) ] ]
¥ ' 1 ' Ll L3 ] t 1
i il 1 \ 1l Il ] * 1
' i ' ' ' v ) ‘ '
r v ' ' ' ' ' . '
1, sl . et s -
..... Y { 3 : t mw
1 ) 1 1 » 1
' ' " ' ] +
' ' ' \ v .
1 ' i ' ' i
' ' ' ! ' H
' i ' ' '
vmrnmlnras deagonineau- hunaa e meaa o uoud
] . ' ] * 0
1 1 ] ] B h
' + ' 1 ' '
] * 1 L] ll 1
1 * ] 3 1 ]
3 ¢ ' + ' '
..... e cmmmpemaaanaann [T e
L] L] + ] 1 r
' ' ¢ ' ' v
1 + 1] 1 0 "
' ' H ‘ H '
' v . ¢ ' '
) 1 + " 3 1
) 13 L] . ]
P . | R N TR L
i v . i \ '
h ' H . ' '
i ' 3 ' . '
) ] ' ) * [
] + 1 ' L] 1 -
1 ] 1 ] ' ] .
deamaalanaad Y g
T i v v . ¢ =
] : ) " [ [
1 4 1 1 ‘ '
) * 1] L] + [
1 . 1 L] 1 1
o ] ] 1] ] ]
[ I 1. ] i
® 8B F B B 2 ‘® 8 @ .9

{25) efiwpuaad u) _:_uunu.u u__:a.._.

Time in secands {s)

k2

step response i tan

gure 4.13

i

F



sa -

¢ lover step-résﬁ

wwkd i dbi iyt

v
'

g

'
]
]
1
'
I
]
i
1
]
]
1
il
+
v
'
1
1
+

T

fh

'

)

1

1

'

i

v
e fanan

]

]

i

'

i

+
cvenbuana

g

'

]

'

]

'

+
R

.

1

r

b

'

i

'
mranpauan

i

l

1

'

1

'

'

1

3

3

+

i
wmamboanun

1

'

1

)

H

r

1
PP .

'

'

]

]

1

i

i
B

i

'

]

1

¥

]
wesalaaas

-
' *
1 ¥
i 1
1 1
+ A
1 )
' 1
- e
' 1
' 1
ot )
' P
' 1
' 1
T T P e Y T L
' V
' 1
' i
' 1
1 t
] 1
¥ ]
e I
N ]
H 1
+ '
* ]
i +
' ¥
' '
B S . E T T LR T LTS "
' *
i i
1
i .
1
* 1
B P
. 0
H '
!
'
* 1
'
' ¥
B Y LT Ty rpupn o
s ]
‘ '
' '
! )
' i
1 5
' *
- cmaap
'
* 1
' i
] i
1 .
' [l
' i
g wewap
' 1
' )
1 5
+ t
. i
¥ t
da .-.*

i
R

i
i

e “Time i secands (5)

et O
=

-

£ —

I
o} alieyusanedl up kjpsedes s,

-

level response in tank 1

Figure 4.14

Level sreb fesponse

T PR

adaid

: " (o} oBejuaciad U Ky quey

Time in seconds, (S5

.........:. .,.......
AR A g
. N
] . ) ] ’
: ! R N
N I
oo N
TR A S DU
FHEEE TR KESTES TXRY 4y m T 3 m
PR A
v T
P -
N -
[ T
N I
| IS LI S LT N ety Gt DUy S
! : ) : i h 5
. r + ' 1 )
- R S -
oo S A
P ooy
oo O
b R
[ S SN S S
: ; : h : H B2
S N
P N
O N
oo -
oo N
P b
T A O T )
] ' L] + 1] )
N A
N A
N S
h ] ] ] ] ¥
oo I S
- [N TS T L TP e — lnws =
denensd ] b b 3 i &
T A
1 * » ] L} ]
oo N
EE oo
v IS
E] ] ] . ) t
[ Y LR baamm Neemaducsaclyman m
1 [} v ] * ] -
* b ] 1] ] ]
N -
il ' T ) L} ’
N S
S -
T Ll ] ] . 1
LT S S S S - =)
1 ] 1] ] 1 1 )
1 ] v ] . 1 ]
oo N :
oo - '
Eo T !
oo Voo '
H » 1 ] 1 ) ] 5
PR JORS. VR A (AR U A el H
AR e '
oo Voo ;
N R - ;
H I ;
r . 1 + " ) )
] r ) 1 L] t * B
! Teamundonnus asumn LR LR e wha -
||||| e t b .w " .—. - m
R R '
' R S !
; T :
! - ;
L] ] 13 ] [ 1
j S O S T | L,
L .
E B . B B 8 9 =g o

intank 4

level response

-
-

5

Figure 4.1

76



Swtugiladutiv
:

DT S0 S R —

- Eevel 'steﬁ responsa

Fdh aifid be bl e

L Py,

t

Il

[

[l

«

[

———
R

I

]

il

1

Il

'
mrmrkrme

¥

‘

]

‘

]

'

+
P |

+

i

'

i

]

‘

i
PP

.
.
1
_——————

3
1
1

=0y

Time in seconds ().

'
H
i
1

H
N
L

= m mmpmmmm b m

] S
5
-~
a_:‘ .

) N

o) ebepunaiod vy A

i

o
=
-3
R

=3
&

o

i IR

A0

R .

level response in tank 3

Figure 4.16

Lavel SIER rRSpONSe

.
]
.
v
.
+
»
1
[
1
i\
*
]
-
i
1
"
t
i
1
+
1
1
[
v
S
"
il
4
t
i
1
il
'
v

T P S

p
m.

a1

" & H

" ) 9Ohss0Iad up Apaedes Aue )

Tima in seconds (s}

intank 2

level response

.
-

oure 4.17

i

11



-~ Level stepirenonsy

e e SRR A A

S N N N T T L R N NN N

i SERUSIE | - i SRR | R+ SO - LR - R S - - : | e
SLrr T R . Tmedtescendsfs) L T

Figure 4.18: step response in tank 1

4.7 SIMULATION IN LABVIEW

A simulation of the cascaded tank system with the implementation of the designed

fuzzy controllers to control the levels in the tanks was implemented in using

LABVIEW. LABVIEW is a software package that has various toolboxes to assist

with the simulation of various engineering applications including control engineering.

It is packaged with pre-defined blocks for display panels and simulations.
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Figure 4.19 : Simulation showing a step from 40% to 80% capacity in tank4 with
other tanks remaining unchanged.
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Figure 4.20: Simulation showing a step from 40% to 80% capacity in tank3 with
other tanks remaining unchanged.
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Figure 4.21: Simulation showing a step from 40% to 80% capacity in tank2 with
other tanks remaining unchanged. '
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Figure 4.22: Simulation showing a step from 40% to 80% capacity in tank with
other tanks remaining unchanged.



.4.7.1 Simulation Model

The model for the simulation is based upon the model derived by (De Waal,1990) as
_ mentioned in section 4.2.3 and depicted by table 4.4.

4.7.2 Labview front Panel

Figure 4.23: Simulation of tank system in LabVIEW

48 TUNING OF THE FUZZY CONTROLLERS

Tuning involved iterative “tweaking” of various fuzzy controller parameters such as
the scaling gains of the input and output variables. This was done offline and in the
absence of certain adaptive techniques such as that employed by the integration of
neural networks and genetic algorithms with the fuzzy control methodology. This was

decided upon as the optimisation criteria were satisfied with minimum effort with

manual tuning.
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4.8.1 Optimisation Criteria

The following criteria have been identified as the requirements for obtaining an
optimised controller.

(1) Minimum time response of the controlled output. i.e. the water level in the tanks.
(2) Reduction or elimination of steady state error.

Based upon the criteria specified above the strategy that was adopted was to have a
- combination of on-off control for large error values and finer P control near the
setpoint. To formalise this, error values that do not fall within the “zero” fuzzy set will

be regarded as “large™. This applies to both negative and positive values.

4.9 SUMMARY OF CHAPTER

This chapter has dealt with the real time implementation of the- optimized fuzzy
controller for the level control plant. The controller is comprised of essentially a
hardware and software component. The hardware is composéd of a host computer that
communicates with the process under control via input and output interface cards. The
software component can be subdivided into the fuzzy algorithm, data read algorithm
and data translation algorithm. Together all these component parts are integrated to

form the controller in the feedback control loop.

The implementation of the controller has yiclded results that can be regarded as
satisfactory for effective closed loop level control because the level responses to a
step input compare favorably with those obtained from the implementation of
conventional Pl controllers in a previous study (de Waal,19%0). From the results for
both the practical implementation as well as the simulation it can be seen that with the
implementation of the decentralized fuzzy controllers there is a minimum time

response for the controlled output as well as negligible overshoot and steady state

€ITor.
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CHAPTER FIVE

FUZZY LOGIC CONTROL OF THE DISSOLVED OXYGEN
CONCENTRATION IN AN ACTIVATED SLUDGE PROCESS

Water, in whatever form, is a necessary ingredient for virtually all living organisms.
This in essence is what makes our planet fundamentally unique. More than 70% of the
planet is covered with this vital resource, however only a small percentage is fit for
human consumption. Nature has always had the ability to cleanse itself and that
includes the water present in our environment.

However over the decades urbanization has increased and people have flocked to the
major city centers. This massive influx put a major burden on the di8posa1 of
wastewater. Nature could tolerate the small communities that existed yesteryear and
could handle the natural cleansing of water. Communities close to the city center grew
at a phenomenal fate and the disposal of wastewater was no longer a trivial process.

- Our sewerage disposal systems deposit the effluent water in large water bodies such
as lakes and the surrounding oceans. It was thought that due to the vast expanse of
these bodies of water that thé amount of effluent being disposed of is insignificant and
that the lakes and oceans could tolerate this wastewater. However, this is not the case.
Mankind has reached a point where we realize that more attention has to be paid to
the preservation of our environment lest we seek our own destruction. Globally
stricter measures are being instituted to ensure that the effluent wastewater from the
treatment process is at a level of acceptable standards. As a result there is a need for
advanced control and supervision strategies for these wastewater treatment plants.
Operators of the plants play a vital role in the operation of these systems and have to
perform regular checks on a wide range of aspects to ensure that the guality of the
effluent is within acceptable limits. Howefrer, due to stricter limits, margins of
tolerance become smaller and under certain conditions, such as large input
disturbances in input flows and inpﬁt concentrations, operators require some form of

assistance to ensure that the plant is still operating within the normal specifications.

Hence, control strategies are needed because of unpredictable input flows and

unpredictable input concentrations. This then poses the question of “What is good
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control?” Well the answer to that question could possibly be a financial one. If a
control stfategy can ensure that the effluent quality stays with the acceptable limits,
then financially this is viable, as there will be no imposition of fines. Also in terms of
the actual plant, if running costs can be reduced then the control strategy is welcomed.
As an example if the control strategy reduces the following without compromising the
effluent quality then the control strategy is also welcomed.

¢ No unnecessary use of chemicals

¢ No excess oxygen transferred to water

‘e No unnecessary recycling of water.
5.1 WASTE WATER TREATMENT PLANT

Treatment plants are wide and varied but generally they all attempt to accomplish the
following.

» Removal of suspended solids

» Removal of organic material

e Removal of phdsphate ~ (plant dependant)

* Removal of nitrogen

The treatment process can be divided essentially into 4 stages as indicated below.
» Mechanical treatment

* Biological treatment

¢ Chemical treatment

s Sludge treatment
5.1.1 Mechanical Treatment

In this stage large solids that can cause potential physical damage to the process is
removed. On route to the wastewater treatment plant many particles of different sizes
is swept along with the flow. At the front end of the process are grids, which remove
solids such as Wood, paper even motor vehicle tyres. After this stage are sand filters
fhat remove the smaller particles. As a last stage there might be a presedimentation

process where smaller heavier particles are removed.
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5.1.2 Chel__nical Treatment

Chemical treatment is an optional process as not all plants have been designed for this
part of the process. However this will be mentioned for purposes of completeness.
The process is mainly concerned with phosphorus removal. Phosphofus contributes to
the proliferation of algae and if the effluent is to be deposited in standing water bodies
the rapid growth of algae can cause oxygen depletion in the water. Chemicals are
added which cause the phosphorus present in the water to precipitate and flocculate
which can then be removed through sedimentation or fleatation. Not all of thé
‘phosphorus is removed in this process as some is present in the organic material that
was removed in the previous physical removal stage and some is removed in the

biological treatment stage where they are locked in the microorganisms.

_ 5.1.3 Biological Treatment

Ideally, after the water has passed through the previous two stages most of the
material that is left in the water is organic. Now, to remove the various organic
 substances microorganisms are used to essentially transform the organic material into
biomass. In particular the process of interest is sﬁeciﬁcally designed for the removal
of nitrogen. In these processes nitrogen is usually in the form of ammonia and nitrate.
An interesting aspect of the wastewater treatment is that this part of the plant is a
natural process. As mentioned in the introduction this is where nature takes over to
start the cleansing process. These microorganisms occur naturally in the bodies of
water however in the wastewater plant their numbers are in abundance. The
environment for the organisms also contains nourishment in very large quantities. As
the microorganisms propagate and grow and as nitrogen gas is being produced the
" water .stalts its cleansing process. Ultimately the growing biomass is removed with the
subsequent processes and the water contains a minimum of effluent substances. This
‘ biological treatment forms the core process and is commonly known as the activated

sludge process.
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5.2 THE ACTIVATED SLUDGE PROCESS

In its basic form the activated sludge procéss (ASP) consists of an éerated tank and a
settler. By pumping air into the tank the microorganisms utilize oxygen to oxidize the
organic material. As a result some of this material is transformed into carbon dioxide
and some is incorporated into the cell mass. This cell mass is the sludge that is then
removed in the secondary settlers and passed on to the sludge treatment process. The
success of this process is heavily dependent upon the recycling of sludge from the
secondary settler. This is required to ensure that the biomass population is maintained

at a proper level.

As mentioned above the process can also be configured for the removal of nitrogen.
This is a relatively complex procedure with the entire process involving the actions of
both.autotrophic as well as heterotrophic bacteria. Nitrogen is divided into two stages
namely nitrification and denitrification.

Nitrogen can occur in the form of ammonium (NH,") as well as in the form of nitrate
(NOy). In order to remove these compounds the process should be configured to have
both aerobic as well as anoxic tanks. Anoxic is a term that implies that there is an
absence of dissolved oxygen. With ammonium the generation of nitrogen gas is
essentially a two-stage process. In the aerated tanks the ammonium reacts with
oxygen and is transformed into nitrate. Incidentally, ammonium is not converted
directly to nitrate. When ammonium reacts with oxygen the product is nitrite. The
nitrite in turn reacts with oxygen to produce nitrate. This is the first stagé of the
conversion process and is known as nitrification. The success of the nitrification
process is dependent upon both a rich supply of dissolved oxygen and a sufficiently
long sludge age. Slﬁdga age refers to the length of time the sludge is retained in the
system. Nitrification is a relatively slow process and hence 2 long sludge age is

required to ensure the success of this first stage. The first stage is accomplished by the

actions of autotrophic bacteria.

In the second stage of the process nitrate is converted into nitrogen gas (N3) by
heterotrophic bacteria. This is known as denitrification. Because there is an absence of
oxygen in the anoxic tanks heterotrophic bacteria utilize the nitrate to oxidize the

organic and inorganic compounds. It is during this process that nitrate is chemically
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reduced to nitrogen gas. For a successful denitriﬁcaﬁon process the requirements are
in direct opposite to that of the nitrification process. Because heterotrophic bacteria
have a higher growth rate than autotrophic bacteria denitrification is not dependent on
- a long sludge age. Also it requires low dissolved oxygen levéls to ensure that the
nitrate is used for the oxidation process as opposed to using the oxygen. Also, there
should be an abundance of readily btodegradable substrate.
In terms of plant configuration for nitrogen removal it can either be d'esigned for pre-
denitﬁﬁcation or post-denitrification. In pre-denitrification the anoxic tanks are placed
before the aerobic tanks and there is a requirement to have internal recycling of water
from the aerobic tanks to ensure that high concentration of nitrates is passed on to the
énoxic tanks. The advantage of this configuration is that the denitrifying bacteria has
an abundance of organic material from the incoming water. The disadvantage is that
the recyclea ‘water coﬁtains oxygen, which makes the denitrification process less
_efficient. As a result an external carbon source is required to reduce the oxygen
concentration. In a system that has post-denitrification biodegradable substrate will be
oxidized and therefore the addition of carbon will be required in the anoxic tanks. |

33 MODELLING OF WASTEWATER TREATMENT PROCESS (WWTP)
53.1 Description Of The Activated Sludge Model No. 1 (ASM no.1)

Wastewater treatment plants are characterized by dynamic behavioral characteristics.
This dynamic behavior can often be more complex than most industrial processes
because the dynamics of WWTP are under the influence of living organisms. Also
there can be large variations in the composition and concentration of these organisms,
which further contributes to the ever-changing nature of the WW characteristics. In
order to improve the performance of these plants certain control strategies have to be
employed.- However thesé strategies are dependent upon the ability to model the
process in some way. Hence one has to ask, “what is a model”. The definition of a
model is wide .and varied but in essence a model can be seen as a representation of
some reality. In this instance that reality is the ASP. Although this dissertation deals
with fuzzy logic control, the process of interest will still be matheniatically modeled.
" The reason for this is that it has become accepted practice to utilize the JAWQ
éctivated sludge model No.1 (ASM1), see Henze et al (1987).
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The ASMI has been characterized by having thirteen state variables as indicated in

the table 5.1 and eight processes. Each reactor is defined by differential equations

comprising the state vanables and eight processes. These processes are:

¢ For heterotrophic biomass
1.  aerobic growth -
2. anoxic growth

¢ For autotrophic biomass which do not grow in an anoxic environment

3. decay
4. growth
5. decay

¢ For the substrate

6. hydrolysis of slowly biodegradable substrate to readily biodegradable

substrate

¢ For the nitrogen

- 7. Hydrolysis of suspended organic nitrogen to soluble organic nitrogen.

8. Ammonification of soluble organic nitrogen to ammonia.

 Organic (COD).
solue ert (S

Nitrogen(N)-

a.mmoa {Snm)

oxygen ()

suspended inert (Xj)

nitrate (SNO)

alkalinity (Sapx)

suspended inert products ( Xp)

soluble organic nitrogen (Sxp)

readily biodegradable substrate
(Ss)

suspended  organic  nitrogen

(Xsp)

slowly biodegradable substrate
Xs)

heterotrophic biomass({ Xzpg)

autotrophic biomass (Xpa)

Table 5.1: State variables as defined by the ASM 1 model with abbreviations

mndicated in brackets
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53.2 Simulation Model in MATLAB/SIMULINK™ -

In the ASP each tank is regarded as a bioreactor. For these reactors by applying
material and energy balances using the fundamental transport, stoichiometric,
thermochemical, and kinetic relationships can develop models. Based upon this the
models comprise of a set of differential equations which can be easily solved with the
aid of powerful simulation packages such as MATLAB/SIMULINK™. In this study a
generic model for a bioreactor for both an aerobic and an anoxic tank was developed
and simulated in MATLAB/SIMULINK™. The entire ASM NO.1 model has been
used to model each bioreactor compartrnént with the exception of the reactions related
to alkalinity because it does not have a significant effect on the other components.
Also it is common practice to combine the compounds for particulate inert matter X;
and Xp into one variable, X As a result every reactor is modeled iﬁ
MATLAB/S[MU_LINKTM is modeled using 11 differential equations. Also to simplify
~ the model the sedimentation process is considered to be ideal. For model development
it is assumed that each bioreactor is completely mixed and each compound defined in

termis of a mass-balance equation. The mass balance equation has the following

structure.

S RO CAOR0)
where,
e Pt isinfluent concentration of the component
e P(1) is the concentration of the component in the effluent
e D) is the dilution rate (flow/volume)

e Rp(t) denotes reaction rate for the component.

The reaction rate Rp(2) has different forms in dependence of the type of the process
and components. The different reaction rates are described below according to the
ASM! model. They describe reactions occurring in both anoxic and aerobic
environments for the respective compounds. For model development however it

should be noted that when modeling an aerobic tank the reactions that are attributed to
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anoxic conditions should not be incorporated into the model. In a similar vein when
modeling anoxic tanks reactions associated with aerobic conditions should not be
taken into consideration. Also the hydrolysis and decay processes are ignored given
the poor knowledge of the hydrolysis process.(Henie et al,1987).

According to the IAWQ model the reaction rates for the various compounds are

defined as follows.

dSS __ﬁH SS SO X _
- B.H
dt Y \Ks+8;, A Ky +8,
7, K
Ay S 0.H Syo ]Tnga,H"' (5.1)
Y A\K;+85 \Kpp+85 AKyo+Sw0

X.S'
e ([ s, J”[ Ko }[ o .
th*’X%X Kou +5S, Kog +80 NKyo +Sy, ’
BH

dXs
dt

== £, Yo Xy +B,K 5t )-

X | (5.2)
k A B.H § a +7 K 0K S NO X
h X Koy +S0) "\ Kow+S0 NKso+Swo )| **

dX
"j = fp(bHXB,H +bAXB,A) 7 (33)

S, S,
H _p X, +
dr yH[KS+SSIKOTH +SOJ B

5.4)
S Koxn Syo J

3. 7. Xpu —by Xy
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ds 1-Y, . S K S
NO _ _ H e s o0.H NG ngXB,H +
dt 2.86 K;+8; A Ky +85 NKyo +Sxo

Baf S | _So |y
Y\ Ky + S NKou+So | 2 (5.10)

The parameters present in the reaction rates above are standard values according to
the list as compiled by the IAWQ model parameters. A listing of these parameters are

available in the appendix.
5.4 CONTROL OF THE DISSOLVED OXYGEN CONCENTRATION

The dissolved oxygen concentration in the aerobic bioreactors should be adequate
enough to ensure that the microorganisms efficiently do the removal of organic
| cbmpounds and ammonium conversion to nitrate. On the other hand a high
concentration of dissolved oxygen will require a high airflow rate, which will result in
excessive consumption of electricity as well as possible degradation of sludge quality.
Also a high concentration of dissolved oxygen present in the internally recycléd water
can result in poor denitrification. Hence from the previous discussion it can be seen
that proper control of the dissolved oxygen concentration is a necessary requirement

both from an economical and process point of view.

Because of the importance of dissolved oxygen control many different control
strategies have been proposed in the past. Many of the control strategies have been
from a classical point of view. Many researchers (Flanagan et al, 1977), (Wells,
1979), (Ko et al, 1982), (Holmberg et al, 1989)Bocken et al, 1989} Rundqwist,
1986)(Carlsson et al, 1994) have contributed to the development of control strategies
to maintain propex; levels of dissolved oxygen concentration in the aerobic reactors.

This study has however concentrated upon the development of a control strategy
based on fuzzy logic control theory.

The fuzzy logic control strategy is ideal for control of the dissolved oxygen
concentration because of the ability of this paradigm to handle the nonlinear dynamics

of the dissolved oxygen concentration.

94



54.1 Description of Mass Balance Equation for Dissolved Oxygen
Concentration -

As described in section 5.3.1 the compounds present in the bioreactors are defined in
terms of a mass balance differential equation. Because the objective is to control the
dissolved oxygen concentration a more detailed explanation of the equation governing
the dissolved oxygen concentration will be given. The mass balance equation
describes the rate of change of the dissoived oxygen. Consider the terms on the right
hand side of the equation. The first term is a mass balance comprising of the
difference betweeﬁ the influent oxygen and effluent oxygen multiplied by the dilution
rate, The next term describes the addition of oxygen and the last term describes the

respiration rate of the microorganisms.

20O 20 (), (- 700 + K, auO) - YO ~RO (5.11)
Where

j;(t) is the DO concentration in the aerobic tank

yi,,(zj' s the DO concentration of the input flow

y;m is the saturated value of the DO concentration

o) is the flow rate of the wastewater.

V Volume of wastewater

Kiafu)  is the oxygen transfer function

uft) airflow rate in the aerobic tank

R respifation rate

What is of importance is the oxygen transfer function. The mass balance equation that
-governs the dissolved oxygen concentration in the aerobic tanks has the oxygen
transfer function Kja as part of the equation. This parameter is essentially nonlinear in
nature and for an effective control strategy should be incorporated into the design of

95



- the controller. The oxygen transfer function describes the rate at which oxygen is
transferred to the water by the aeration system and it is a function of the airflow rate.
Various methods been devised to define the transfer function but the most common
way to describe it is by the following equation. The relationship between thisr
parameter and the airflow rate is a non-linear one. A typical model to represent the
telationship betweeﬁ ‘the airflow rate and the oxygen transfer function is an

exponential model as depictéd in the equation below.
Kra(u(t))=k,(1-¢***?) (5.12)

Where,

k, and k, are parameters associated with the aerobic tanks.

Based upon this the DO concentration can now be controlled by controlling the
airflow rate. In equation (5.11) above K;a is replaced by equation (5.12) above,

The type of control action employed in this study is one of set-point control. Previous
studies (Nielsen and Lynggard, 1993) (Lindberg, 1997) have found this type of
~control to be effective for efficiently controlling the dissolved oxygen concentration

and its subsequent effects such as lowering the nitrate concentration in the effluent.
5.5 SIMULATION SETUP IN MATLAB

A block diagram of the simulation as implemented in MATLAB/SIMULINK is
shown in figure 5.1 below. The process simulated consists of five biological reactors
similar to the one as specified by the IAWQ benchmark for evaluating control
strategies. The pi'ocess is configured for pre-denitrification with the first two tanks
being anoxic and the rest of the tanks configured as aerobic. |
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Figure 5.1: The simulation as setup in the MATLAB/SIMULINK environment
5.5.1 Code Description of Bioreactors in Matlab

The anoxic and aerobic tanks in tﬁe vsimulink simulation has been setup as S-
functions. An S-function essentialy enables users to define custom simulink blocks
using either MATLAB or C-language code. This is a useful feature as it enables
existing code in MATLAB or C to be incorporated into the simulink environment. It
is also useful when portions of code is easier to define algoriﬂunically as opposed to
graphical methods with the use of block diagram notation. It 1s particularly useful in
this instance as it is easier to define the biological reactors algorithmically coﬁsidering

that each reactor is comprised of approximately 11 differential equations.
Below is a skeletal structure of the code defining each bioreactor

function [sys,x0,str,ts] = bioreactmodinc(t,x,u,flag) %define function name
%CSFUNC An example M-file S-function for defining a continuous system.
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switch flag,

R A R R A

% Initialization %

%%%% %% %% % %% % %% %% % %

case 0, |

[sys,x0,str,ts]=mdlInitializeSizes;

%%%%%%%%% %% %% %%

% Derivatives %

%% %Yo % %o %% %% % %% %%

case 1, '

sysﬂdlDeﬂvaﬁves(t,x,u);’

Yo% Ye Y6 %% %% %

% Outputs %

%%%%%%%%%%%

case 3,

sys=mdlOutputs(t,x,u);

% %% %% % %% % %% %% %% %% %%

% Unhandled flags %

%%%%%% %% %% %%%0%%6%% %%
case {2,4,9},

sys=[};

Yo%6% %% %6 %% %% %% Y% %Y %% Y6 %6%

% Unexpected flags %

Y%%%%%%%% Y% %% %% %% % %% %

otherwise _

error(["Unhandled flag = ',num2str(flag)]);

end

% end csfunc

%

% mdlInitializeSizes
% Return the sizes, initial conditions, and sample times for the S-function

Yo




function [sys,x0,str.ts]=mdlInitializeSizes \
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates ={;
sizes.NumOutputs = 11; |

~ sizes.Numlnputs = 20; - Initialization
and setup of
sizes.DirFeedthrough = 0; > the S
sizes.NumSampleTimes = 1; function
occurs here

sys = simsizes(sizes); _
x0=[20,8.4,1552,81.0,143 9,50.6,0,0.6,9.7,0.7,4.3];
str=[};

ts =[00};

% end mdilnitializeSizes /

%o

% mdlDerivatives

% Return the derivatives for the continuous states.

%

function sys=mdlDerivatives(t,x,u)

% PARAMETERS

%Include all values for parameters to be used in differential equations.

%INPUTS
%oDefine all inputs to the system.

% FLOW RATES AND TANK YOLUMES
.%Include all flow rates and tank volumes

% DEFINE THE SETTLER CHARACTERISTICS

%Include items such as sludge age.
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%DEFINE PROCESSES ACCORDING TO IAWQ MODEL

%Include equations describing the various processes occurring in the reactor

%DEI;'INE DIFFERENTIAL EQUATIONS ACCORD]NG TO IAWQ MODEL
%AND PLANT LAYOUT |

%lInclude all the differential equations that describes the bioreactor.

% end mdlDerivatives

o ,

%

% mdIOutputs
% Return the block outputs.
%

%

function sys=mdlOutputs(t,x,u)
SYys = X;

% end mdlOutput

The use of S-functions also allows for flexibility to enable physical parameters such

as influent concentrations, flow rate, and bioreactor size to be changed.
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3.5.2 Simulation Parameters

Soiveti wmmm] nsagmm} Advmeea} nea;rmwmfm}

Sinulation time : S :
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ox l Carv:ell Hep 1 Apply

Figure 5.2: Simulation parameters for simulation of fuzzy dissolved oxygen
control

5.5.2.1 Integration Method

" The selected method of integration is of vital importance. The differential equations
are characterized as stiff and hence the integration method chosen in the simulation
environment is ODE15S for solving ordinary stiff differential equations. Even with

this choice of integration method the simulation runs fairly slow.

5.5.2.2 Period of simulation

The simulation period represents fourteen days. This is dictated by the data that is
input in the system. This data is a diurnal pattern representing the inflow constituents

over a period of fourteen days. This pattern was obtained from the benchmark model
for testing control strategies of activated sludge plants.
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Table 5.2: A snapshot of part of the diurnal pattern used in the simulation

5.6 Design and Implementation of fuzzy controller

For purposes of the simulation the controller was developed with the fuzzy logic

toolbox in MATLAB. The controller was designed on the basis of the work done in

chapter 3. Figures 5.2 to figure 5.4 show the input and output linguistic variables for

the designed fuzzy controller.
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Figure 5.3: A snapshot of the screen showing the linguistic variable “error” as
designed with the fuzzy logic toolbox

Figure 5.2 shows the dialogue box for defining and editing the input linguistic
variable “error”. From the figure it can be seen that the fuzzy sets are placed on a
normalized universe. Editing of the fuzzy sets can be done by either entering the
parameters of the fuzzy sets in the “Params” field or by clicking on the fuzzy set and
dragging the corners of the fuzzy set with the mouse. The name of the fuzzy set that is
being edited appears in the “Name” field.
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Figure 5.4: A snapshot of the screen showing the linguistic variable “error change” as

designed with the fuzzy logic toolbox
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Figure 5.5: A snapshot of the screen showing the linguistic variable “actuator
change” as designed with the fuzzy logic toolbox
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Figure 5.6: A snapshot of the screen showing the rules as designed with the fuzzy

logic toolbox
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5.6.1

Procedure for simulation

The following procedure was followed to simulate the fuzzy control of the dissolved

oxygen concentration in an aerobic reactor.

At the MATLAB command prom;;t the input diumnal pattern was loaded
>> load inputfile

The fuzzy designed fuzzy controller was then loaded.
fuzcon=readfis('filename") |

This creates a fuzzy inference system (fis) matrix in the workspace

- corresponding to the fis file 'filename’ on disk.

5.6.2

Start “simulink™, the simulation environment

>> simulink .

In simulink the designed simulation was loaded. This is done using the pull
down menu of simulink and leading the file “DO_CONTROL”.

Once the simulation design is loaded the setpoint value for the dissolved
oxygen concentration is set to 2mg/1.This is done in the block representing the
step input in the simulation schematic.

The simulation is then started by selecting start from the simulation menu or
simultaneously pressing the keys CTRL_T. -

Results obtained

The simulation yielded positive results that showed that even in its untuned state the

fuzzy controller performed admirably. Using the diurnal pattern as input to the system

the dissolved oxygen concentration will show fluctuations as the input concentrations

to the system vary. Under the control of the fuzzy controller the dissolved oxygen

concentration in the aerobic tank showed a reduction in fluctuations. The important

aspect of maintaining the proper dissolved oxygen concentrations is evident in the

concentrations of the effluent such as nitrogen.
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The results show that even in its untuned state the fuzzy controller performs
adni_irably yielding results that show a reduction in the fluctuations of the dissolved
oxygen conceniration in an aerobic tank. Coupled with this it can be séen that there is
also a reduction in the concentration of nitrogenous compounds in the effluent
wastewater. This can be seen by comparing the results obtained in figures 5.8 to
figures 5.11 with those obtained under uncontrolled conditions in figure 5.13 to figure
5.16.

Sa (AERORIC | COMTROLLED)

[0 515| Al

Figure 5.7: Response of dissolved oxygen concentration under fuzzy setpoint control
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Figure 5.8:  Plot of ammonia concentration in the effluent under controlled
' conditions

Figure 5.9: Plot of nitrate concentration in the effluent under controlled conditions
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Figure 5.10: Plot of soluble organic nitrogen concentration in the effluent under
controlled conditions

Figure 5.11: Plot of soluble organic nitrogen concentration in the effluent under
controlled conditions
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Figure 5.13: Plot of ammonia concentration in the effluent under uncontrolled
conditions
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Figure 5.14: Plot of nitrate concentration in the effluent under uncontrolled
conditions

Figure 5.15: Plot of soluble organic nitrogen concentration in the effluent
~under uncontrolled conditions
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Figure 5.16: Plot of soluble organic nitrogen concentration in the effluent
under uncontrolled conditions

5.7 SUMMARY OF CHAPTER

In this chapter a brief overview of a wastewater treatment plant was given with thé
emphasis placed upon th.e activated sludge plant where water is biologically treated. A
| description of the modeling of the ASP was given and the various components present
in wastewater were described. Based upon this and the ASMI1 NOIL. model is
described and it is shown how a simulation of the ASP was accomplished in the
MATLAB/SIMULINK simulation environment. Finally the results of the
implexﬁentation of the designed controller to control the setpoint of the dissolved
oxygen concentration in an aerobic tank is displayed and compared with the results
obtained when no control for dissolved oxygen is implémented. It has been shown
that the implementation of the designed controller has yielded positive results even
before it has been fine-tuned for optimal control. In the next chapter the issue of
tuning and controller optimization will be investigated and implemented.
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CHAPTER SIX

TUNING OF THE F UZZY_CONTROLLER

This chapter deals with the aspect of fuzzy controller tuning. The tuning of fuzzy
controllers ‘has always been a topic of great debate and research because of the wide
"range of choice of quantities that can be used for tuning. Hence, when designing a fuzzy
controller the designer has to decide upon a suitable method or technique for tuning the
controller. To improve the behavior of fuzzy coﬁtrollers the parameters can either be
manually tuned or an optimization téchnique can be employed. This chapter gi'ves a brief
overview of the options available to the designer when considering optimization
techniques. The method employed in this study 1s explained and shown how it was
utilized for optimizing the fuzzy controller to control the dissolved oxygen concentration

in the wastewater treatment plant.

6.1 A PROBLEM FOR TUNING OF THE FUZZY CONTROLLER

6.1.1 Fuzzy Parameters

A fundamental problem with fuzzy controller implementation is related to tuning of its
parameters, which includes the placement, and shape of fuzzy sets. Other elements of the
fuzzy controller such as amount of fuzzy sets also affect the behavior of the controller but
these choices are included in the design stage rather than being included in the tuning
stage. This essentially constitutes the major drawback of fuzzy controllers because of the
large amount of parameters to be tuned. Initial approximate adjustm_ent is parficularly
difficult as there is no prescribed way to accomplish this. It is also known that good

convergence of optimization methods is strongly dependent on initial settingis (Pivonka

and Blaha,1999).
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6.1.2 Non-linear and Linear Fuzzy Controllers

There exists few formal tuning methods. Fuzzy conirollers are essentially characterized
as nonlinear controllers with a lack of tuning methods. Because their inherent non-
linearity they can pose difficulties with regards to tuning and analysis. This inherent

characteristic of non-linearity stems from

e therule base -
¢ inference method

o the defuzzification method.
6.1.2.1 Non-linear Surface of the Fuzzy Controller

Non-linearity caused by the rule Base is caused by both the fuzzy sets and the rules
because when fuzzy sets are shifted and reshaped the control strategy expressed by the
rules can be non linear. A plot of the control surface provides a very qﬁick way of
assessing the controller as this surface encompasses useful information about the
controller and gives the designer an overall view of its parameters. By changing scaling
gains the effect can be immediately noticed on the surface plot. The rippled surface
present is as a result of the rules and fuzzy sets. Increasing the amount of fuzzy sets of
each variable on the input and output variables will result in a decrease in ripple and
amplitude. Also increasing the gain of the variable such as the output will result in an
increase in the slope and hence the controllers gain. As mentioned previously adjusting
the fuzzy sets will enable gain tuning of the controller in specific regions of the control
space. This effect is easily noticeable from a surface plot and is characterized by different
slope gradients in certain areas of the plot. Using this concepf an ideal situation would be
to have a very small gain when the signals are small and larger gains as the signal
increases in magnitude. Hence small gains will be represented by a shallow slope and
larger gains by steeper slopes. This can be achieved by adjusting the fuzzy sets of the
output fuzzy variable by making the sets near the origin more closely spaced with
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increésing broadness of fuzzy sets further away from the origin. This can be seen in
figure 6.5 and figure 6.6 which are surface plots of two fuzzy controllers which have the
same parameters for the fuzzy sets of the input linguistic variables but different
parameters-for the output linguistic variable theses are shown by Figures 6.1 to Figure 6.4

respectively.
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Figure 6.2: Input linguistic variable “error change”
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Figure 6.3: Output linguistic variable “actuator change™ with all fuzzy sets
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Figure 6.5 : Plot of control surface with the output as defined by the parameters in
figure 6.3 P

Figure 6.6 : Plot of control surface with the output as defined by the parameters in
figure 6.4
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When considering the inference method connectives such as ‘and’ and ‘or’ are non linear.
Also defuzzification methods can be a source of non-linearity as weil. Fuzzy controllers
can however be designed to have linear characteristics. The following steps defines a
procedure for achieving this (Jantzen, 1998)
¢ Fuzzy sets on the linguistic universes of the-input and output variables of the
controller should overlap each other at the meinbership value of 0.5.
* The ‘and’ connective should be implemented with the algebraic product.
e The rule base must be the outer “and’ product of the input families '
s Singletons should be ﬁsed for the output variable with their positions determined
by the suin of the peak positions of the input sets. |
» For defuzzification use the Center of Gravity method.

6.1.3 Techniques For Improving Fuzzy Controllers

To improve the behavior of fuzzy controllers the parameters can either be manually
tuned or an optimization technique can be employed. By adjustiilg the placement and
shape of fuzzy sets optimum values for the parameters of the fuzzy controller can be
reached. Optimization can require a vast amount of time if there are many guantities to
adjust in the fuzzy controller. Also optimization in many cases is not performed directly
on real processes and the success of the optimization becomes heavily dependent upon
the accuracy of the mathematical model of the process (Pivonka & Blaha, 1999).
Amongst the different techniques employed for tuning experimentation, optimization
techniques and development of corresponding conventional controllers can be employed
to assist with the adjustment of the parameters of fuzzy controllers. In this chapter a brief
Voverview of various techniques used for hming of fuzzy controllers will be reviewed.
They are _

e Conventional controller techniques

» Neural fuzzy systems

» Genetic algorithm systems.

119



6.1.4 Overview Of Tuning Methods
6.1.4.1 Using Conventional Techniques

One technique is to derive the tuning parameters for a fuzzy controller from an equivalent
conventional controller, which may be a PL PID, or PD type. Fuzzy controllers are
essentially nonlinear and more cumbersome to set controller gains corhpared to its
conventional counterpart (Jantzen,1998). It was shown that there does exist similarities
between fuzzy controllers rand conventional controllers taking certain conditions into
consideration{Siler&Ying, 1989;Mizumoto, 1 992;Qiao&Nﬁiumoto, 1996;Tso&Fung,1997)
.The startihg point is to use a conventional controller, replace it with a linear fuzzy
controller and then make the fuzzy controller nonlinear and to fine tune it. The rationale
behind the technique explained above is that it offers the designer some systematic
procedure to tune the fuzzy cqntroHer. By using techniques such as Ziegler-Nichols,
Kappa-Tau, pole placement etc. the gains of the conventional controller can be easily set

up and transferred to the equivalent fuzzy controller.

The following technique for tuning a fuzzy controller for controlling a step change in the
setpoint is given below (Jantzen,1999) N
o Develop a crisp controller, and tune it using known methods(Ziegler-Nichols,
Kappa-Tau, optimization, hand funing etc.)
e Insert a linear fuzzy contoller
e The parameters such as X, T; and [/T; should be transferred to GE,GCE,GIE and
GU using the table 6.1. '
o Then insert a linear rule base
e And finally fine tune the controller using hand tuning; GE for improving rise
time, GCE for damping, and GIE to remove steady state error. '
where, GE is error gain, GCE is error change gain and GIE is integral gain
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Fuzzy controller K, I/T; . Ty

P GE*GU

PI : GCE*GCU GE/GCE
PD A GE*GU _ | GCE/GE

PID GE*GU GIE/GE GCE/GE

Table 6.1: Relationship between fuzzy and PID gains

Also to demonstrate the relationship between conventional and fuzzy controllers a
research project was embarked upon at the Dresden Medical Academy in Germany in
1994 and a number of software files was written which was later updated by Victor

Colazzo as a first version to run under the Matlab environment. A detailed and useful

document can be found at the followmng website; http://www.csc.umist.ac.uk/ .
6.1.4.2 Alternative Tuning Methods
6.1.4.2.1 Neural Networks

There also exists a large amount of work on the integration of other technologies and
techniques with fizzy logic for the purposes of tuning. The integration of neural networks
with fuzzy logic to form hybrid systems has been intensively investigated with Lee and
Lee being one of the pioneers in this field (Lee & Lee,1975). Basically in a fuzzy neural
netwerk' (Gupta & Rao,1994;Pal & Mitra,1992;Pedrycz,1992) there exists both a fuzzy
system and a neural network where the fuzzy system is a fuzzy inference block
converting ling&listic information for the neural network or the arrangement is such that
the neural network drives the fuzzy inference block. Ultimately the main idea of
integration of theses two technologies is to combine the strengths of each, which results
in the ability of the controller to adjust its performance by learning and accumulating
experience. A plethora of information exists on work done in this field and many

different neural network paradigms have been formulated (Huntsberger & Ajjimarangsee,
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1990 ;Tsao et al,1994; Bezdek et al,1992;Chung & Lee,1994;Carpenter et
al,1991;Carpenter et al,1993). ' |

6.1.4.2.2 Genetic Algorithms

Genetic algorithms are modeled after the natural optimization process present in nature
where the principles of nétural selection, evolution, and genetics are simulated fo -
parameterize the many variables of a fuzzy controller. One of the pioneering work in this
field was done by Karr (1991). Karr’s method parameterizes both the weighting of output
sets as well as fuzzy set shapes. There was then an attempt to improve upbn the method
of Karr by including rule minimization in the search (Lee & Takagi,1993). The next
improvement on this was to allow the number of rules and the size of the search space to
dynamically vary during the search (Cooper & Vidal,1993). As with fuzzy neural systems

mentioned above a vast amount has been done in this field and research is ongoing.
62 TUNING OF FUZZY SET PARAMETERS

The utilization of the techniques as described in the previousr section really implies an
implementation of some adaptive mechanism, where the mechanism has the principal
role of altering the parameters of the controller to improve its performance so that the

process output satisfies some criterion.

It was previously mentioned that tuning can be accomplished by adjusting a vast range of
quantities of the fuzzy controller. It was also mentioned that there is no recommended
method for tuning and the designer has the option of choosing any of the quantities for
tuning. In this study the tuning procedure is concentrated upon the adjustment of the
fuzzy sets of the input and output controller variables. The advantage of this is that
altering of fuzzy set definitions allows for gain tuning within specific regions of the
respective universes whereas tuning of scaling gains will alter the gain uniformly across
the entire universe. An example of the effect it has on the control surface is shown in

section 6.1.2.1. Hence the adaptive mechanism that effects a change in the scaling or
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fuzzy set parameters afe called self-tuning whereas the adaptive mechanism that modifies

the rule base are called self-organizing where a large amount of initial research in this |

area was done by Mamdani and colleagues (Mamdani & Baaklini,1975;Mamdani et al
,1976;Procyk & Mamdani,1979 ; Yamazaki & Mamdam 1982)

Tuning of fuzzy set definitions haé met with objection (Mamdani,1976;Tong,1976). The
argument is that fuzzy set definitions are not chosen at random but chosen to reflect the
meaning of the linguistic values taken by the variables. However, research has shown that

modifying fuzzy sets can provide a means for effective tuning (Nomura,Hayashi &
© Wakami, 1991;Maeda,Someya & Funabashi, 1991;Glorennec,1991;Bartolini et al, 1982).

63 TUNING OF THE DESIGNED FUZZY CONTROLLER

Finally the technique implemented is a fairly simple iterative process that does not make

use of any of the techniques described in section 6.1.4.2 above. This was done, as it was
ot required to implement a hybrid system ( neuro-fozzy or genetic algorithms and fuzzy

logic integrated) to optimize the parameters of the fuzzy controller. The algorithm for the
 tuning procedure is based upon the work done By Bartolini and co-authors (Bartolini et
al,1982). The algorithm modifies the parameters of the fuzzy sets based upon a number of
specified performance measures such as the average steady state error. The algorithm
employed is concemed with improving the controller’s ability to track the setpoint as
close as possible. In this algorithm there are essentially three performance indices of
concern. They are the average error and maximum and minimum error. Figure 6.7 shows

a flowchart of the algorithm The controller should try to maintain the setpoint in the
region of + 2% of the desired setpoint and it has been found that the performance indices

stated above are sufficient for this purpose.
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6.3.1 Description Of Procedure For Tuning

The algorithm dictates the tuning procedure in the following manner.

Compute the avéragc error, maximum and minimum error

Determine whether the average error is within the specified limit indicated by e

If it is not within the specified limit determine whether the average value is
positive or negative '

If it is positive perform ACTION A or if it is negative perform ACTION B and
then repeat the process. B

If the average error is within the specified limit check whether the max error and
minimum error is within the -speciﬁed limit.

If the maximum error is not within the limit perform ACTION D and then check
minimum error '

If the minimum error is not within the limit perform ACTION C, then repeat the
sequence. Hf the minimum error is within the limit END the tuning procedure.
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Figure 6.7: Flowchart of the algorithm employed or tuning
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< Action C End Tuning
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6.3.2 Description of the Tuning Actions
With reference to Figure 6.7 the tuning actions are described as follows

e If the average error is too large then the fuzzy sets are modified as depicted in the

figures below.
Membership function plots - . mﬂ THIE‘ .
K i3 T T T T % I W
Abpve CQLABove Ok CLB=lgw Below
i [ S »
85 R
Zr==m==- >
: i T i i 3 ] I i z
4 ¥ o8 X a2 o B2 G4 . . g8 oH 1
TRt variabie “error® ’ . I

_ Figure 6.8: Tuning action A and action B
Lrmmmees »  Action A
4+—O Action B
s If the error is predominantly negative then fuzzy sets CLAbove and Ok are
modified. CLAbove will have its apex moved towards the origin and Ok will have
its left side moved towards the origin. This is indicated by the dashed arrow in
figure 6.8 and is ACTION A. The effect that this has is to increase the degree to

which the error values are recognized as negative.

o If the error is predominantly positive then fuzzy sets CLBelow and Ok are
modified. CLBelow will have its apex moved towards the origin and Ok will have
its right side moved towards the origin. This is indicated by the solid arrow in
figure 6.8 and is ACTION B. The effect that this has is to increase the degree to

which the error values are recognized as positive.
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e Now once the average error is within the acceptable range the maximum and
‘minimum error has to be checked. If it is exceeds the tolerance as stipulated by

alpha (@) above, then the fuzzy sets on the extreme ends are modified.

Membership funclion plts - ot pants: 181
T " T T — PR
Ahgve €L Above Ok ClBelow Below
KEy--omm- > )
05 A
A
E] i 3 H : i i i ! :
K a5 BE 4 B2 o 0.2 o4 0§ o8- 1
ingut variable “error” ’ :

Figure 6.9: Tuning action C and action D
(rmmmos > ActionC
4O ActionD

e With ACTION C the fuzzy set Above has its apex and rightmost base parameter -
moved closer towards the origin. This action further helps to increase the degree
to which error values are recognized as negative. With ACTION D the fuzzy set
Below has its apex and lefimost base parameter moved closer towards the origin.
This action further helps to increase tﬁe degree to which error values are
recognized as positive.

e The tuning action is stopped if the maximum and minimum error values are

within the specified tolerance range.

The tuning algorithm is an iterative process and the parameters of the fuzzy sets are

modified by small incremental changes at a time as large changes can cause oscillations
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to occur. It was found that changes need only be made to the linguistic variable error. The
output fuzzy set was manually adjusted according to the description above. With only one
variable to tune the optimization procedure can be executed much quicker than tuning of

three variables.

6.3.3 Description of Tuning Algorithni in the MATLAB environment

Below is a description of the MATLAB code for the tuning procedure. It is essentially

comprised of three sections.

1. Fuzzy controller generation
2. Simulation of the process

3. Parameter tuning

load inputfile; /* loading of diurnal pattern as input to system

tel=[; TN
tol=0.5;
n=0.5;
tp=0.5; | >_ generic parameters for the fuzzy controller
tor=0.5;

ter=1; L

diss7nov; /* calling of m-file to generate fuzzy controller

options = simset('FinalStateName',‘ﬁlename',’LnitialState’,[State]);} run simulation
[t,x,y]=sim("thebiopidinputfile Iwithfuzzy'[tx ty],options);

avg=mean(err); Calculation of average error , minimum and maximum
mx=max(ert); error
mn=min(err);
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while(mx > 0.04),
if 0.04 > abs(avg),
mx = max({err);
mn = min(err);
if mx > 0.04,
tor = 0;

ter = ter-0.05;

end
if mn < -0.04,
tol =0;

tel = tel-0.05;

end

\

Checking of average , minimum and maximum error
values and then adjusting of fuizy parameter variables

if performance indices are not satisfied.

else
ifavg <0,
tn = abs(avg); Checking of average , minimum and maximum error
end | values and then adjusting of fuzzy parameter variables
ifavg > 0; % if performance indices are not satisfied.
tp =avg;
end
end J
diss?nov; /*Generation of fuzzy controller with new parameters
options = simset('FinalStateName', filename', InitialState',[ State])7™
[t.x,y]=sim('thebiopidinputfilel withfuzzy',[tx ty],options); Simulation
avg=mean(err); ' ' rerun to test
mx=max(err); updated
mn=min(err); controller
end ~/
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6.3.4 Description of The Algorithm for Fuzzy Controller Generation

Below is the algorithm that generates the fuzzy controller. This portion of code is called
by the main tuning algorithm described in section 6.3.3 with the filename “diss7nov”.
This is an important portion of the tuning code as it has to accept the new parameters for

the fuzzy sets and modify them accordingly

i 4

Declare name of
FIS MATRIX

I
h 4

Add input and
output linguistic
variables

!

Remove fuzzy
sets that are
autogenerated.

|

h 4

Add fuzzy sets to
input and output
variables

|

v
Define rulebase

|

i 4

Add rules to
rulebase

l

end

Figure 6.10: Flowchart depicting fuzzy controller generation in MATLAB



In figure 6.10 1t can be seen that a portion of code in the algorithm has to remove fuzzy
sets that are auto generated. If this is not done then the user defined fuzzy sets that are

added to the system will overlap with the auto generated fuzzy sefs causing the structure

of the linguistic variable to be corrupted. Below is the code for fuzzy controller

generation.

% Generation of Fuzzy Eference System (FIS)

a=newfis('do");

% Addition of input and output variables

a=addvar(a,'input','error’,[-1 1});

a=addvar(a,'input’,'errchg’,[-1 1]);

a=addvar(a,’'output’,actchg'[-1 1]);

%In this version of Matlab the fuzzy sets that are auto generated should be removed

a=rmmf{a,'input’,1,'mf,1);

a=rmmi{a,'input’,1,'mf,2);

a=rmmf{a,'input’,!,'mf’ 1);

a=rmmf{{a,'input’,2,'mf,1);

a=rmmf{a,'input',2,'mf’,2);

a=nnn_1f(a,’input‘,2,’mf,l);

a=rmmf(a,'output’, 1,'mf,1);

a=rmmf{a,’output’,1,'mf,2);

a=rmmf(a,’output’,l,'mf’,1);

%Addition of fuzzy sets for input variable NO.1

a=addmf{a,input’, 1,'Above’, trimf, [-1.5 -tel -tol});
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a:addmf(a,‘input‘,1,.‘C1Above‘,'trimf',[-1 -tn 0]);

—addmf(a, input’, 1,'Ok’,trimf[-tn O tp]);

a=addmf(a,input’, 1, CLBelow’,trimf, [0 tp 1]);

| a=addmf{a,'input’,], Below','timf, [tor ter 1.5]);

%Addition of fuzzy sets for input variable NO.2

a=addmf{(a,'input’,2, Incfast’,'trimf’, [-1.5 -1 -0.5]);

a=addmf{(a,'input’,2,ncslow’,'timf’,[-1 -0.5 0);

a=addmf(a,'input’,2,'Constant’,'tnmf', [-0.5 0 0.5]);

a=addmf{(a,'input',2,'Decslow’,'trimf’, [0 0.5 1]);

a=addmf{a,input’,2,'Decfast,tdmf, [0.5 1 1.5]);

%Addition of fuzzy sets for cutput variable NO.1

a=addmf{a,'output’,1,'Openfast’,'trimf, [-1.5 -1 -0.1]);

a=addmf(a 'output, 1, Openslow trimf’,[-0.2 -0.1 0]):

a=addmf{(a,'output’, 1, Nochange','trimf', [-0.1 0 0.1]);

a=addmf(a,'output',!,'Closeslow’,'trimf’, [0 0.1 0.2]);

a=addmf{a,'output’,1,'Closefast’,'trimf’, [0.1 1 1.57);

% Definition of Rules in indexed format

rulelist={1 111 ;1211131151421 151531 31,2111 1;2221 123211,
24311;25411;311115322113331 1;34411;355_1 1412114;
42311;43411;4441145511,51311552411,53511;34511;
555117

%Add Rules to Rulebase

a = addrule(a,rulelist);
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6.3.5 Simulation Procedure

The procedure of tuning is repetitive during the time horizon of the process and the time
intervals were selected to be one day as this time period is adequate for such a slow
process. Also it was shown that the optimized parameters weré well determined to
compensate for the daily disturbances input from the diumal pattern. During the tuning
procedure the simulation was performed with command line directives as this oﬁ'e-red
greater flexibility. Following is the code that sets the conditions and runs the simulation.

options = sﬁset(’?malstateName’,'ﬁlename’,’lnitialState’,[Staie});
[t.x,y]=sim('thebiopidinputfilel withfuzzy',[tx ty],options);

The “options™ part of the code is used to setup the initial simulation conditions and to
save the final state of the simulation. The final state that is saved is used as the initial
conditions for the next period in the tuning procedure.

The “sim™ function then runs the actual simulation with the selected options and the time
interval set by the variables “tx” and “ty” in this function.

6.4 RESULTS FROM THE TUNING PROCEDURE

As indicated section 6.3.5 the time interval is one day. The first time period is regarded as
the startup period until steady state conditions are reached. From Figure 6.11 it can be
s;een that steady state conditions are reached after approximately 7 hours with slight
variations about the setpoint value of 2mg/l. The diurnal pattern is over a period of 14
days and hence the controller parameters will vary each day. These parameters are shown
in Tables 6.2 through Table 6.15. The results for the optimized controller for each day
over the 14-day period is shown in Figure 6.11 through Figure 6.52.
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6.4.1 Results for the Period day 0 to day 1

FINAL FLOT @ - 1)

18 T T T L T T

i i H I i ;
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Timm(daysl

Figure 6.11: Final plot of dissolved oxygen concentration value for the period
day 0 to day 1.

Figure 6.12: Plot of fuzzy controller surface for the period day 0 to day 1
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Figure 6.13: Plot of tuned fuzzy sets of “error” linguistic variable for period day 0
to day 1

CONTROLLER INPUT.. CONTROLLER OUTPUT

Error Erro__cge Actuator_change
Above [-1.5-1-0.08 0] | Incfast (-(1-0500] |Openfast |[[-1.5-1-0.50]
CLAbove [-1-0.0800] Incslow [-0.500.50} { Openslow [-1-0.500]
Ok [-0.0800.080] | Constant |[00.510] | Nochange | [-0.500.5 0]
CLBelow [0 0.08 1 0] Decslow 0.511.50] Closeslow {00510)
Below {0.08 1 1.5 0} Decfast [-1-0500] ] Closefast [0.511.50)

Table 6.2: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 0 to day 1

6.4.2 _Results for the Period day 1 to day 2

Although the plot in figure 6.14 looks very oscillatory it should be observed that the plot
shows 2 zoomed in view and that the maximum deviation from the setpoint is
approximately 0.04, which is negligible. This is the case for all subsequent plots of the

dissolved oxygen concentration.
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day 2

Figure 6.15: Plot of fuzzy controller surface for the period day 1 to day 2
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to day 2

Above [1.5-0.90 Incfast | (-1-0.50 ] enft [-1.5-1-0.5 ]
CLAbove [-1-0.500] Incslow [-0.500.50] | Openslow -1 -0.5 00}

Ok [[0500.50] |Constant |[00.510] |Nochange |[-0.500.50]
CLBelow [00.510] Decslow |[0.511.50] |Closeslow {[00.510]
Below 00251.50] | Decfast |11 0500] | Closefast | [0.5115 0]

Table 6.3: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day | today 2

Figure 6.14 to Figure 6.16 show the optimized trajectory, the controller surface, and a
graphical display of the controller parameters respectively.
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6.4.3 Results for the Period day 2 to day 3

today 3

Figure 6.18: Plot of fuzzy controller surface for the period day 2 to day 3
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[(1-0500] | Openfast [-1.5-1-0.50]

Incfast |

Above  |j-1.5-0.950 0]

CLAbove [-1-0500] Incslow (-0.500.50] | Openslow |{-1-0.500]
Ok [-0.500.50] Constant [00.510] Nochange [(0.500.50]
CLBelow f00.510] Decslow [0.511.50] | Closeslow |[00.510]
Below [00.3 1.50} Decfast {-1-0500] | Closefast [0.511.50)

Table 6.4: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 2 to day 3

Figure 6.17 to Figure 6.19 show the optimized trajectory, the controller surface, and the
graphical display of the controller parameters respectively.



6.4.4 Results for the Period day 3 to day 4

1o day 4

Figure 6.21: Plot of fuzzy controller surface for the period day 3 to day 4
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Abve

'[-1.5-0.55 0 0]

-1 0.5 0 0]

[-1.5 -1 -0.5 0]

Openfast
CLAbove [-1-0500] Incslow [-0.500.50] | Opensiow |[-1-0.500]
Ok [(0.500.50] | Constant {[00.510] Nochange |[-0.500.50]
CLBelow [00.510} Decslow }[[0.511.50] {Closestow |[[00.510]
Below [00251.50} | Decfast [-1-0500] | Closefast [0.511.50)

’I able 6.5: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 3 to day 4

Figure 6.20 to Figure 6.22 show the optimized trajectory, the controller surface, and the

graphical display of the controller parameters respectively.
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6.4.5 Results for the Period day 4 to day 5

day 5

Figure 6.24: Plot of fuzzy controller surface for the period day 4 to day 5
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1 -1.5 -0.8 0 0]

to day 5

cast

[-1-0500] |

Above [-1.5 -1 -0.5 0]
CLAbove [-1-0.500] Incslow [-0.500.50] | Opensiow |[[-1-0.500]
Ok [(0.500.50] |Constant |[00.510] Nochange |[-0.500.50]
CLBelow [00.510] Decslow {0.511.50] |Closeslow }[00.510]
Below [00.21.50] | Decfast [-(1-0.500] | Closefast [0.511.50]

Table 6.6: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 4 to day 5

Figure 6.23 to Figure 6.25 show the optimized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.
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6.4.6 Results for the Period day 5 to day 6

Figure 6.26: Final plot of dissolved oxygen concentration value for the period day 5 to
day 6 '

Figure 6.27: Plot of fuzzy controller surface for the period day 5 to day 6
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[-1.5 -0.9 0 0]

| Incfast

day 6

[-1-0.500]

Above [-1.5 -1 -0.5 0]

CLAbove | [-1-0.0975700] | Incslow [-0.50050] | Openslow |[-1-0.500]

Ok [-0.09757 0| Constant | [00.510] Nochange [-0.500.50]
0.0638 0]

CLBelow | [00.0638 1 0] Decslow |[0.511.50] |[Closeslow |[[00.510]

Below [00.451.50] - Decfast [[1-0500] | Closefast [0511.50]

Table 6.7: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period

day

Stoday6

Figure 6.26 to Figure 6.28 show the optimized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.
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' 6.4.7 Results for the Period day 6 to day 7 |

Figure 6.29: Final plot of dissolved oxygen concentration value for the peﬁod day 6 to
day 7 )

Figure 6.30: Plot of fuzzy controller surface for the period day 6 to day 7
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[-1 0.5 00]

[-1.5-0.9500] Openfast

Above Incfast [-1.5-1 -0.5 0]
CLAbove | [-1 -0.5 0 0] Incslow | [0.500.50] |Openslow |[-L-0.500]
Ok [-0.500.50] Constant |[[00.510] Nochange | [-0.50 0.5 0]
CLBelow {{00.510] Decslow [[0.511.50] | Closeslow |{00.510]
Below [00.351.50] Decfast [-1-0500] | Closefast (051150}

Table 6.8: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 6 to day 7

Figure 6.29 to Figure 6.31 show the optimized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.

147



6.4.8 Results for the Period day 7 to day 8

day 8

Figure 6.33: Plot of fuzzy controller surface for the period day 7 to day 8
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[-1.5-0.95 0 0]

Incfast

(-1 4)500]

[1.5 -1 -0.5 0]

CLAbove | [-1-0.0605 0 0] Incslow (-050050] | Openslow {([-1-0.500]
Ok [-0.0605 0 | Constant [00.510Q)] Nochange [-0.5 00501
. 0.06027 0] _

CLBelow | [00.06027 1 0] Decslow {0.511.50] | Closeslow [[00.510]
Below [0021.50] Decfast [-(1-0.500] | Closefast [0.51 1.5 0]
Table 6.9: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period

day 7 to day 8

Figure 6.32 to Figure 6.34 show the optimized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.
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6.4.9 Results for the Period day 8 to day 9

day 9

Figure 6.36: Plot of fuzzy controller surface for the period day 8 to day 9
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Figure 6.37: Plot of tuned fuzzy sets of “error” linguistic variable for period day 8 to
day 9 ‘

[1.5-0500]  |[Incfast |[-1-0.500] |Openfast |L[-1.5-1-0.50]
CLAbove | [-1-0.0850100] | Tncslow | (05005 0] | Opensiow | (-1 0.500]

Ok [-0.08501 0 | Constant i00510] Nochange [-0.500.50]
0.1016 0] .

CLBelow | [00.1016 1 0] Decslow [0511.50] | Closeslow {[00.510]

Below [00.1 1.50] Decfast [-1-0.500] Closefast [0.511.50]

Table 6.10: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 8 to day 9

Figure 6.35 to Figure 6.37 show the optimized trajectory, the controller surface, and a
graphical display of the controller parameters respectively.
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6.4.10 Results for the Period day 8 to day 9

day 10

- Figure 6.39: Plot of fuzzy controller surface for the period day 9 to day 10
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Above | [1.5-0.7500] |Incfast |[-1-0.500] |Openfast |[-1.3-1-050]

CLAbove | [-1-0.0662900] | Incslow [-050050] | Openslow {[-1-0.500]

Ok [-0.06629 0| Constant |[00.510] Nochange |[[-0.500.50]
0.06006 0}

CLBelow | [0 0.06006 1 0] Decslow [[0.511.50] | Closeslow |[[00.510]

Below [00.21.50] Decfast [-(1-0.500] | Closefast 05115 0]

Table 6.11: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 9 to day 10

Figure 6.38 to Figure 6.40 show the optimized trajectory, the controller surface, and a
graphical display of the controller parameters respectively.




6.4.11 Results for the Period day 19 to day 11

Figure 6.41: Final plot of dissolved oxygen concentration value for the period day 10
today 11 : ‘

Figure 6.42: Plot of fuzzy controller surface for the period day 10 to day 11
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day 11

Above | [1.5-03500] [1-0500] |Openfast | [-1.5-1-0.50]
CLAbove | [-1-0.1578 001 - { Incslow (050050} | Openslow |[-1-0.500]
Ok [-0.1578 0 0.50] | Constant |[00.510] | Nochange | [-0500.50]
CLBelow [ [00.51 0] Decslow |[0.511.50] |[Closeslow |{00.510]
Below Decfast [[1-0500] [ Closefast [0.511.50]

[00.11.50]

Table 6.12: Parameters of imed fuzzy sets for optimized fuzzy controller over the period
day 10 today 11

Figure 6.41 to Figure 6.43 show the optimized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.
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6.4.12 Results for the Period day 11 to day 12

day 12

Figure 6.45: Plot of fuzzy controller surface for the period day 11 to day 12
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Figure 6.46: Plot of tuned fuzzy sets of “error” linguistic variable for period day 11 to
day 12

 Actuator: change:

Above |[1.5-0.600] |Incfast |[-1-0500] |Openfast |[-L5-L-0.50]

CLAbove | [-1 -0.08153 0 0] | Incslow [[0.500.50] | Openslow [-1-0.5001

Ok 0.08153 0| Constant |[00510] | Nochange | (03 00.5 0]
0.04811 0]

CLBelow | [00.0481110] Decslow |[0511350] | Closeslow |[[00.510]

Below [00.15 1.5 0] Decfast [-1-0.500] | Closefast [0.511.50]

Table 6.13: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 11 to day 12

Figure 6.44 to Figure 6.46 show the optimized trajectory, the controller surface, and a
graphical display of the controller parameters respectively.
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6.4.13 Resuits for the Period day 12 to day 13

day 13

Figure 6.48: Plot of fuzzy controller surface for the period day 12 to day 13
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Figure 6.49: Plot of tuned fuzzy sets of “error” linguistic variable for period day 12 to
day 13 '

CONTROLLER QUTPUT

, ror: chang Ach ange
Above | {-1.5-0.6 00] Incfast | [-1-0.500] | Openfast | [-1.5-1-0.5 0]
CLAbove | [-1-0.1411 00] | Incslow [-0.500.50] { Openslow |[[-1-0.500]

0k [0.141100.50] | Constant | [00.510] Nochange | [-0.500.50]
CLBelow | [00.51 0] Decslow | [0.511.50] | Closeslow [[00.510]
Below [00.31.50] Decfast [-1-0.500] | Closefast [0.511.50]

Table 6.14: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 11 to day 12

Figure 6.47 to Figure 6.49 show the optimized tfajectory, the controller surface, and a
graphical display of the controller parameters respectively.
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6.4.14 Results for the Period day 13 to day 14

day 14

Figure 6.51: Plot of fuzzy controller surface for the period day 13 to day 14
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day 14

S, -

Above |[-1.5-09500] |Incfast |[-1-0.500] |Openfast | [-1.5-1-0.50]

CLAbove | [-1 -0.0535100] | Incslow | [-0500.50] | Opensiow | [-1 -0.500]

Ck [-0.05351 0 | Constant [00510] Nochange [-0.500.50]
0.1046 0]

CLBelow | [0 0.1046 1 0] Decslow | [0.51 150} | Closeslow |[[00.510]

Below [00.251.50] Decfast i-1-0.500] | Closefast [0.511.50]

Table 6.15: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 13 to day 14 '

Figure 6.50 to Figure 6.52 show the optimized trajectory, the controller surface, and a
graphical display of the controller parameters respectively.
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65 SUMMARY OF CHAPTER

This chapter has dealt with a very crucial aspect of fuzzy controller design which
essentially is fuzzy parameter tuning. In many ways it can be deemed the most important
part of fuzzy controller design and implementation. The complexity of tuning of fuzzy -
controllers was highlighted stating that the fundamental problem with funing is the large
amount of parameters that can be used for tuning. Also there exists no formal method for
initial approximations of parametefs and hence an adhoc approach is adopted for initial

“approximate adjustment.

Section 6.1.2 stated that tuning is further complicated because of the fact that fuzzy
controllers are essentially non-linear controllers which further makes the tuning
procedure more complex The non-linear control surface of the fuzzy conﬁ'oller was also
briefly investigated and it was shown how the adjustment of certain parameters such as
scaling gains,shape and position of fuzzy sets can affect the control surface. In essence
the plot of the control surface enables one to obtain a global idea of how certain
pafameters effect the controller’s performance and this can be a vital tool to analyse a
fuzzy controller. -

- Although fuzzy controllers are inherently non-linear it was mentioned that certain design
techniques can enable the linear furzzy controllers to be designed. Research in the area of
fuzzy controller tuning is an ongoing procedure with many techniques for tuning being
developed especially with the aid techniques borrowed from the artificial intelligence
field.

In this study an iterative tuning technique was developed which is based upon previous
work done by Bartolini et al. It was shown that this technique performed admirably and
managed to adjust the parameters of the fuzzy controller so that the performance criteria
which essentially stipulated a steady state error of 2% were satisfied.
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CHAPTER SEVEN

CONCLUSIONS

Fuzzy modeling provides a very flexible framéwork for integrating all. forms of
information whether it is of a qualitative or quantative nature. It also provides a very
transparent interface with the operator or designer as the IF-THEN structure of the rules
- in the kﬁowledge base shows the relationship between input and output variables in
linguistic terms. Fuzzy control has come up against a lot of opposition but has still
managed to find its niche in the field of contro]l. What is quite evident is that it can
provide control solutions in areas where conventional control is not effective enough.
Academics have realized the potential of this technology and there is a concerted effort
on-their part to develop the theory so that there are tools to justify the application of the
fuzzy logic methodology in the field of control. Software houses have capitalized upon
the-idea of fuzzy control and many software packages for the design of fuzzy controllers
is availab_le. FUZZYTECH appears to be the leading software package for controller
design and has indeed been used for literally hundreds of real time applications especially
in the field of industrial applications.

In this dissertation a generic fuzzy PI ‘controller was developed and implemented on two
applicaﬁoné deemed to be non-linear and complex. The first process was a 4-level
cascaded tank system upon which real time control was performed. The second was a
simulation of the activated sludge process of a sewage wastewater treatment plant where
the fuzzy controller was used to control the setpoint of the dissolved oxygen

concentration in an aerobic reactor of the process.
7.1 ACHIEVEMENTS OF THE OBJECTIVES OF THE DISSERTATION
The problem in the dissertation was to investigate the fuzzy logic methodology as a tool

for controller development to control complex processes. This problem was decomposed

into the following sub-problems
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7.2

Investigating the fuzzy logic methodology for controller development
The development of a generic fuzzy PI controller for setpoint control

Analysis of a 4-stage cascaded tank system for application of the developed

"~ controller for decentralized level control

The development of software for simulation and real time control of the levels in

the cascaded tank system.
Analysis of the Activated Sludge Process of sewage wastewater treatment plants
with emphasis on the dynamics of the dissolved oxygen concentration in the

aerobic reactors.

The development of a simulation of the Activated Sludge Process in the

MATELAB/SIMULINK environment

The development of a fuzzy controller based, upon the generic PI controller

- developed, for setpoint control of the dissolved oxygen concentration in the

simulation of the activated sludge process.

The development of a tuning process for determining the parameters of the fuzzy

P1 controller for dissolved oxygen concentration.

INVESTIGATION OF THE FUZZY LOGIC METHODOLOGY FOR
CONTROL

An initial study was conducted to investigate the fuzzy methodology as applied to the

field of control engineering. There exists a plethora of information for fuzzy controller
development. Important was the understanding of the fundamental concepts of the firzzy
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logic methodology and fuzzy control. This is important, as many commercial software
packages for fuzzy control tend to provide excellent graphical user interfaces for
controller development but hide the low level computations involved in realizing the
fuzzy controller. Chapter two can be read as a tutorial to show how the fuzzy
methodology works and how a fuzzy controller can be realized. It provides the necessary
theory for those who are unfamiliar with the concept of fuzzy logic in the field of control
and lays the foundation for uriderstanding the development of the fuzzy controller which
is further expounded in chapter three.

7.3 THE DEVELOPMENT OF A GENERIC FUZZY PI CONTROLLER FOR
SETPOINT CONTROL

With the foundation of the fuzzy control methodology explained in chapter two, the
synthesis and procedure of the development of the generic fuzzy PI controller is dealt
with in chapter. three. Firstly, a theoretical explanation of the reiationship between a
~conventional PI and fuzzy PI controller is given. It is shown how, based upon a
conventional controller, the linguistic variables are chosen to realize a fuzzy PI controller.
It is also shown how, once the linguistic variables are chosen, the rules are formulated to
realize the action of a PI controller. Chapter three shows a method developed for fuzzy
controller rule formulation, which can be applied to any process where the emphasis is on

the development of a fuzzy controller for setpoint control.

It was also shown how software algorithms for fuzzy control could be developed utilizing
a software package called “fuzzyTECH®”. These algorithms are for the real-time
implementation of a fuzzy PI controller, which was used for level control of a 4-stage
cascaded tank system as explained in chapter four. A step-by-step procedure for the
generation of code in the “C” programfning language for controller implementation was

explained.
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7.4 ANALYSIS OF A 4-STAGE CASCADED TANK SYSTEM FOR
APPLICATION OF THE DEVELOPED <CONTROLLER FOR
DECENTRALISED LEVEL CONTROL

It is generally assumed that fuzzy controllers can be designed entirely from a heuristic
point of view. Hence in chapter four a heuristic analysis was conducted on a 4-stage
cascaded tank system so that the fuzzy approach could be adopted to independently
control the levels in each tank. To assist with the heuristic analysis, a method employing
‘a technique utilizing a binary interaction matrix was used to find the relationship between
the input and output variables. This was done without the aid of mathematical models.
The final result of the analysis yielded 2 matnx showing that a decentralized fuzzy
controller could be used to independently control the levels in each tank. To further assist
with the development of the controller a simulation of the cascaded tank system was
performed with the levels under the control of the simulated fuzzy PI controller. This
simulation was done using the labVIEW software package. LabVIEW is a software
package that is widely used in industry for both simulations as well as for real-time
implementation of control systems. Chapter four also dealt with the development of code
for real-time implementation of the fuzzy controller on the cascaded tank system. The
code was developed using the “C” programming language and integrated with the fuzzy
code developed in the “fuzzyTECHa” environment. Upon implementation the results
show that the controller and control strategy provides effective and satisfactory control of
the level setpoints in the actual process. With the success of this controller
implementation the next step was the investigation of a more complex process for fuzzy

controller implementation.
7.5 ANALYSIS OF THE ACTIVATED SLUDGE PROCESS

In chapter five a more complex process, the activated sludge process, was investigated.
This investigation included a fundamental study, simulation and development of a fuzzy
PI controller for control of the dissolved oxygen concentration in an aerobic tank of the

process.
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The activated sludge process is a highly non-linear process and a suitable candidate for
fuzzy control. A study was conducted on the dynamics of the process with the emphasis
placed on the importance of maintaining the proper dissolved oxygen concentrations in
the aerobic tanks. As part of the investigation a simulation of the process was done in the
MATLAB/SIMULINK environment where code was developed to simulate an activated
sludge process consisting of two anoxic tanks and three aerobic tanks. For controller
implementation a fuzzy PI controller was developed with the aid of the fuzzy logic
toolbox in MATLAB/SIMULINK and used as the setpoint controller for dissolved
oxXygen concentration in an aerobic tank. It is shown in chapter five that the controller
yielded positive results even though the controller parameters were not tuned for optimal
control. To further improve the controller the next step was to develop a technique for

tuning of the parameters of the fuzzy controller.
7.6 DEVELOPMENT OF A TUNING PROCESS FOR FUZZY PARAMETERS

The next and final stage of fuzzy controller development involves the optimization of the
controller parameters. In chapter six the aspect of tuning of fuzzy controllers was
investigated and a method for tuning of the fuzzy PI controller was developed and
implemented on the simulated activated sludge plant. The tuning algorithm, consisting of
MATLARB code, is an iterative process that tunes the parameters to achieve ideal process

output conditions.

7.7 BENEFITS OF FUZZY CONTROL

The benefits of this control strategy provide improvements in the performance of the
plant. Improvement in plant performance results in greater productivity, increased
throughput and possibly less demand on energy resources. It also provides an alternative
control paradigm to handle processes that are highly non-linear and complex. The results
obtained have shown that the application of the fuzzy methodology in the field of control

can yield positive results. The fuzzy control methodology is also very versatile as it can
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be integrated with other technologies such as neural networks and genetic algorithms as

explained in chapter six.

7.8 FUTURE DEVELOPMENTS AND APPLICATIONS OF DEVELOPED
METHODS, ALGORITHMS AND PROGRAMS

Future developments can be subdivided in the following manner:

Application of the developed fuzzy PI controller on a pilot plant of an activated
sludge process to control the dissolved oxygen concentration.

Testing of the tuning algorithm for optimizing parameters of the fuzzy controller
controlling the dissolved oxygen concentration of the pilot plant.

Investigating the integration of the fuzzy methodology with other artificial
intelligence techniques such as neural networks,

Development of a user-friendly control system for the activated sludge plant using
labVIEW.

Applications of the various methods and techniques developed in this dissertation
including software can be applied to wastewater treatment plants and any plant
that deals with the treatment of water. The programs are versatile and can be
easily adapted to suit the particular application of interest.

The software can also be used to train operators of wastewater treatment plants
and activated sludge processes.

The software can also be used in educational institutions that offer courses in

wastewater treatment.

168



REFERENCES

ASTROM, K I, DUGARD, L., M'MSAAD, M., & LANDAU, LD. ,1992:Intelligent
Tuning. Adaptive Systems in Control and Signal Processing , Pergamon Press, Oxford,
pp. 360-370

BABUSKA, R., 1998: Fuzzy Modeling for Control. Kluwer Academic Publishers

BARTOLINI, G., CASALINO, G., DAVOLIL F,MASTRETTA, M., MINCIARDL R., &
MORTEN, E., 1982: Development of performance adaptive controllers with application
to continuous casting plants. In : R. Trappl (ed) , Cybemeﬁcé and Systems Research,
Amsterdam, North Holland, pp. 721-728

BELLMAN, RE. & ZADEH, L. A., 1970: Decision-making in a Fuzzy Environment.
Management Science, 17, no. 4, pp. 141-164

BESTAQUIL Y., 1989: Decentralised PD and PID robotic regulators. IEE Proceedings —
D, 136, pp.133-145

BEZDEK, J.C, TSAOQ, E.CK, & PAL, N.R., 1992: Fuzzy Kohonen clustering networks.
Proceedings of the 1% IEEE International Conference on Fuzzy Systems, Fuzz-IEEE’92,
pp. 1035-1043

BOCKEN, SM, BRAAE, M,, & DOLD, P.L., 1989: Dissolved Oxygen Control and
oxygen utilization rate estimation: Extension of the Holmberg/Olsson method. Wat. Sci.
Tech., 21, pp.1197-1208

BROWN, M., & HARRIS, C., 1994: Neurofuzzy Adaptive Modeling and Control. New
York. Prentice Hall

170



"BUCKLEY, J., & YING, H., 1990: Linear Fuzzy Controller: It is a linear nonfuzzy
controller. Information Sciences. 51, pp. 183-192

CARLSSON, B.S., LINDBERG, C.F., HASSELBLAD, S, & XU, S., 1994:0n-line
estimation of the respiration rate and the oxygen transfer rate at Kungsangen wastewater

plant in Uppsala. Wat. Sci. Tech., 30, pp. 255-263

CARPENTER, G.A., GROSSBERG, S, & ROSEN, D.B., 1991: Fuzzy ART: fast stable
leaming and categorization of analog patterns by an adaptive resonance system. Neural

Networks. Vol 4, pp. 759-771

CARPENTER, G.A., GROSSBERG, S., MARKUZON, N., REYNOLDS, J.H., ROSEN,
D.B., 1993: Fuzzy ARTMAP: a neural network architecture for incremental supervised

learning of analog multi-dimensional maps. IEEE Transactions on Neural Networks,

Vol.3, no. 5, pp. 698-713

CHUNG, F.L., & LEE, T., 1994: Fuzzy competitive learming. Neural Networks, Vol.7
no.3, pp.539-551.

COOPER, M.G, & VIDAL, JJ, 1993: Genetic Design of Fuzzy Controllers.

Proceedings of the 2™ Intenational Conference on Fuzzv theorv and Technology,

Durham, NC

De Waal, A., 1990: Performance Index Analysis of Control Systems Synthesised for a
Counter Current Process. M.Sc Dissertation, Department of Electrical and Electronic

Engineering, University of Cape Town.

DRIANKOV, D, HELLENDOORN, H.REINFRANK, M., 1996: An Introduction to
Fuzzv Control, second edn, Springer-Verlag, Berlin

FLANAGAN, M.J, BRACKEN, B.D.,, ROESLER, JF., 1977: Automatic dissolved

oxygen control. Journal of the Environmental Engineering Division EE4, pp. 707-722

171



FRANKS, R., 1972: Modeling and Simulation in Chemical Engineering. New York:
Wiley

GEORGESCU, G., AFSHARIL A., & BORNARD, G., 1993: Fuzzy predictive PID
controllers: A heating control application. Proceedings of the 2™ IEEE Conference on

Fuzzy Systems. pp- 1091-1098

GLORENNEC, P.Y., 1991: Adaptive Fuzzy Control . Proceedings of the IFSA 91, pp.

33-36

GOMEZ, GE., & DUQUE, E., 1998: Automatic startup of a high rate anaerobic reactor
using a fuzzy logic control system. 5% Latin American workshop-seminar, Vina del mar,

Chile

GUPTA, MM, & RAOQ, D.H,, 1994: On the principles of fuzzy neural networks. Fuzzy
Sets and Svstems. Vol.61, pp. 1-18.

HE, S.Z., TAN, S.H., XU, FL, & WANG, P.Z, 1993: Fuzzy Self-tuning of PID
Controllers. Fuzzv Sets and Systems. 56, pp. 37-46

HENZE, M., GRADY Jr, CP.L., GUJER, W., MARAIS, G. v. R,, & MATSUO, T.,
1987: Activated Sludge Model no. 1. Scientific and Technical Report Nol. IAWPRC,
London

HIROTA, K., ARAIL A., & HACHISU, S., 1989: Fuzzy Controlled Robot Arm Playing
Two-Dimensional Ping-Pong Game. Fuzzv Sets and Svtems, 32, no. 2, pp. 149-159

HOLIAND, C. & LIAPSIS, A., 1983: Computer Methods for Solvine Dvnamic
Separation Problems. New York: McGraw Hill.

172



HOLMBERG, U., OLSSON, G., & ANDERSSON, B., 1989: Simultaneous DO control
and respiration estimation. Wat. Sci. Tech., 21, pp.1185-1195

HUNTSBERGER, T.L., & AJJIMARANGSEE, P.; 1950: Paralle! self-organising feature
maps for unsupervised pattern recognition. Int. J. General Svstems. Vol.16, no. 4, pp.357-
372

JAGER, R., 1995: Fuzzv Logic in Control, PhD thesis, Technische Universiteit Delft,

JANG,JSR & SUN C. T., 1993: Functional equivalence between Radial Basis Function
Networks and Fuzzy Inference Systems. [EEE Transactions on Neural Networks, 4(1),
pp- 156-159

JANG, J.S.R., 1993: ANFIS: Adaptive-network-based Fuzzy Inference Systems. IEEE
Transactions on Systems. Man and Cvbernetics, 23(3), pp. 665-685

JANTZEN, J., 1998: Tuning of Fuzzy PID controllers. Technical report no.98-H
871(fpid). Technical University of Denmark, Department of Automation

KARR, C., 1991: Genetic Algerithms for Fuzzy Controllers. Al Expert, pp. 26-33

KIUPEL, N., FRANK, P.M., & BUX, 0.,1994: Fuzzy control of steam turbines. Fuzzy
Sets and Svstems, 63, pp.319-327

KO, K.Y., McINNIS, B.C., GOODWIN, G.C., 1982: Adaptive control and identification
of the the dissolved oxygen process. Automatica, 18(6), pp. 727-730

KOKOTOVIC, P, KHALIL, H. & O’ REILLY, J., 1986: Singular Pertubation Methods
in Control. Analvsis and Desien, Academic Press, London

KOSKO, B., 1992: Neural Networks and Fuzzv Systems.New Jersey, Prentice Hall

173



KOSKO, B., 1994: Fuzzy Systems as Universal Approximators. IEEE Transactions on

Computers, 43, pp. 1329-1333

LEE, J., 1993: A Method of Improving the Performance of Pl-type fuzzy logic
controllers. [EEE Transactions on Fuzzy Systems, 1, pp. 298-301

LEE, M.A., & TAKAGI, H,, 1993: Integrating design stages of Fuzzy Systems Using
Genetic Algorithms. Proceedings of the 2*¢ IEEE International Conference on Fuzzy

Svstems. New York, NY, Institute of Electrical and Electronics Engineers, pp. 612-617

LEE, S.C., & LEE, E.T., 1975: Fuzzy neural networks. Mathematical Biosciences, Vol.
23, pp. 151-177

LINDBERG, C.F.,1997: Control and estimation strategies applied to the activated sludge
process. Ph.D thesis. Uppsala University. Dept. of Systems and Control

MAIKI, H. A, LI, H, CHEN, G., 1994: New Design and Stabilty Analysis of Fuzzy
- Proportional Derivative Control Sytems. JEEE Transactions on_Fuzzy Systems, 2, pp.
245-254

MALKIL, H. A, KWAN, A, & CHEN, G.,1995: An Application of the Fuzzy PI
controller to Temperature Control using real Data from a Power Plant. Annual report to

the energv laboratory , University of Houston

MAMDANT, E. H. & ASSILIAN S, 1975: An experiment in Linguistic Synthesis with a
Furzy Logic Controller. Internatiopal Journal of Man Machine Studies, Vol.7

2

No.1,pp.1-13.

MAMDANL E.H., & BAAKLINI, N, 1975: Prescriptive method for dertving control
policy in a fuzzy logic controller. Electronic Letters, 11, pp. 625-626

174



MAMDANI E.H., 1976: Advances in the linguistic synthesis of Fuzzy Controllers.
Int. J. Man-Mach. Stud., 8, pp. 669-678

MAMDANL E.H., PROCYK, T., & BAAKLINL N., 1976: Application of Fuzzy Logic o
controller Design Based on Linguistic Protocol. In: E.H. Mamdani and B.R. Gaines (eds),
Discrete Systems and Fuzzy Reasoning, Queen Mary College, University of London, pp.
125-149 |

MAMDANL E. H., 1977: Application of Fuzzy Logic to Approximate Reasoning using

Linguistic Sytems. Fuzzy Sets and Svstems, 26, pp. 1182-1191

MENDEL J. M., 1995: Fuzzy Logic Systems for Engineering: A Tutorial. Proceedings of
the IEEE, Vol.83, No.3.pp345-377.

MIZUMOTO, M., 1992: Realization of PID controls by fuzzy control methods. IEEE 157
International Conference on Fuzzv Systems, number 92CH3073-4, The Institute of

Electrical and Electronics Engineers, Inc, San Diego, pp. 709-715

MORBIDELLA, A., SEWIDA, A, STORTL, G. & CARRAS, C., 1982: Simulation of
Multi-component Absorption Beds. Model Analysis and Numerical Solution. Industrial
Ensineering Chemical Fundamentals, Vol. 21, no. 2, pp. 123-131

NIELSEN, M.K., LYNGAARD, J., 1993: Superior tuning and reporting (STAR)- a new
concept for on-line process control of waste water treatment plants. Proceedings of the 6%
TAWQ Workshop on Instrumentation. Control and Automation of Water and Wastewater

Treatment and Transportation Svstems, pp. 560-574

NOMURA, H., HAYASHI, I, & WAKAMI, N., 1991: A Self-tuning method of Fuzzy
Control by Descent Method. Proceedings of the IFSA *91, Brussels, pp. 155-158

175



PAL, S.K, & MITRA, S., 1992: Multilayer perceptron, fuzzy sets, and classification.
IEEE Transactions on Neural Networks, Vol.3, pp. 683-697

PEDRYCZ, W., 1990: Relevancy of Fuzzy Models. Information Sciences, 52, pp. 285-
302

PEDRYCZ, W., 1992: Fuzzy mneural networks with reference neurons as pattern
classifiers. IEEE Transactions on Neural Networks, Vol.3, no.5, pp. 770-775

PIVONKA, P., & BLAHA, P., 1999 : Comparative analysis of classical and Fuzzy PID

control algorithms. http://www.neci.nec.com/, site visited June 2002.

PROCYK T.J., & MAMDANI E.H, 1979: A Linguistic Self-Organizing Process
Controller. Automatica, 15(1), pp.15-30

QIAO, W., & MIZUMOTO, M., 1996: PID type fuzzy controller and parameters
adaptive method . Fuzzy Sets and Svstems, 78, pp.23-35

QIN, S.J., & BORDERS, G., 1994: A multiregion fuzzy logic controller for non-linear
Process control. [EEE Transactions on Fuzzv Svstems, 2, pp. 74-81

RANGANATHAN, R.S., MAKILKI, HA., & CHEN, G., 2002: Fuzzy predictive PI
control for processes with large time delay. Expert Systems, 19(1), pp. 21-33

RUNDQWIST, L., 1986:Self-tuning control of the Dissolved Oxygen Concentration in
an Activated Sludge Process. Licentiate Thesis. Lund Institute of Technblogy.

Department of Automatic Control

SILER, W., & YING, H., 1939: Fuzzy Control Theory: The linear case. Fuzzv Sets and

Svstems. 33, pp.275-290

176



SUGENO, M. & NISHIDA, M., 1985: Fuzzy Control of a Model Car. Fuzzy Sets and
Systems, pp. 103-113

SWALLOW, J.P., 1991: The Best of the Best in Advanced Process Control. Keynote
speech at the 4™ International Chemnical Process Control Conference, Padre Island

TAKAGI, T. & SUGENO, M., 1985: Fuzzy Identification of Systems and its Application
to Modeling and Control. [EEE Trans. Systems. Man and Cvbernetics, 15(1), pp. 116-132

TANG, K.S., MAN, K.F., CHEN, G., & KWON, S., 2001:An Optimal Fuzzy PID
Controller. IEEE Transactions on Industrial Electronics, 48, 4, pp. 757-765

TANG, W.M., & CHEN, G., 1994: A robust fuzzy PI controller for a flexible-joint robot
arm with uncertainties. Proceedings of the 3 IEEE Conference on Fuzzy Systems,

pp-1554-1559

TANG, W., CHEN, G, & LU, R., 2001: A modified fuzzy PI controller for a flexible-
joint robot arm with uncertainties. Fuzzy Sets and Systems, 118, pp. 109-119

TONG, RM., 1976: Analysis of Fuzzy Control Algorithms using the Relation Matrix.
Int. J. Man-Machine Studies, 8, pp.679-686

TSAO, E.CK.,, BEZDEK, J.C,, & PAL, N.R., 1994: Fuzzy Kohonen clustering networks.
Pattern Recognition , Vol.27, no. 5, pp 757-764

TSO, S.K., & FUNG, Y .H,, 1997: Methodological development of fuzzy logic controllers
from multi-variable linear control. IEEE Transactions on Svstems. Man and Cvbemetics.
27(3), pp. 366-572

177



WANG, L. X, 1992: Fuzzy Sytems are Universal Approximators. Proceedings of the
IEEE of the International Conference on Fuzzy Systems 1992, San Diego, U.SA., pp.
1163-1170

WANG, L.X., 1997: A Course in Fuzzy Systems and Control. New Jersey, Prentice Hall

WELLS, H. C., 1979: Computer control of fully nitrifying activated sludge processes.
Instrumentation Technology, 4, pp. 32-36 -

YAGER, R.R,, & FILEV,D. P., 1994: Essentials of Fuzzy Modeling and Control. New
York. John Wiley

YAMAZAKI, T., & MAMDAN]I, E.H., 1982: On the performance of a Rule-based Self-

organizing controller. Proceedings of the [EEE Conference on Applications of Adaptive

and Multivariable control, Hull, England, pp. 50-55

YAMAKAWA, T., 1989: Stabilization of an Inverted Pendulum by a High-Speed Fuzzy
Logic Controller Hardware Systems. Fuzzv Sets and Systems, 32, pp. 161-180

YAMAMOTO, S., & HASHIMOTO, I, 1991: Present Status and Future Needs: The
view from Japanese Industry. Proceedings of the 4% International Chemical Process
Control Conference, Padre Island, TX, pp. 1-28.

YING, H., SILER, W., & BUCKLEY, JJ., 1990: Fuzzy Control Theory: A non-linear
case. Automatica, 26, pp.513-520

YING, H,, 1993: A Two-input Two-output Fuzzy controller is the sum of two non-linear
Pl controllers with variable gains. Proceedings of the 2™ International Conference on

Fuzzv Systems, San Francisco, CA, pp. 35-37

178



YU, C., CAO, Z., & KANDEL, A., 1990: Application of Fuzzy Reasoning to the control
of an Activated Sludge Plant. Fuzzy Sets and Systems, 38, pp.1-14

ZADEH, L. A, 1965: Fuzzy Sets. Information and Contrel, Vol. 8,pp.338-353

ZADEH, L.A., 1968: Fuzzy Algorithms. Information and Control, 12, no. 2,pp. 94-102

ZADEH, L.A,, 1973: Outline of a new approach to the analysis of complex systems and
decision processes. IEEE Transactions Svtems. Man and Cybemetics, Vol.SMC-3,pp.28-
44,

ZENG, X.J., & SINGH, M.G., 1995: Approximation Theory of Fuzzy Systems-MIMO
case. IEEE Transactions on Fuzzy Svystems, 3(2), pp. 219-235

ZIMMERMAN, H. J., 1987: Fuzzv Sets. Decision Making and Expert Systems. Boston,

Kluwer Academic Publishers

179



APPENDIX A

A.1  Table showing model parameters for ASM no. 1 model

LAWe) moded pummeters svmbot  unit T mMC e
Stoichivmeric puramerers

Heserotrophix yield ¥y aceHCOD formed 1y COD oxidized i 67 o7 038073
Autotrephic yield Yo 2ol COD formed g N oxidized f! 04 03 ey
Fraction o baomass ¥ielding particuiate products Jo dirnensionfess .4 0.8 -
Mass N mass COD in homass ixg 2N g CODY! inbiomass o086 BN .
Mass Mmass COD in produsts from binmass hp N eCODrEin endogmows mass 080 0,00

Koneric purameters

Heteramrophic max. spevific prowth mte B oy i 38 Da-132
Heterotrophic deay rate by  duyt 062 829 04516
Hulfsaturanion veetfivient thse? for heterirephs K 2COD w3 i 0 s
Uhevgent Bse For heterotrophs KO.H 2 U: m3 .29 a2 4 43 203
Nitrte hse for denitriiiang beterotrophs Kgg NNt 0% ns 145
Autirsphic max. speitic growth re gy dny?! a8 .30 12140
Auretrophie devay mie by day-t 20 .10 N3 2
Oxyyen hse for auiotrophs Ky 20w’ 64 4 041y
Asmmnia hse for autotruphs Ky eNUpNor? H 1a -
Correctivn Beter bor anoxic 2rewth ot feterutrophs n, dimessionfess 131 DR h6-1.0
Ammesifiction ke £ mlip (0D dayr 008 i

Max. spevific hvdrobvsis rale & 2 alowly bredey. CO (g ol COD day 1 N %1}

Hse for bredrotysis of showly beadew. substrate Ky gshoudy biwdeg COD gl CODH H3 1L

Currection fseeer fur 2ootic Avdruivsis nth dimensionless 04 1.4
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A.2 LISTING OF CODE_ FOR SIMULATION OF ANOXIC AND AEROBIC

BIOREACTORS.
A.2.2 Code Listing for the first ANOXIC tank in the system

function [sys,x0,str,ts] = bioreactmodinc(t,x,u,flag)

%CSFUNC An example M-file S-function for defining a continuous system.

switch flag,
%0%%6%%%% %% %% %%%6 %% %%

% Initialization %
%6%6%06%0%6%%%%0%%6%%%0% %% %
case 0,

{sys,x0,str,ts]=mdlInitializeSizes;
%0%%%%%%%%%%%%%%

% Derivatives %
%%%% % %% %% %% %% %%

case 1,

sys=mdlDerivatives(t,x,u);
%%%%%%%%% %%

% Outputs %

%%%%6%%%%%%%

case 3,

sys=mdlOutputs(t,x,u);

% %%% %% % %% %6 %% % %6 %% %% Y0
% Unhandled flags %
%%%%%%%%0%%6%6 %% %% %% %% %%
case {2,4,9},

sys=[];

%% %6%6%6%0% %% %0 %% %% %% %% %%
% Unexpected flags %
%%%6%0%6%%%%% %% %% %%%%%%%
otherwise

error(['Unhandled flag =',num2str(flag)]);
end

% end csfunc

Yo

% mdllnitializeSizes
% Return the sizes, initial conditions, and sample times for the S-function

%%

function [sys,x0,str ts}=mdlInitializeSizes
sizes = simsizes;

sizes. NumContStates = 11;

sizes. NumDiscStates = 0;
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sizes.NumOQutputs = 11;

sizes.NumlInputs = 20;

sizes.DirFeedthrough = 0;

sizes.NumSampleTimes = 1;

sys = simsizes(sizes);
x0=[20,8.4,1552,81.0,1439,50.6,0,0.6,9.7,0.7,4.3];
str=[];

ts ={0 0];

% end mdlInitializeSizes

%

% mdlDerivatives
% Return the derivatives for the continuous states.
%

function sys=mdiDerivatives{t,x,u)
% parameters

do=0;
par(1)=0.67;par(2)=0.24;par(3)=0.08;par(4)=0.086;par(5)=0.06;par( 6)=6;
par(7)=0.62;par(8)=20;par(9)=0.2;par(10)=0.5;par(11)=0.8;par(12)=0.2;
par(13)=0.4;par(14)=1;par(15)=0.8;par(16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4; ‘
Yeinputs

x(7)=0;

m=u(1);in2=u(2);in3=u(3);ind=u(4);in5=u(5);
in6=u(6);in7=u(7);in8=u(8);in9=u(9);in10=u(10);inl 1=u{11);
exin(1)=u(12);exin(2)=u(13);exin{3)~u(14);exin(4)=u(15);exin(5)=u(16);exin(9)=u(17);
exin(10)=u(18); exin(11)=u(19); qin=u(20);
% influent concentrations
exin(6)=0;

exin(7)=0; exin(8)=0;

% transpose into a column vector

% flow rates and volumes

gret=qin*0.5; qrec=qin*2;

vol=1000; Vtot = 4999;

% thinkening factor and sludge age — ideal settler

SA=T;

gamma=ones(11,1);

gamma([3:6 11])=(gin+gret-Vtot/SA)/gret * ones(1,5); % particulate states are thickened

&

gamma(7)=0; % DO concentration in return sluge flow = 0.
= =

q = [qm qret grec]; |
% AEROBIC ZONE Yo
% processes, taken from the JAWQ matrix formulation




pl =par(6) * (x(2)/(par(8)+x(2))) * (x(7)/(par(9)x(7))) * x(5);%

p2 = par(6) * (x(2)/(par(8)*x(2))) * (par(9)/(par(9)+x(7))) * (x(8)/(par(10)+x(8))) *
par(15) * x(5);% :

p3 =par(11) * (x(9)/(par(14)y+x(9))) * (x(T)(par(13)}+x(7))) * x(6);%

p4 =par(7) * x(5);%

p5 = par(12) * x(6);%

p6 =par(16) * x(10) * x(5);%

p7 = par(l7) * ((x(4)/x(5))/(par(18)y-(x(4¥/x(5))) * ((x(7/(par(9)+x(7))) + par(19) *
(par(9)/(par(9)+x(7))) * (x(8)/(par(10)+x(8)))) * x(5);

p8 = p7*(x(11)/x(4));%

% aeration parameters and Kla model
% differential equations according to IAWQ) matrix and plant layout

sys(1)=1/vol*(q*[exin(1) u(l)*gamma( 17) u(1)]-sum(g)*x(1));

sysQ)=1/vol*(g*{exin(2) u(2)*gamma(2) u@)]-sum(@)*x(2)) -  Upar(l)*pl -
par(1)*p2 + pT;

sys(3)=1/vol*(q*[exin(3) u()*gamma(3) uB)]-sum(@*x(3)  +  pa(3yps  +
par(3)*p3;

sys(4)=1/vol*(q*[exin(4) u(4)* gamma(4) v(4)]"-sum(q)*x(4)} + (1-par(3)y*p4 + (1-
par(3))*p5 - p7;
sys(5)=1/vol*(q*[exin(5) u(5)*gamma(5) u(5)]-sum(q)*x(5)) +pl +p2 - p4;
sys{6)=1/vol*(q*[exin(6) u(6)*gamma(6) u(6)]"-sum(q)*x(6)) +p3-p5;
ifdo>0

sys{7)=1/vol*(q*[exin(7) u{7)*gamma(7) u(7)]-sum(q)*x(7)) + Kla*(sosat-
X(7) - (1-par(1)Ypar(1)*pl + (1-4.57/par(2))*p3;
else

sys(7)=0;
end
sys(8)=1/vol*(q*[exin(8) u(8)*gamma(8) u(®)]-sum(@*x(8)) - (1-
par(1))/(2.86*par(1))y*p2 + 1/par(2)*p3;
sys(9)=1/vol*(g*[exin(9) u(9)*gamma(9) u($)]'-sum(q)*x(9)) - par(4)*pl -
par(4)*p2 - (par{4)+1/par(2))*p3 + p6;
sys(10)=1/vol*(q*[exin(10) u(10)*gamma(10) u( 10)"-sum(qy*x(10)) - p6 + p8;
sys(11)=1/vol*(g*{exin(11) u(l11)*gamma(ll) u(1D)J-sum(q)*x(11)) + (par(4)-
par(3)*par(5))*p4 + (par(4)-par(3)*par(5))*ps - ps;

% end mdlDerivatives
%
%

% mdlOutputs
% Return the block outputs.



%

%

function sys=mdiOutputs(t,x,u)
SYS =X;

% end mdiOutput
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A.2.3 Code Listing for the second ANOXIC bioreactor in the system

function {sys,x0,str,ts] = bioreactmodin1(t,x,u,flag)
%CSFUNC An example M-file S-function for defining a continuous system.
switch flag,

%% % %% %% %% %% % %% %% %%

% Initialization % '

%% %% %% %% %% %% %% %% %% %
case 0,

[sys,x0,str,ts]=mdlInitializeSizes;
26%%%%%% %% %% %% %%

% Derivatives %
%%%%% %% %% %%6%% %%

case I,

sys=mdIDerivatives(t,x,u);
26%0%%%%%%%%%

% Outputs %

%%%%6%%%%%%%

case 3,

sys=mdlOutputs(t,x,u);

%%6%%%6% %% %% %% %% %% %% %%
% Unhandled flags %

%%% %% %% %% %% %% %% %% %%
case { 2,4,9},

sys = [1;

%% %% %% %% % %% %% %% %% % Y%
% Unexpected flags %

%% % %% %% %% %% %% %% %% % %%
otherwise

error{['Unhandled flag =", num2str(flag)]);
end

% end csfunc

o/
A

% mdllnitializeSizes
% Return the sizes, initial conditions, and sample times for the S-function
Yo

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;

sizes. NumContStates = 11;
sizes.NumDiscStates = (;
sizes.NumOutputs = 11;

sizes.Numinputs = 12;
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sizes.DirFeedthrough = 0;

sizes.NurnSampleTimes = 1;

sys = simsizes(sizes);
x0=[20,8.4,1552,81.0,1439,50.6,0,0.6,9.7,0.7,4.3];
str={];

ts = {0 0];

% end mdlInitializeSizes

%%

% mdlDerivatives
% Return the derivatives for the continuous states.
%

function sys=mdlDerivatives(t,x,u)

% parameters

do=0;
par(1)=0.67;par(2)=0.24;par(3)=0.08;par(4)=0.086;par(5)=0.06; par(6)=6;
par(7)=0.62;par(8)=20;par(9)=0.2;par(10)=0.5;par(11)=0.8;par(12)=0.2;
par(13)=0.4;par(14)=1;par(1 5)~0.8;par(16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4;

Yeinputs

x(7)=0;

in1=u(1);m2=u(2);in3=u(3);ind=uf{4);m5=u(5);
iné=u(6);in7=u(7);in8=u(8);in9=u(9);in10=u(10);in1 i=u(11);qin=u(12);
%exin(1)=u(12);exin(2)=u(13);exin(2)=u(14);exin(2)=u(15);exin(2)=u{16);exin(9)=u(17)

%exin(10)=u(18); exin(11)=u(19); qin=u(20);
% influent concentrations

Yeexin(6)=0;

Yeexin(7)=0; exin(8)=0;

% transpose into a column vector
% flow rates and volumes

gret=qgin*0.5; qrec=qin*2;

vol=1000; Vtot =5599;

% thinkening factor and sludge age — ideal settler

SA=T7;

gamma=ones(11,1);

gamma([3:6 11])=(gin+qret-Vtot/'SA)/qgret * ones(1,3); % particulate states are thickened
gamma(7)=0; % DO concentration in return sluge flow = 0.

q = [qin+gretgrec;
%-———— AEROBIC ZONE %
% processes, taken from the IAWQ matrix formulation
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pl =par(6) * (x(2)/(par(8)+x(2))) * (x(7)}/(par(9)+x(7)) * x(5);%

p2 = par(6) * (x(2)/(par(8)+x(2))) * (par(9¥/(par(9}+x(7))) * (x(8)/(par(10)+x(8))) *
paﬂ(lS) * x(5):%

p3 =par(11) * (x(S)/(par(14)+x(9))) * (X(7)/(par(13)+X(7))) * x(6);%

p4 =par(7) * x(5);%

p5 =par(12) * x(6);%

p6 =par(16) * x(10) * x(5):%

p7 = par(17) * ((X(4)/X(5))/(par(1SHK(4)/X(5)))) * A(NY(par(9)+x(7))) + par(19) *
(par(9)/(par(9)+x(7))) * (x(8)Y(par(10)+x(8)N) * x(5);

p8 = p7T*(x(11Y/x(4));%

% acration parameters and Kla model

% differential equations according to IAWQ matrix and plant layout
eq g

sys(1)y=1/vol*(q*u(1)-sum(q)*x(1));
sys(2)=1/vol*(g*u(2)-sum(q)*x(2)) - l/par(1)*pl - V/par(1)*p2 + p7;
sys(3)=1/vol*(q*u(3)-sum(q)*x(3)) + par(3)*p4 + par(3)*p5;
sys(4)=1/vol*(q*u(4)-sum(q)*x(4)} + (1-par(3))*p4 + (1-par(3))*p5 - p7;
sys(5)=1/vol*(q*u(5)-sum(q)*x(5)) +pl+p2-p4;
sys(6)=1/vol*(g*u(6)-sum(q)*x(6)) +p3-p5;
ifdo>0

sys(N=1/vol*(g*u(7)-sum(q)*x(7)) + Kla*(sosat-x(7)) - (1-par(1))y/par(1)*pl +
(1-4.57/par(2))*p3;

else
sys(7y=0;
end

sys(8)=1/vol*(q*u(8)-sum(q)*x(8)) - (1-par(1))/(2.86*par(1))*p2 + 1/par(2)*p3;
syS(9)=1/v0l*(q*u(9)-sum(@)*x(9)) - par(4)*pl - par(4)*p2 - (par(4y+1/par(2))*p3 + p6;
sys(10)=1/vol*(q*u(10)-sum(q)*x(10)) - p6 + p8;

sys(1)=L/vol*(q*u(1 D-sum(@*x(11)) + (par(@)par3)*par(5)*pd + (par(d)-
par(3)*par(5))*p5 - p&;

% end mdiDerivatives
%
Ya

% mdlOutputs
% Retum the block outputs.
Yo

%
function sys=mdlQutpuis(t,x,u)
SYs =X;
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% end mdiOutput
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A.2.4 Code listing for 1* AEROBIC bioreactor in the system

function [sys,x0,str,ts] = bioreactmod1withpid(t,x,u,flag)

%CSFUNC An example M-file S-function for defining a continuous system.

switch flag,
06%6%% %% %% %% % %% %% % %%
% Initialization %
%% %% % %% %% %% % % %% % %%
case 0,
[sys,x0,str,ts[=mdlInitializeSizes;
9% %% %% %% Ye e %% %%
% Derivatives %
2%%%% %% %% %% %% %% %%
case 1,
sys=mdlDerivatives(t,x,u);
%% %% %%:% %% %%
% Outputs %
%0 00 00 0%0 0%0 00 00 B%
case 3,
sys=mdlCutputs(t,x,u);
%% %% %% %% % %% %% Y0 %% %0 %%
% Unhandled flags %
6%%% %% %% %% %% %% %0 %% %% %
case {2,4,9},
sys = [1;
4% %% % %% %% %% %% %% % %% %%
% Unexpected flags %
% %% %% %% %% %% %% %% %% %% %
otherwise
error([Unhandled flag = ',num2str(flag)]);
end
% end csfunc

%

%, mdlInitializeSizes
9, Retumn the sizes, initial conditions, and sample times for the S-function

%

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = SIMSIZES;

sizes. NumContStates = 11;

sizes. NumDiscStates = 0;

sizes. NumOutputs = 1 {;
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sizes.NumInputs = 13;

sizes.DirFeedthrough = 0;

sizes.NumSampleTimes = 1; .

sys = simsizes(sizes);
x0=[20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9,1.7];

str=[];

ts =[00];

% end mdlnitializeSizes
%

% mdlDenvatives
% Retumn the derivatives for the continuous states.
%

function sys=mdlDerivatives(t,x,i)

% parameters

do=1;
par(1)=0.67;par(2)=0.24;par(3)=0.08;par(4)=0.086;par(5)=0.06;par(6)=6;
par(7)=0.62;par(8)=20;par(9)=0.2;par(10)=0.5;par(1 1)=0.8;par(12)=0.2;
par(13)=0.4;par(14)=1;par(15)=0.8;par(16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4;

%einputs

Y%ex(7)=2;

inl=u(1);in2=u(2);in3=u(3);in4=u(4);In5=u(5);
in6=u(6);in7=u(7);in8=u(8);m9=u(9);in10=u(10);in1 I=u(11);out=u(12);qin=u(13);

% influent concentrations

%exin(1)=20; exin(2)=125; exin(3)=60; exin(4)=175; exin(5)=20; exin(6)=0;
%exin{7)=0; exin(8)=1; exin(9)=30; exin(10)=5; exin(11)=3;

%%exin=exin'; % transpose into a column vector

% flow rates and volumes

gret=gin*0.5; qrec=qin*2;

vol=1333; Viot = 5999;

% thinkening factor and sludge age — ideal settler

SA=7;

gamma=ones(11,1);

gamma([3:6 11]}=(qin+qret-Vtot/'SA)/qret * ones(1,5); % particulate states are thickened
gamma(7)=0; % DO concentration in return sluge flow = 0.

Y%xin =1

q = [gin+gret+grec];

% AFROBIC ZONE %
% processes, taken from the JAWQ matrix formulation
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pl =par(6) * (x(2)/(par(8)+x(2))) * (x(7)/(par(+x(7))) * x(5);%

p2 = par(6) * (X(2)/(par(8)+X(2))) * (par(9)/(par(9y+x(7))) * (x(8)Y/(par(10)+x(8))) *
par(15) * x(5);%

p3=par(l1)* (X(9)/(Par(14)+X(9))) &7/ (par(13)y+x(7))) *X(G),%

p4 = par(7) *x(5);%

pS = par(12) * x(6);%

p6 = par(16) * x(10) * x(5);% _
p7 = par(17) * ((x(4)/x(3))/(par(18)+(x(4)/x(5)))) * ((X(7)/(par(9)+X(7))) + par(19) *
(par(9)/(par(9)+x(7))) * (x(8)/(par(10)+x(8)))) * x(5);

p8 = p7*(x(11)/x(4));%

gair = out*7;

- k1=400; k2=-0.42; Kla=k1*(1-exp(k2*qair));

sosat=9.5; qairtot=qair*4000;

% aeration parameters and Kla model

% differential equations according to [AWQ matrix and plant layout

sys(1)y=1/vol*{(g*u(1)-sum(q)*x(1));
sys(2)=1/vol*(g*u(2)-sum(q)*x(2)) - l/par(1)*pl - l/par(1)*p2 + p7;
sys(3)=L/vol*(q*u(3)-sum(@)*x(3)) + par(3)*p4 + par(3)*p5;
sys(4)=1/vol*(q*u(d)-sum(q)*x(4)) + (1-par(3))*p4 + (1-par(3))*ps - p7;
sys(3)=l/vol*(q*u(5)-sum{q)*x(5)) +pl+p2-p4;
sys(6)=1/vol*(q*u(6)-sum(q)*x(6)) +p3 - p5;
ifdo>0

sys(T=1/vol*(q*u(7)-sum(q)*x(7)) + Kla*(sosat-x(7)) - (1-par(1))/par(1)*pl +
(1-4.57/par(2))*p3;

else
sys(7)=0,
end

- sys(8)y=l/vol*(q*u(8)-sum(q)*x(8)) - (I-par(1))/(2.86*par(1)}*p2 + 1/par(2)*p3;
sys(9)=1/vol*(q*u(9)-sum(q)*x(9)) - par(4)*pl - par(4)*p2 - (par(4)+1/par(2))*p3 + p6;
sys(10)=1/vol*(q*u(10)-sum(q)*x(10)) - p6 + p8;

sys(11)=1/vol*(g*u(11)-sum(q)*x(11)) + (par(4)-par(3)*par(5))y*p4 + (par{4)-
par(3)*par(5))*p5 - p8;

% end md!Derivatives
%
9%

% mdlQOutputs
% Retum the block outputs.
Yo
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%
function sys=mdiQutputs(t,x,u)

SYs =X
% end mdlOutput
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A.2.5 Code listing for 2! AEROBIC tank in the system

function {sys,x0,str,ts] = bioreactmod?in(t,x,u,flag)
%CSFUNC An example M-file S-finction for defining a continuous system.
switch flag,
%%%%%%%% %% %% %% %% %%

% Initialization %

%% %% % %% %% %% %% %% % %%
case 0,

[sys,x0,str,tsFmdlInitializeSizes;
%% % %% %% %% %% %% %%

% Derivatives %
%6%%0%6%6%%%%%%6%%0%%

case 1,

sys=md]Derivatives(t,x,u);
%%%%%%% %% %%

% Outputs %

%% %% % %% %% %%

case 3,

sys=mdlOutputs(t,x,u);

%% %% %% % %% %% % %% % % %%

% Unhandled flags % -

%% %% %% %% %% % %% %% %% %% Y%
case { 2,4,9},

sys=[};

%%%%0%% %% %% %% %% %% % %% %%
% Unexpected flags %

%% %% %% %% %% %% %% %% % %% %
otherwise

error(['Unhandled flag = ",num2str(flag)]);
end

% end csfunc

Yo==

% mdlInitializeSizes
% Retum the sizes, initial conditions, and sample times for the S-function
Yo

function [sys,x0,str,ts]=mdlInitializeSizes
sizes = simsizes;

sizes.NumContStates = 11;
sizes.NumDiscStates = 0;
sizes.NumQutputs = 11;

sizes.Numlnputs = 12;
sizes.DirFeedthrough = 0;
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sizes.NumSampleTimes = 1;

sys = simsizes(sizes); .

- x0=[20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9,1.7];
str=[};

ts=[00];

% end mdlinitializeSizes

%

% mdiDerivatives
9% Return the derivatives for the continuous states.

Yo

function sys=mdlDerivatives(t,x,u)

% parameters

do=1;
par(1)=0.67;par(2)=0.24;par(3)=0.08;par(4)=0.086;par(5)=0.06;par(6)=6;
par(7)=0.62;par(8)=20;par(9)=0.2;par(10)=0.5;par(11)=0.8;par(12)=0.2;
par(13)=0.4;par(14)=1;par(15)=0.8;par(16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4;

Yinputs

%x(T)=u(7);

ini=u(1);in2=u(2);in3=u(3);in4=u(4);in5=u(3);
in6=u(6);in7=u(7);in8=u(8};in%=u(9);m10=u(10);in1 I=u(11);qin=u{12);
% influent concentrations

%Y%exin{1)=20; exin{2)=125; exin(3)=60; exin(4)=175; exin(5)=20; exin(6)=0;
%exin(7)=0; exin(8)=1; exin(9)=30; exin(10)=3; exin(11)=5;
%exin=exin"; % transpose into a column vector

% flow rates and volumes

gret=qin*0.5; grec=qin*2;

vol=1333; Vtot = 5999,

% thinkening factor and sludge age —ideal settler

SA=T;

gamma=ones(11,1);

gamma([3:6 11])=(qin+qret-Vtot/SA)/qret * ones(1,5); % particulate states are thickened
gamma(7)=0; % DO concentration in return sluge flow = 0.

Yoxin = 1';

q = [qin+qretrqrec];

%~—-——-AEROBIC ZONE %
% processes, taken from the IAWQ matrix formulation

pl = par(6) * (x(2)/(par(8)+x(2))) * (x(T)/(par(9)+x(7))) * x(5);%

p2 = par(6) * (x(2)/(par(@)yx(2))) * (par(9)/(par(9)+x(7)) * (x(8)/(par(10)y+x(8))) *
par(15} * x(5);%

p3 = par(11) * (x(9)/(par(14)+x(9))) * (x(7)/(par(13)+=x(7))) * x(6);%
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p4 =par(7) * x(5);%
p5 =par(12) * x(6);%

p6 = par{16) * x(10) * x(5);% .

p7 = par(17) * ((X(AVX(S))(par(18YHAYxX(5)) * ((D(par(9)+x(7) + par(19) *
(par(9)/(par(9)+x(7))) * (x(8)/(par(10)+x(8)})) * x(5); .
p8=p7*(x(11)/x(4));%

Y%qair =17,

Y%k 1=300; k2=-0.42; Kla=k1*(1-exp(k2*qair)};
sosat=9.5; %qairtot=qair*4000;

Kla=200;

% aeration parameters and Kla model

% differential equations according to IAW(Q matrix and plant layout

sys(1)=1/vol*(q*u(1)-sum(q)*x(1));
sys(2)=1/vol*(q*u(2)-sum(q)*x(2)) - l/par(1)*pl - l/par(1)*p2 + p7;
sys(3)=1/vol*(q*u(3)-sum(q)*x(3)) + par(3)*p4 + par(3)*p5;
sys(4)=1/vol*(qg*u(4)-sum(q)*x(4)) + (1-par(3))*p4 + (1-par(3))*p5 - p7,
sys(Sy=1/vol*(q*u(5)-sum(q)*x(5)} +pl+p2-p4;
sys(6)=1/vol*(g*u(6)-sum(q)*x(6)) +p3 - p5;
ifdo>0 :

sys(T)=1/vol*(q*u(7)-sum(q)*x(7)) + Kla*(sosat-x(7)) - (1-par(1))/par(1)*pl +
(1-4.57/par(2))*p3;

else
sys(7)=0,
end

sys(8)=1/vol*(q*u(8)-sum(q)*x(8)) - (1-par(1))/(2.86*par(1))*p2 + 1/par(2)*p3;
sys(9)y=l/vol*(q*u(9)-sum(q)*x(9)) - par(4)*pl - par(4}*p2 - (par(4)+1/par(2))*p3 + pé;
sys(10)=1/vol*(q*u(10)-sum(q)*x(10)) - p6 + p8;

sys(1L=1/vol*(q*u(l1)-sum(q)*x(11)) +  (par(4)-par(3)*par(5))*p4 + (par(4)-
par(3)*par(3)}*p5 - p8§;

% end mdlDerivatives
%

%=

% mdlOutputs
% Return the block outputs.
Ve

%
function sys=mdlOutputs(t,x,u)
Sys =X,



% end mdlQutput
A.2.6 Code listing for the 3™ AEROBIC bioreactor in the system

function [sys,x0,str,ts] = bioreactmod3in(t,x,u,flag)
 %CSFUNC An example M-file S-function for defining a continuous system.

switch flag,

%%%%% %% %% % %% %% %% %% %

% Initalization %

%% %% %% %% % %% %% %% %% %

case 0,

{sys,x0,str,ts]=mdlInitializeSizes;

24%%%%%%%% %% %% %%

% Denvatives %

%% %% %% %% %% %% % %%

case 1,

sys=mdlDerivatives(t,x,u);

%% %%6%%%%%%%

% Outputs %

%%%%%%%%%%%

case 3,

sys=mdlOutputs(t,x,u);

%% %% % %% %% %% %% %% % %% %

% Unhandled flags %

%6%% %% %% % %% %% %% %% %% %

case {2,4,9},

sys=[];

%% %% %% %% %% % %%0% %% %% %%

% Unexpected flags %

%%%%%%%%%%%%%%%%%%% %%

otherwise

error([Unhandled flag = ',num2str{flag)]),

end

% end csfunc

%

9% mdlInitalizeSizes
% Return the sizes, initial conditions, and sample times for the S-function

Yo

function {sys,x0,str,ts[=mdlInitializeSizes
sizes = simsizes;

sizes.NumContStates = 11;

sizes. NumDiscStates = 0;
sizes.NumQutputs = 11;

sizes.NumInputs = 12;
sizes.DirFeedthrough = 0;
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sizes.NumSampleTimes = 1;

Sys = simsizes(sizes);
x0=1[20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9,1.7};
str={];

ts=[007;

% end mdlImiializeSizes

%

% mdlDernivatives
% Retum the dentvatives for the continuous states.
%

function sys=mdlDerivatives(t,x,u}

% parameters

do=1;
par(1)=0.67;par(2)=0.24;par(3)=0.08;par(4)=0.086;par(5)=0.06;par(6)=6;
par(7)=0.62;par(8)=20;par(9)=0.2;par(10)=0.5;par(11)=0.8;par(12)=0.2;
par(13)=0.4;par(14)=1;par(15)=0.8;par{16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4;

Y%inputs

Yox(Ty=u(7);

im1=u(1);in2=u(2);in3=u(3);in4=u(4);mS=u(5);
in6=u(6);in7=u(7);in8=u(8);m%=u(9);in1 0=u(10);in1 1=uf11);qin=u(12);
% influent concentrations

%exin(1)=20; exin{2)=125; exin(3)=60; exin(4)=1735; exin(5y=20; exin(6)=0;
%exin(7)=0; exin(8)=1; exin(9)=30; exin(10)=5; exin(11)=5;
%exin=exin'; % transpose into a column vector

% flow rates and volumes

gret=qin*0.5; qrec=qin*2;

vol=1333; Vtot = 5999;

% thinkening factor and sludge age — ideal settler

SA=T; '

gamma=ones(11,1);

gamma([3:6 11])=(qin+qret-Viot/SA)/gret * ones(1,5); Y% particulate states are thickened
gamma(7)y=0; % DO concentration in return sluge flow = 0.

%x1in =u';

q = [qin+gretgrec];

%--———- AEROBIC ZONE %
% processes, taken from the IAWQ matrix formulation

pl = par(6) * (x(2)/(par(8)+x(2))) * (x(7)/(par(3)+x(7))) * x(5);%

p2 = par(6) * (x(2)/(par(8)y+x(2))) * (par(9)/(par(9)+x(7))) * (x(8)/(par(10)+x(8))) *
par(13) * x(5);%

p3 = par(11) * (x(9)/(par(14)+x(9))) * (x(7)/(par(13}+x(7))) * x(6);%
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p4=par(7) * x(3);%

p5 =par(12) * x(6);%

- p6=rpar(16) * x(10) * x(5;%

p7 = par(17) * ((x(4)/x(5)/Apar(18)Hx(4)/x(3)))) * (x(T)/(par(9)y+=x(7))) + par(19) *
(Par(9V(par(9)+x(7))) * (x(SW(par(10yx3)) * x(5;

p8 =p7*(x(11)/x(4));%

%qair =7;

%k1=300; k2=-0.42; Kla=k] *(1-exp(k2*qair));

sosat=9.5; %gqairtot=qair*4000;

Ki1a=200;

% aeration parameters and Kla model
% differential equations according to JAWQ matrix and plant layout

sys(1)=1/vol*(g*u(l)-sum(g)*x(1));
sys(2)=1/vol*(q*u(2)-sum{q)*x(2)) - /par(1)*pl - 1/par(1)*p2 + p7;
sys(3)=1/vol*(q*u(3)-sum(q)*x(3)) + par(3)*p4 + par(3)*p5;
sys(d)=1/vol*(q*u(4)-sum(q)*x(4)) + (1-par(3)}*p4 + (1-par(3))*pS - p7;
sys(3)y=1/vol*(g*u(5)-sum(q)*x(5)) +pl+p2-p4;
sys(6)=1/vol*(g*u(6)-sum(q)*x(6)) +p3 - p5;
ifdo>0

sys(T)=1/vol*(q*u(7)-sum(q)*x(7)) + Kla*(sosat-x(7)) - (1-par(1))/par(1)*pl +
(1-4.57/par(2))*p3;
else

sys(7)=0;
end
sys(8)=1/vol*(q*u(8)-sum(q)*x(8)) - (1-par(1))/(2.86*par(1))*p2 + 1/par(2)*p3;
sys(9)=1/vol*(q*u(9)-sum(q)*x(9)) - par(4)*pl - par(4)*p2 - (par(4)+1/par(2))*p3 + p6;
sys( 10)=1/vol*(g*u(10)-sum(q)*x(10)) - p6 + p8;
sys(11=Uvol*(g*u(11)}-sum(q)*x(11)) +  (par{4)-par(3)*par(5))*p4 + (par(4)-
par(3)*par(5))*p5 - p8;

9% end mdlDerivatives
%
%y

% mdIOutputs
% Retum the bilock outputs.
%

%
function sys=mdlOutputs(t,x,u)
SYs = X;
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% end mdlQutput
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