
Peninsula Technikon

Department of Electrical Engineering

Faculty of Engineering

AN INVESTIGATION INTO USING FUZZY

LOGIC TECHNIQUES TO CONTROL A REAL­

WORLD APPLICATION

by

Quinton Jerome Bart

Submitted in fulfilment of the requirement for the
Masters Degree of Technology (Mtech): Electrical Engineering

Under the Supervision of

Professor Raynitchka Tzoneva

December 2002



DECLARATION

.1, Quinton Jerome Bart, hereby declare that this dissertation represents my own work and

the opinions contained therein are my own and not necessarily those of the Technikon.

All references used have been correctly reported.

. .&t.
Slgnature:r'" ..7 •••••••••••••• Name: Quinton Jerome Bart



SUMMARY

In this thesis fuzzy control is analyzed 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 is based upon the 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 ofmany 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 tv/o

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 the emphasis 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 controllers 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 simulation 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 aerobic reactor of the process. Emphasis 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 ",ith 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

11



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 ofthis 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 is 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

I



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 assmned that the derived model of the process can be

linearized. However certain characteristics such as backlash, hysteresis saturation and

dead zones, which are co=on 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 assmnption is made that the parameters of the

system model are fairly 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 be simpler 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 hmnan 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.
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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 concept 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 frrst 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 saw 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 engmeenng 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
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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 & Carras, 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 there 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 attempt 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 heuristic information such as

knowledge and experience ofengineers and operators can be incorporated into the model.

The different types ofmodeling paradigms are depicted in Table 1 (Babuska, 1998).
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Modeling Source of Method of Example Deficiency
approach information acquisition
Wbitebox Formal Mathematical Differential 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 dimensionality.
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 to 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 developed

encompassing the knowledge of experts in the particular field of interest (Pedrycz, 1990;

Yager & Filev, 1994)
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1.2.2.2 Rule 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 (TS)

model has a fuzzy proposition in the antecedent and a crisp function for the consequent.

The different models can be defined as the following

• Linguistic fuzzy Model (Mamdani, 1977)

Rules of such a model are in the following format

Ifantecedent 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

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

Rules of such a model are in the following format

Ifantecedent 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 is in the consequent.

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

many variations.
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1.2.2.3 Developing Fuzzy Models

AB it is indicated in Table I fuzzy models are flexible in that sources of infonnation for

the development offuzzy models can be both of a quantitative and qualitative nature.

The qualitative data, which usually originates from human operators, can be regarded as

infonnation from "experts". Hence fuzzy models can be regarded as simple fuzzy expert

systems (Zimmennann, 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 detennines how flexible the model is in tenns 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 ofinput and output variables

• Rule Structure

This is the choice between the Mamdani and Takagi-Sugeno type

• The type and number of fuzzy sets for each input and output linguistic variable
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This choice has a great effect on the granularity of the control surface.

• 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 involved for

output detennination.

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. It 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)

• Nonadaptive fuzzy control

• 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 parnmeters during real time operation. In terms of complexity nonadaptive

controllers are simpler than adaptive 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.
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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)

• 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, fme-tune or redesigo the fuzzy controller by trial and error and

repeat the procedure until the performance is satisfactory.

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

adaptive fuzzy control system.

Reference Model Ym

Plant
r u y -

~

e
Fuzzy Controller
with adjustable
parameters

te
Adaptation law

.
e = h(e,e)

Figure 1.1: Basic configuration of adaptive fuzzy control systems

The reference model is used to specify the ideal response that the fuzzy control system

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 (t) tracks the

reference modelYm (t).

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-eonventional PID controllers which employed fuzzy logic technology were

developed (Ying et al., 1990; He et al., 1993; Malki et aI., 1994). The fuzzy control

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 ofa rule base.
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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 PI controllers

(ying, 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 PI type controller was developed to control the pH

titration in a continuously stirred tank reactor (Qin et al., 1994). In wastewater treatment

f\lzzy 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)
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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 control 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

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

• Software development for simulation and real time control of the levels in the

cascaded tank system

• Study of the activated sludge process including software development for the

simulation of the process.

• Implementation of fuzzy setpoint control of the dissolved oxygen concentration 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

lllyout of the dissertation.
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1.6.1 Outline 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.

Chapter three describes the development of a generic fuzzy PI controller and shows how

the fuzzy PI controller can be developed based upon its conventional counterpart. It also

provides a step-by-step procedure for the realization of the fuzzy controller in software

with the aid of a commercial package called FUZZVTECH, 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 enviromnent.

Chapter five describes the second process, which is an Activated Sludge Process (ASP),

'Ised for the biological treatment of sewage wastewater. This is a process that exhibits

¥gh!y non-linear characteristics and is ideal for the implementation of fuzzy control.

Tllere 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

~imulation. study which forms part of a preliminary study for implementation on a pilot

~SP process and then later on an actual wastewater treatment plant. This ",ill form part

of 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.
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Chapter seven is the concluding chapter that discusses the results of the fuzzy controller

impl=entation 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

engmeenng.

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 model 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% ofvery 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 developed, in the early 1980's by EL. 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.
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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 ofuncertainty and vagueness.

The introduction of fuzzy logic to the area of control was first introduced by Mamdani

(Mamdani and Assi1ian, 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 i£'then rules as

controllers can be built utilizing the basic fundamental theory of fuzzy logic. There is

a plethora ofliterature 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 offuzzy if/then rules is simple and close to intuition. Furthermore, it is

largely self-contained and does not require an extensivefamiliarity 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. ill effect we are

unconsciously summarizing a continuous 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.
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"Ifthe room temperature is hot then the fan speed is fast. "

In the statement above "hof' and "fast" will encompass a range of values on the

numeric space of "temperatllre" and "speed" respectively. If a mathematical fonnula

is to be used it would assume a general fonn as below.

S = K(L'. T) (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 fonnula, 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 transfonn the qualitative expression into

a quantitative fonn without losing the effect of a humanistic approach. Fuzzy set

theory provides this transfonnation.

2.2 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 ofthe 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.
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These axioms basically imply that there exist boundaries between characteristics that

elements can 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 set theory differs m that it allows elements to have varying degrees of

membership in set 'Y'.

2.2.1 Crisp Sets

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

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

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

In this set the characteristic function of "5" would be "I". For the number "2" it

would be "0". Therefore the characteristic function, denoted here by ;C, can be defmed

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

oifx ~ A
I if x E A

(2.3)

2.2.2 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 ofmembership in that particular set.

In fuzzy sets this characteristic function is more co=only known as a membership

function and denoted by p{x). Such fuzzy sets can then be represented as.:

F = {1/a, 0.6/c, O.2/f, 0.5/g} (2.4)

The notation above does not utilise the "f' as a divisor as in mathematics. It merely

separates the element, on the right of the slash, and its membership function value on

the left.
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2.2.3 Comparison between Fuzzy Sets and Crisp Sets

To illustrate this idea consider a variable such as temperature with a range of values

on the closed interval [0,100] degrees. If we consider temperatures ranging from 45 to

55 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

1

Figure.2.1: Crisp Set

.

1

Figure.2.2: Fuzzy set

The definition ofa fuzzy set was formally defined by Zadeh (Zadeh, 1965])as:

" AjUzzy subset :A' ofuniverse 'u' is characterized by a membershipjUnction

UA:U-.7[O,lJ which associates with each element )1' of 'u' a number UA(y) in the

interval [O,lJ which represents the grade ofmembership UA(y) in the interval [O,lJ

which represents thi grade ofmembership in 'A'."

2.3 FUZZY RELATIONS

In control these relations are very important because they describe interactions

between variables. This is particularly important when one considers the iflthen 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
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PR (x,y)=min(px(.T:),py(y)) (2.5)

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

base is essentially comprised of a number ofrules 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:

PR (X,y) =min(px(x),py (y)) (2.6)

1

o x

Figure 2.3: Relation "R" formed by the Cartesian product of ")C" and "Y".

With respect to fuzzy sets a fuzzy relation is a fuzzy set with a membership function

in two or more variables.

Driankov et af (1993, p.64) gives the following example to describe, "approximately

ual"eq .

When U = {1,2,3} then the fuzzy binary relation can be described as follows.

1/(1,1)+1/(2,2)+1/(3,3)

+0.8/(1,2)+0.8/(2,3)+0.8/(2,1)+0.8/(3,2)
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+0.3/(1,3)+0.3/(3,1)

The membership function PR ofthis relation can be described by

P~X,Y) = { ~.8
0.3

when x=y,

when Ix - y I= 1

when Ix-y 1=2

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

y

1 2 3

1

X 2

3

1 0.8 0.3

0.8 1 0.8

0.3 0.8 1

Table 2.1: Table showing the matrix of the relation "approximately equal"

2.4 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.

1
A 8

(2.7)

oL....C--"'---'----'----..X

Figure 2.4: Intersection of two fuzzy sets
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2.4.2 Union

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

Figure.2.5.

f.!A vB = rnax(f.!A(X),f.!B(X))

A B

(2.8)

1

o
Figure: 2.5: Union oftwo fuzzy sets

2.4.3 Height

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

for fuzzy set A on a universe ofdiscourse X:

hgt(A) = sup fLA(X)
xeX

2.4.4 Projection.

(2.9)

From Figure 2.3 , consider universe ofdiscourse 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).

Proj R on Y = Is1¥' fLR(X,y)/y
Y

(2.10)



As an example consider the relation R below.

y2 y3 y4

xl

x2

x3

0.4 1 0.2 0.6

0.2 0.8 0 0.1

0.9 1 0.5 0.8

Table 2.2: Table of the matrix showing the membership values ofa 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:

• xl = 1

• x2=0.8

• x3= 1

As a result the fuzzy set derived from this procedure is:

Proj R onX= l/xl + 0.8/x2+ l/x3 (2.11)

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

columns. This will yield the following result.

Proj R on Y = 0.9/yl+l/y2+O.5/y3+o.8/y4

2.4.5 Cylindrical Extension

(2.12)

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 follov"ing

definition applies where A is a fuzzy set on universe of discourse Y and there exist a

cartesian product space ofX x Y.

cerA) = kx Y J.LA(Y)/(X,y) (2.13)
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By way ofan example consider the fuzzy sets obtained in by equation (2.11) and

(2.12). When the fuzzy set obtained by equation (2.11) is extended onto X x Y , the

following is obtained.

y2 y3 y4

xl

cerA) = x2

x3

1 I 1 1

0.8 0.8 0.8 0.8

1 1 1 1

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

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

}l y2 y3 y4

xl

ce(B) = x2

x3

0.9 1 0.5 0.8

0.9 1 0.5 0.8

0.9 1 0.5 0.8

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. lbis

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 A on a universe X and a fuzzy relation R in the space X x Y, a set B

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

B=AoR = proj (ce (A)!1R) on Y (2.14)
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Also the membership function of B is as follows. Here the intersection is performed

using the maximum operation and projection with the minimum operatioIl-

(2.15)

Alternatively the membership function can be defined as follows. Here the

intersection is performed using the maximum operation and projection with the

product operation.

,!lB!YJ=max ,!lA(x). ,!lR(X,y)
x

2.5 FUZZY RULES

(2.16)

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 rnin 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" operation 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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/fa is A then c is 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.

2.5.3 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 ofR and x ;that is

y=xoR"

x

Figure 2.6: Diagram depicting the compositional rule of inference
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In practice 'x' is nonnally 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

JlY(y) = max[min(J.lX(x),j.lR(x,y))]

Note that for explanatory purposes Figure (2.6) depicts one relation only.

(2.17)

Basically it implies that when a rule has been modeled by a relation R , an output

fuzzy set B can be inferred from an input set Xby 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 fonnulation ofthe 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?' Defmitions 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 tmderstanding 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 ""ith 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.

, cl (t)
u(t} = Kpe(t}+KJ Je(r}dt+ KD _e_

o dt

du(t) _ v_ de(t) , () K d
2

e(t) de
-~. T~£t+ D dt

dt dt dt 2

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

(3.1)

(3.2)

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 is

monotonic. Hence the issue here is that of complexity in terms of modeling of

mathematically complex systems.

29



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 term.

(3) The choice of membership functions

(4) Rule base structure

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

defuzzification of data.

(6) Tuning of the controller.

3.1.1 Selection Oflnput 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, e(t) = Ysp(t) - y(t) (3.3)
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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,

Lle(lj = e(t) - e(t-i) (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 investigated when

determining the structure of the rule base. Also the amount of input 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 ""ith

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

control surface. The rippled surface depends upon the rules 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 ",ill

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 ""ill, 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
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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, Z is zero, PS is positive small and PB is

positive big.

-10 o 10
, I

NB NS z PS
I •

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" is 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 oferror 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 the 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.



error~~~~-~".,,,,,?,: error_change o~ 0' ~~"~ Aetuator:....change

Above Incfast Openfast

CLAbove Incslow
,

Openslow

Ok Constant Nochange
CLBelow Decslow Closeslow
Below Decfast Closefast

Table 3.1: Linguistic terms for each 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.

error error change actuator change

Above NB Incfast NB Openfast NB

CLAbove NS Incslow NS Openslow NS

Ok Z 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 PI controller.

D.u(k) = K?D.e(k) + KI.e(k) '" D.C (3.5)



Kp and K1 are the coefficients for the proportional and integral coefficients respectively.

Llu, LIe and LIe 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 ofsystem) 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 comprised of rules that are PI characteristic the antecedents

that describe 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 controller input has on the output. This is summarized in

table 3.3 bearing equation (3.3) in mind.

erroI:"," i@~di":t1'#'~ - errorcbange:;_ 5¥''''-~';''-'o/~'2 E-ff'ect:on.out:put,; "'~'o~ '~~ ,. "''-%i#',_" ',>,",,"""" 'filr~-

negative negative Above setpoint and moving away from it.

Negative positive Above setpoint and moving towards it.

Positive negative Below setpoint and moving towards it.

Positive positive Below setpoint and moving away from it.

Table 3.3: Position ofthe 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 defmed. In the following section it will be shown how a list of rules for a PI fuzzy

controller were formulated.
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3.1.4 Rules for PI-type Controller

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

regions.

(a) Steady state region
y

error increasing or decreasing

t
error constant

Figure.3.2: Steady state region

Steady state
region

If one considers the region close to the setpoint (± 5 % from the setpoint) as indicated by

Figure. 3.2 and the linguistic tenns 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 fonnat as

indicated in Table 3.4.
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2

4

5

6

8

9

IF THEN

Error Error change Actuator change

Negative Small Negative Small Positive Small

Negative Small Zero Positive Small

NegativeSmall Positive Small Zero

Zero Negative Small Positive Small

Zero Zero Zero

Zero Positive Small Negative Small

Positive Small Negative Small Zero

Positive Small Zero Negative Small

Positive Small Positive Small NegativeSmall

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

(b) Region significantly above the setpoint.

.............•...•.•.............._ ..... ·········ysp

Measured value moving
towards setpoint

t
Measnred value
constant. ~

y

NB JIttJ }
NS

ZER
PS

PB

'--------..... t

Significantly above
the setpoint

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 arid the error change falls

within the ZERO,PS or PB terms. Hence the amount of change to be added to the output
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must either speed up or slow down the approach to the setpoint. Table 3.5 is possible

control rules for this region.

IF THEN
Error Error change Actuator change

1 Negative Big Zero Positive Big

2 Negative Big Positive Small Positive Small

Negative Big Positive Big Zero

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

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

and level rising

y

Process output

risingr
Ji t¥tt4=',,}PS -..__ _- _ _ -"_..

PB

'---------.t

Region close
below and
above the
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
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direction in which the output is moving. Therefore possible rules will be as indicated in

table 3.6.

IF THEN

Error Error change Actnator change

1 Negative Big Negative Big Positive Big

2 Negative Big Negative Small Positive Big

3 Negative Small Negative Big Positive Big

4 Zero Negative Big Positive Big

Positive Small NegativeBig Positive 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
decreasing

1
NB
NS

ZER
PS
PB

y

L-------~t

Region close
above and
below the
setpoint

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

region the process output is falling below the setpoint value and requires an addition of a

change value that will steer it towards the setpoint. Hence possible rules could take on the

following format indicated in table 3.7.

IF THEN

Error Error change Actuator change

1 Negative Small Positive Big Negative Small

2 Zero Positive Big Negative Big

~ Positive Small Positive Big Negative BigJ

4 Positive Big Positive Big Negative Big

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.

Process output moving
towards setpoint

i. ~

Process
output
constant

y

NB
NS

ZER(··

PS

PB L-J..__ J...~__ .L~.__.-'--_-"• J Region
significantly
below the setpoint

Figure.3.6: Region significantly below the setpoint
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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 output

must either speed up or slow down the approach to the setpoint. Table 3.8 indicates

possible are control rules for this region.

IF THEN

Error Error change Actuator change

1 Positive Big Negative Big Zero

2 Positive Big Negative Small Negative Small

Positive Big Zero Negative Big

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

c<: NS PB PS PS Z NS
0 ACTUATORc<: ZERO PB PS Z NS NBc<: CHANGEu:J

PS PS Z NS NS NB

PB Z NS NB NB NB

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.

Figure 3.7: Membership functions for input linguistic variable 'error'
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181

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.
'- / \. .J-.....r y

prerruse 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 is 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
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previously determined. When using the product operator the output fuzzy set is scaled

Figure 3.10 by the value as determined by the premise.

181

,---_.--_.."'-',._---~---...,.'_.~---. ------,---'---'--

_' 1. _

Figure 3.9: Output fuzzy set clipped using 'min' operator.

181
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•

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 irrelevant because simple membership functions

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

r.egion in the output by calculating the weighted mean of the fuzzy region. Arithmetically

this can be stated as follows:

n

LJij.lF(di)
9't +- -,-i~=-- _

n

Lj.lF(dt)
i=O

(3.6)
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Here the fuzzy solution region is called 'F', where d is the ith domain value and p(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 theses 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

like to have embedded within the system. Once the graphical design has been completed

the "c" code is generated. This code however only contains the fuzzy computations and

it is still required by the user to integrate the generated code with the pre and post

processing code for use with the various data acquisition cards. The initial development is

far from completion as the final 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
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right the slot entry. Entries can take the fonn 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 "fuzzyTECH®"

When designing a system there are three basic steps.

(1) Linguistic variable specification.

(2) Defining of inference structure

(3) Fuzzy rule fonnulation.

It was previously mentioned that the Linguistic variables are " error", "error change" and

"actuator 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. using 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.

IFUZZY SETPOINT CONTROLLER)

INPUTS

error
INFERENCING UNIT

"'N OUTPUT
..J

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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O~9

variable has five linguistic terms and has been defmed below as depicted m figure

3.l2,figure 3.13 and figure 3.14.

II~ - lIIIIelEl

,<Term 8e8w
E""""-:---- "'F===,,-----:------='T----,----,,=====

!.Above
K
LBelow'Pi'~,i!iiI_. Q.S

0.7'

0.6·

lIS

0,4

0.2

:··~A Q,SJ2ti5iwh-- =_-"- -!:: -;';-_-=-=_--'-- _
'-~ J u·LQ

Figure 3.12: Linguistic variable editor depicting the linguistic variable" error"

11_.change - - • - IIIIIeIEl

0.7

0·6

G.'
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/
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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 defrnition 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

"fuzzyTECW" 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.

(l) In the software directory of the "fuzzyTECfI'ID" software find a sub-directory called

"LID". 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

HMINPROD.C

HMAXPROD.C

HPUBVARS.C

These files must be compiled to object files. The following command line can be used.

TCC-c-DFTLIDCI6 H*.C

After compiling all the fIles they must be added to the library called FTC 16.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 "FUZZYC" and

"FUZZY.H"

(3) The next step is to load the "c" file generated above into any text editor so that the

path for the "FTLIBC.H" file can be edited. An example ofthis is indicated below.

#include "c:\ftmcu96\include\FTLIBC.H"

(4) Now compile "FUZZYC" to "FUZZYOB]"
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(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) FTCI6.LIB

(b) FUZZY.OB]

(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 setpoint in each process.
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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.

Cl

Cl

iTI,
: I
4'I

11

11
: i
i'--..
:....--

'---u' .. "~. C4
.. .____ T

~_. L~ C5
12 , _

I • i~L1T
i& ~
i L1.,..--J
F ~---' '_,-

___ .- _.J;! To drain

Cold water Hot water Flow
reservoir reservoir 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.

A helical wound copper coil through which hot water flows from a 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.
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The water flows from both the hot and cold reservoirs can be controlled 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 control 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.

(1) The inner loop 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 "I" or "0" entry where a "I" 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 at 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.
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MI Cl C2 C3 C4 CS

L1 1 1 1 1 1

L2 1 1 1 0

L3 1 I 0 0

L4 I 1 0 0 0

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

where

Ci, i =1, ... 5 are valves

Li, i = 1, ..4 are levels in the respective tanks.

MI, is matrix 1.

From the entries in the matrix it is evident that controlling the level ofeach 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 figA.I it can be seen that there is a valve that

controls the water flow. This valve, which is Cl is set at a constant value that ensures

that the tanks will neither overflow or run dry. Because C I 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 CS

LI 1 I

L2 1 0

L3 I 0 0

L4 0 0 0

Table 4.2: Reduced BIM with the exclusion of Cl.
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4.1.2 Input and Output Variables for the Controller

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 and

the controller outputs will effect changes in valves C2 to CS. 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, I 990) the model for level control is as depicted below.

LI(s) GLJI(s) GLl2(S) 0 0 Cs(s)

Lo(s) 0 Gm(s) Gm(s) 0 C4(S)
0=

L3(S) 0 0 GL33(s) G04(S) C3(S)

L4(S) 0 0 0 Gw(s) Co(s)
(4.1)

Table 4.3: Model for level control

where Gw are transfer functions for every term and GLij are transfer functions

representing the influence ofthe 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

LI(s) 0.009 -0.01 Cs(s)
0 0

S S

Lo(s) 0.0105 -0.01
0 C4(S)0

S S
0=

0.0105 -0.01
L3(S) 0 0 C3(S)

S S

0
0.012

(4.2)0 0
L4(S) S Cl(S)

Table 4.4: Model for level control depicting the transfer functions for each tank
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4.2 OPERATING CONDITIONS

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

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

4.2.1 Influence Of The Valves

From Table 4.1 and Table 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 ofC2

L4 Changes level by varying outflow rate

L3 Changes level by varying inflow rate

L2 Change in L3 effects L2

L1 Change in L2 effects Ll

Table 4.5: Influence of C2 on the levels

Effect ofC3

L4 No effect

L3 Changes level by varying outflow rate

L2 Changes level by varying inflow rate

LI Change in L2 effects L1

Table 4.6: Influence of C3 on the levels

Effect ofC4

L4 No effect

L3 No effect

L2 Changes level by varying outflow rate

LI Changes level by varying inflow rate

Table 4.7: Influence ofC4 on the levels
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Effect ofC5

L4 No effect

L3 No effect

L2 No effect

Ll Changes level by varying outflow rate

Table 4.8: Influence ofC5 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.

C2 C3

L4 1 0

L3

L2 0

LI 0 0

C4 C5

o 0

o 0

1 0

I I

Table 4.9: Direct effect ofall 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.
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C2 C3 C4 C5

L4 0 0 0

L3 0 1 0 0

L2 0 0 0

Ll 0 0 0

Table 4.10: Fully decentralised BlM

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

ofTable 4.9 will be centralised or hierarchical ie.

-- --
U,(k) = H,.e;(k) + HijL;(k), i=1,4 j=I,4 i~j k=O,co

e,(k)=L,p, -Li(k)
(4.3)

where Ui is the control action, Hi is the controller coefficient for the ith tank, and Hij is

the controller coefficient compensating for the influence ofthejth tank level over the

ith tank level. Also LSPi is the level setpoint, k is the discrete time and ei is the level

error.

A regulator designed on the basis ofTable 4.10 will be decentralised i.e.

Ui(k) = H,.e,(k) i=I,4 (4.4)

where the coefficient Hi is designed in such a way that the influence of the jth 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 level control

for a single tank is reduced.
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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.

4.4 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 each tank, a compensation technique had to be employed to

compensate for the effect of the upper 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.

Cl a LEVEL •.. ".

0 0 constant

0 I Level decreases

I 0 Level increases

I I constant

Table 4.11: Level response for 'open' and 'close' combinations of Cl and C2
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Cl

C2
( "":)

Figure 4.2 :Schematic of a single tank

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"CI" is fully open and "C2" is

completely shut, the level will rise. If"C I" is completely shut and "C2" is fully open,

the level will decrease. Now if one considers diffemt 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.

4.5 FUZZy CONTROL ALGORITHM GENERATION

As mentioned in chapter three the fuzzy controller was developed with the assistance

ofa commercial software package called "fuzzyTECH®". The text below describes

the development ofthe controller for level controller for the considered cascaded tank

system.

In chapter 3 the design of the fuzzy controller within the "fuzzyTECH®" environment

was described. The next procedure develops the actual software code to real ise 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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(l) Sampling ofdata

(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

DT280 I. The code below forms the skeletal structure for data acquisition.

. /*
Procedure library for Data Translation Card DT280 I

Ref: DT2801 manual */

#include <dos.h>

#include <dos.h>

#define base address Ox2ec
#define comm wait Ox4
#define write wait Ox2
#define read wait Ox5
#define cstop Oxf
#define cclear Ox I
#define cerrorOx2
#define cadin Oxc
#define cdaoutOx8

#include "adc280l.h"

/*DT28OI uses port $2EC & $2ED*/
/*DT2801 commands*/

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

~ ~

/***--procedure to read from card----***/
/*Reads the voltacre from AID 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] */

double adcJead(int chan_no)
{

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

do{
} while((inportb(commandJeg) & comm_wait) <= 0);

outportb(command_reg,cadin);
do {

}while(((inportb(commandJeg) A write_wait)&write_wait) <= 0);
outportb(dataJeg, 0);
do {

}while(((inportb(command_reg) A write_wait)&write_wait) <= 0);
outportb(dataJeg,chan_no);
do {

}while ((inportb(command_reg) & read_wait) <= 0);
low = inportb(dataJeg);
do {

}while ((inportb(commandJeg) & read_wait) <= 0);
high = inportb(data_reg);

value ~ (double)((int)high * (int)256 + (int)low);
value = value-2048;
value = value/2047*1O;
return value;
}

1* --------*1
I***--procedure to setup card---***I
#pragma argsused
void set_up_280I(void)

{
II int temp;

outportb(command_reg,cstop);

1* Clear data register*I
1* temp = */inportb(dataJeg);

do {

1*Discarded data*1
I*Stop DT2801 card *1

}while((inportb(commandJeg) & comm_wait) <= 0);
I*Clear DT2801 card*1
outportb(commandJeg,cclear);

}
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4.5.2 Data Translation to Actuators

Writing to the actuators was accomplished with a separate digital to analogue

interface card, the DT82I5. The code below forms the skeletal structure for data

acquisition.

1*
Procedure library for Data Translation Card DT2815

Ref: DT2815 manual *1

#include <dos.h>
#include <math.h>

#define Data DA 0x224
#define Status DA 0x225

#include "DAC28I 5B.H"

1* Data register *1
1* Status register *1

1*------ --------------*1
I***-----procedure to write to card----***I
double dac_write(int chan_nO,double value)
{
unsigned char hi,lo; .

value = (int)(value*409615);
1* Poll Status reg until it = 0 *1
do {

} while(inportb(Status_DA)!= OxO);
1* Keep value in range *1
if(value>4095)

value = 4095;
else if(value<O)
value = 0;
I*Find high & low byte values*I
hi = floor(valuelI 6);
10 = l6*((int)value - 16*(int)hi) +2*chan_no + I;
1* Send low byte to data reg */
outportb(Data_DA,lo);
1* Poll status reg until ready for high byte */
do {

} while(inportb(Status_DA) != Oxl 0);
/* Send high byte to data reg */
outportb(Data_DA,hi);
return value;

}

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

{
f* Set status register to zero *f
outportb(Status DA,OxO);
f* Poll until status reg = 4 *f
do {ffoutportb(Status_DA,OxO);

} while(inportb(Status_DA) != 4);
f* Set data reg to 7; selecting program 1 *f
outportb(Data_DA,Ox7);

}

f* 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 *1

4.5.3 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_l.C" and "Level_l.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_I":'Level~","Level_3" and "Level_4". These functions are all exported from

the their corresponding "C" modules i.e. "LeveLI.C", "Level_2.C", "Level_3.C" and

"LeveI_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 ofthe fuzzy

logic system appended with an underscore after each 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 ofthe control algorithm with only the code of the

fuzzy algorithm shown.

#include "Level I.h" 1*

#include "Level 2.h" 1* Include knowledge base offuzzy kernels

#include "Level 3.h" 1*

#include "Level 4.h" 1*

#include . 1* Other "include" files

#include 1*

FLAGS rvl; 1*

FLAGS rv2; 1* Declaration ofreturn variables

FLAGS rv3; 1*

FLAGSrv4; 1*

Void main(void) { 1* Start ofmain program

..................... 1*

..................... 1* Other code of control algorithm

..................... 1*

initLevel_I(); 1*

initLevel_2( ); 1* Initialization of fuzzy engines

initLeveU( ); 1*

initLevel_4( ); 1*

levell_LeveL1=...... ; 1*

level2_LeveL2=...... ; 1* Setting of input variables for the fuzzy

level3_Level_3=......; 1* engme

leveI4_Level_4=...... ; 1*
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changeI_Level_I = ;

change2_Level_2= ;

change3_Level_3= ;

change4_Level_4= ;

rvI=LeveU( )

rv2=Level_2( )

rv3=LeveL3( )

rv4=Level 4()

......= valvel_Level_l;

......= valve2_Level_2;

......= valve3_Level_3;

......= valve4_Level_4;

}

}

/*

/*

/*

1*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

/*

Setting of input variables for the fuzzy

engine

More program code

Calling ofthe 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 following steps were carried out.

The experiments performed essentially is comprised of three parts.

I. Preparation for the test.

2. Providing the test

3. Analysis ofthe results of the tests.

Table 4.12 below outlines the preparation and testing procedure.

Preparation
Allow all tanks to be filled to
40% capacity

T

Testing Procedure

(I) Set flow rate to 8 litres per minute (IIm)
(2) Provide step tests oflevel setpoints in the following manner

• Step level setpoint oftank 4 with setpoints of tank 3,2,1 kept constant
• Step level setpoint oftank 3 with setpoints oftank 4,2,1 kept constant
• Step level setpoint of tank 2 with setpoints of tank 4,3,1 kept constant
• Step level setpoint oftank I 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 tank I.

.

Table 4.12: Block diagram ofthe testing procedure

4.6.1 Preparation Procedure

Before the tests 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 (Vm) Then the level of the

uppermost tank was stepped to achieve a level of 80% capacity, to ensure thatthe

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 ofthe 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

Figures 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 Vm 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 approximately 60

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

minimum time.

With recrards to overshoot it can be seen that there is hardly any indication of
o

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 controller has almost a predictive

nature.
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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 setpoint

value for 80% capacity (the result of the previous step test). Tank 3 is stepped to the

80% mark and tank 2 and tank I 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, I 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 4.1 I to Figure 4.14 documents the response 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 4.1 I 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 test). Tank 2 is stepped to the 80% mark and tank I 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.II,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 oftank I is stepped and the setpoint of the rest of the tanks are kept constant.

Note that Figure 4.1 5 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 I 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 I. 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 fuzzy control

algorithm has provided satisfactory setpoint control of the levels in the cascaded tank

system.
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Figure 4.12: level response in tank 3
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Figure 4.16: level response in tank 3
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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.

80



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 I with
other tanks remaining unchanged.
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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

'00
00-: _ IOni:

6ll: :;)l.(ll>-l
4!l~
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,,,=~ '00

Figure 4.23: Simulation oftank system in LabVIEW

4.8 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.

(I) Minimum time response ofthe 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 PI 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 composed 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 yielded results that can be regar\1ed 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,1990). 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

error.
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CHAPTER FIVE

FUZZY LOGIC CONTROL OF THE DISSOLYED 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 disposal 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 rate 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 ofwater that the 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 quality of the

effluent is within acceptable limits. However, due to stricter limits, margins of

tolerance become smaller and under certain conditions, such as large input

disturbances in input flows and input 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 strategy 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 t=s 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 ofchemicals

• No excess oxygen transferred to water

• No Unnecessary recycling ofwater.

5.1 WASTE WATER TREATMENT PLANT

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

following.

• Removal ofsuspended solids

• Removal of organic material

• Removal ofphosphate (plant dependant)

• Removal ofnitrogen

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

• Mechanical treatment

• Biological treatment

• Chemical treatment

• 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

lhat 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 Chemical 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 concemed with phosphorus removal. Phosphorus contributes to

the proliferation ofalgae 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 floatation. Not all of the

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 specifically designed for the removal

ofnitrogen. In these processes nitrogen is usually in the form ofammonia 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 starts 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 process (ASP) consists of an aerated 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 ofnitrogen.

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

(NO]-). 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 stage 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. Sludge age refers to the length of time the sludge is retained in the

system. Nitrification is a relatively slow process and hence a long sludge age is

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

actions ofautotrophic bacteria.

In the second stage of the process nitrate is converted into nitrogen gas (Nz) 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 denitrification 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 levels to ensure that the

nitrate is used for the oxidation process as opposed to using the oxygen. Also, there

should be an abundance ofreadily biodegradable substrate.

In terms of plant configuration for nitrogen removal it can either be designed for pre­

denitrification 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

anoxic 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 recycled water contains 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 ofcarbon will be required in the anoxic tanks.

5.3 MODELLING OFWASTEWATER TREATMENT PROCESS (WWTP)

5.3.1 Description Of The Activated Sludge Model No. 1 (ASM no.l)

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 these 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 mathematically modeled.

The reason for this is that it has become accepted practice to utilize the IAWQ

activated sludge model No.! (ASMI), see Henze et al.(1987).

89



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 variables and eight processes. These processes are:

• For heterotrophic biornass

1. aerobic growth

2. anoxic growth

3. decay

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

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.

",~~,"l" Organic.(COD} '_"""""'~'.'"'~'" Nitrogen(N} .3_, _ ". Other ,,~,__.

soluble inert (S,) ammonia (SNH) oxygen (So)

suspended inert (XI) nitrate (SNO) alkalinity (SAL0

suspended inert products ( X p) soluble organic nitrogen (SND)

readily biodegradable substrate suspended organic nitrogen

( Ss) (XND)

slowly biodegradable substrate

(Xs)

heterotrophic biomass( X BH)

autotrophic biomass (XBAl

Table 5.1: State variables as defined by the ASM I model with abbreviations
indicated in brackets
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5.3.2 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 ofdifferential 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.l model has been

used to model each bioreactor compartment with the exception ofthe 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 XI

and Xp into one variable, XIP. As a result every reactor is modeled in

MATLAB/SIMULINKTM 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

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

structure.

c:;; = RAt)+D(tXP'n (t)- p(t»

where,

• Pin(t) is influent concentration of the component

• P(t) is the concentration ofthe component in the effluent

• D(t) is the dilution rate (flow/volume)

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

The reaction rate Rp(t) has different fonns in dependence of the type of the process

and components. The different reaction rates are described below according to the

ASMl 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

mode1ing 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.(Henze et al,1987).

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

defined as follows.

_dX_d":::~·Ho.. = PH (Ks
S
: Ss XKo::SJXB.H+

PH(Ks
S
: Ss XKo:o:SoXKN::SNO }gXB.H -bHXB.H

(5.1)

(5.2)

(5.3)

(5.4)

92



(5.5)

(5.6)

(5.7)

(5.8)

(5.9)
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(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.

SA 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

compounds and ammonium conversion to nitrate. On the other hand a high

concentration ofdissolved 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 ofdissolved oxygen present in the internally recycled 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 ofview.

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 ai, 1977), (Wells,

1979), (Ko et al, 1982), (Holmberg et al, 1989)(Bocken et ai, 1989)(Rundqwist,

1986)(Carlsson et al, 1994) have contributed to the development of control strategies

to maintain proper 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.
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5.4.1 Description of Mass Balance Eqnation 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 explauation of the equation governing

the dissolved oxygen concentration will be given. The mass balance equation

describes the rate of change of the dissolved oxygen. Consider the terms on the right

hand side of the equation. The first term is a mass. balance comprising of the

difference between 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.

dy(t) = Q(t) (y. (t) _ yet»~ + KLa(u(t»(Ysat - yet»~ - R(t)
dt V '"

Where

(5.11)

y(t)

Yin(t)

Ysat

Q(t)

V

KLa(u)

u(t)

R(t)

is the DO concentration in the aerobic tank

is the DO concentration ofthe inputflow

is the saturated value ofthe DO concentration

is theflow rate ofthe wastewater.

Volume ofwastewater

is the oxygen transferjitnction

aiiflow rate in the aerobic tank

respiration rate

What is ofimportance is the oxygen transfer function. The mass balance equation that

governs the dissolved oxygen concentration in the aerobic tanks has the oxygen

transfer function KLa 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
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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 descnoe it is by the following equation. The relationship between this

parameter and the airflow rate is a non-linear one. A typical model to represent the

relationship between the airflow rate and the oxygen transfer function is an

exponential model as depicted in the equation below.

(5.12)

Where,

k1 and kz 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 KLa 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 effiuent.

s.s 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 process 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 the .sirnulink simulation has been setup as S­

functions. An S-function essentialy enables users to define custom sirnulink blocks

using either MATLAB or C-Ianguage. 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 algorithrnically as opposed to

graphical methods with the use of block diagram notation. It is particularly useful in

this instance as it is easier to define the biological reactors algorithrnically considering

that each reactor is comprised ofapproximately I1 differential equations.

Below is a skeletal structure of the code defining each bioreactor

function [sys,xO,str,ts] = bioreactrnodinc(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,

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

% Initialization %

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

case 0,

[sys,xO,str,ts]=md1Initia1izeSizes;

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

% Derivatives %

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

case 1,

sys=mdlDerivatives(t,x,u);

%%%%%%%%%%%

% Outputs %

%%%%%%%%%%%

case 3,

sys=mdlOutputs(t,x,u);

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

% Unhandled flags %

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

case { 2,4, 9 },

sys = [];

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

% Unexpected flags %

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

otherwise

error(['Unhandled flag = ',nurn2str(flag)]);

end

% endcsfunc

%,==============================

% mdlInitializeSizes

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

%,============================
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function [sys,xO,str,15]=mdllnitializeSizes

sizes = simsizes;

sizes.NumContStates = 11;

sizes.NumDiscStates = 0;

sizes.NumOutpu15 = 11;

sizes.NumInputs = 20;

sizes.DirFeedthrough = 0;

sizes.NumSamp1eTimes = 1;

sys = simsizes(sizes);

xO = [20,8.4,1552,81.0,1439,50.6,0,0.6,9.7,0.7,4.3];

str= 0;

15 = [0 0];

% end mdlInitializeSizes

Initialization
and setup of
theS
function
occurs here

%,=============================

% 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

%Defme all inputs to the system.

% FLOW RATES AND TANK VOLUMES

%Include all flow rates and tank volumes

% DEFINE THE SETTLER CHARACTERISTICS

'V.Include items such as sludge age.
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%DEFINE PROCESSES ACCORDING TO lAWQ MODEL

%Include equations describing the various processes occurring in the reactor

%DEFINE DIFFERENTIAL EQUATIONS ACCORDING TO lAWQ MODEL

%AND PLANT LAYOUT

%Include all the differential equations that describes the bioreactor.

% end mdlDerivatives

%

%,============================

% mdlOutputs

% Return the block outputs.

%,============================

%

function sys=rndIOulputs(t,x,u)

sys = 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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5.5.2 Simulation Parameters

Solverl \lIorkspace'lOl D~I Advancedl AeaJ.Time\IJ~1
Simulation time
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Solver options
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AelaliYe tolerance: J1e-3
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Mdliirun order: 15

:::J AeIine factor. 11

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 ODEl5S for solving ordinary stiff differential equations. Even with

this choice ofintegration 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 pattem was obtained from the benchmark model

for testing control strategies of activated sludge plants.
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Table 5.2: A snapshot ofpart 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 screeo 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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2. It (error is Above) and (errchg is Incslow] then (aclchg is Openlast) (1)
3. If (error isAbove] and (errchg is Constant) then (aclchg is Openlast) (1)
4. If (error is Abo\-e) and (errchg is DecsIow) then laclchg is Openslow) (1)
5. It (error is Above) and lerrchg is Oecfastllhen laclchg is Nochange) (1)
6. It [error is ClAbove) and (enchg is fncfast) !hen (actchg isOpenlastl (1)
7. It [error is ClAbove) and (enchgis fncslow) !hen (actchg is Opemiow) (1)
a If (error is ClAbove) and (enchgis Constanl) !hen (actchg is Opemlow) (1)
9. It (error is ClAbove) and (enchgis DecsIow)!hen (aclchg is flochange)(1)
10. If (errOf is ClAbove) and (enchg is Oecfastllhen (aclchg is CIoseslaw) (11
11. It lerror is Okl and ferrcha is IncfasU!hen faclcha is Ooerlastl m

Delete rule

Figure 5.6: A snapshot ofthe 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 prompt the input diurnal 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.

• Start "simulink", the simulation environment

»simulink

• In simulink the designed simulation was loaded. This is done using the pull

down menu of simulink and loading the file "DO_CONTROL".

• Once the simulation design is loaded the setpoint value for the dissolved

oxygen concentration is set to 2mg/l.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.

5.6.2 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

admirably yielding results that show a reduction in the fluctuations of the dissolved

oxygen concentration in an aerobic tank. Coupled with this it can be seen that there is

also a reduction in the concentration of nitrogenons 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.

., So tAERORlC I CONI ROllED-I I!!lriJEJ

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

Figure 5.9: Plot ofnitrate 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 ofsoluble organic nitrogen concentration in the effluent under
controlled conditions
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Figure 5.12: Response of dissolved oxygen concentration without control

Figure 5.13: Plot of ammonia concentration in the effluent under uncontrolled
conditions
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Figure 5.14: Plot ofnitrate 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 the

emphasisplaced upon the activated sludge plant where water is biologically treated. A

description of the modeIing of the ASP was given and the various components present

in wastewater were described. Based upon this and the ASMl NO!. 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

implementation 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 implemented. 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 wiII be investigated and implemented.
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CHAPTER SIX

TUNmG OF THE FUZZY 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 controllers the parameters can either be

manually tuned or an optimization technique can be employed. This chapter gives a brief

overview of the options available to the designer when considering optimization

techniques. The method employed in this study is 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 adjustment is particularly

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 settings (Pivonka

and B1aha, I999).
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6.1.2 Non-linear and Linear Fuzzy Controllers

There exists few formal tuning methods. Fuzzy controllers 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 ofnon-linearity stems from

• the rule base

• inference method

• the defuzzification method.

6.1.2.1 Non-linear Surface of the Fuzzy Controller

Non-linearity caused by the mle 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 quick 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 concept 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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increasing 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.

pIc'..- I 181 i

'.--~--Q.A--bo-v-.,---.--Ok.---,-----r-Cl.8mN--"-,~-'="i==_;J,.

-0.6 -0.4 08

Figure 6.1: Input linguistic variable "error"
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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
Equally distributed on the universe of discourse
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Figure 6.4: Output linguistic variable "actuator change" with contracted fuzzy sets
close to the origin
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Figure 6.5 : Plot of control surface with the output as defined by the parameters in
figure 6.3

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 well. Fuzzy controllers

can however be designed to have linear characteiistics. 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 membership value of 0.5.

• The 'and' connective should be implemented with the algebraic product.

• The rule base must be the outer 'and' product of the input families

• Singletons should be used for the output variable with their positions determined

by the sum 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 adjusting 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 quantities 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

overview of various techniques used for tuning of fuzzy controllers will be reviewed.

They are

• Conventional controller techniques

• Neural fuzzy systems

• Genetic algorithm systems.
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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 PI, PID, or PD type. Fuzzy controllers are

essentially nonlinear and more cumbersome to set controller gains compared to its

conventional counterpart (Janlzen,1998). It was shown that there does exist similarities

between fuzzy controllers and conventional controllers taking certain conditions into

consideration(Siler&Ying,1989;Mizmnoto,1992;Qiao&Mizumoto, I 996;Tso&Fung, 1997)

.The starting 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 controller. By using techniques such as Ziegler-Nichols,

Kappa-Tan, 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)

• Develop a crisp controller, and tune it using known methods(Ziegler-Nichols,

Kappa-Tau, optimization, hand tuning etc.)

• Insert a linear fuzzy contoIIer

• The parameters such as Kp Td and l/Ti should be transferred to GE.GCE, GIE and

GUusing the table 6.1.

• Then insert a linear rule base

• 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 Kp lIT; Ta

P GE*GU

PI GCE*GCU GElGCE

PD GE*GU GCE/GE

PID GE*GU GlE/GE GCE/GE

Table 6.1: Relationship between fuzzy and PID gains

Also to demonstrate the relationship betweeo 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 [lISt version to run under the Matlab environment A detailed and useful

document can be found at the following website; http://www.csc.umist.ac.ukf .

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 fuzzy logic for the purposes of tuning. The integration ofneural networks

with fuzzy logic to form hybrid systems has beeo intensively investigated with Lee and

Lee being one of the pioneers in this field (Lee & Lee,1975). Basically in a fuzzy neural

network (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 linguistic 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,199l;Carpenter et al,l993).

6.1.4.2.2 Genetic Algorithms

Genetic algorithms are modeled after the natural optimization process present in nature.

where the principles of natural selection, evolution, and genetics are simulated to .

parameterize the many variables of a fuzzy controller. One of the pioneering work in this

field was done by Karr (1991). Karr's method pararneterizes both the weighting of output

sets as well as fuzzy set shapes. There was then an attempt to improve upon the method

of Karr by including rUle minimization in the search (Lee & Takagi,l993). 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,l993). As with fuzzy neural systems

mentioned above a vast amount has been done in this field and research is ongoing.

6.2 TUNING OF FUZZY SET PARAMETERS

The utilization of the techniques as described in the previous 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 perfonnance 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 reco=ended

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 are called self-tuning whereas the adaptive mechanism that modifies

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

area was done by Mamdani and colleagues (Mamdani & BaakIini,1975;Mamdani et al

,1976;Procyk & Mamdani,1979; Yamazaki & Mamdani, 1982)

Tuning of fuzzy set definitions has met with objection (Mamdani,1976;Tong,1976). The

argument is that fuzzy set defmitions 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,I 991;Maeda,Someya & Funabashi,1991;Glorennec,199I;Bartolini et al,1982).

6.3 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

not required to implement a hybrid system ( neuro-fuzzy or genetic algorithms and fuzzy

logic integrated) to optirnize 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 concerned 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% ofthe 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 OCProcedure For Tuning

The algorithm dictates the tuning procedure in the following manner.

• Compute the average error, maximum and minimum error

• Determine whether the average error is within the specified limit indicated by a.

• 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.

• 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. If the minimum error is within the limit END the tuning procedure.

124



No

e, emax ,emin

Yes-a < e < a >---"=-I~

Yes
emax > a No

No

Action A IAO": B I
I

Action D

Yes

No

Yes

Action C IEnd TuningI

Figure 6.7: Flowchart of the algorithm employed or 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

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

figures below.

I-
181 :

OJ')

aAbove Ok

;- ......._-----..-

.."C===~===t=========:::"l-0.8 -D 6 _0.4 ·0.2 0 C.2 a.4
i1p..t variable -errm-

Figure 6.8: Tuning action A and action B

C}-------~ Action A

.. 0 ActionB

• 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.

• 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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• 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 (a;) above, then the fuzzy sets on the extreme ends are modified.

181 !

Ga0.50.'

----~
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Figure 6.9: Tuning action C and action D

c>------~ Action C

<lI 0 Action D

• 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 leftmost base parameter moved closer towards the origin.

This action further helps to increase the degree to which error values are

recognized as positive.

• The tuning action is stopped if the ma.ximum 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 onc

variable to tune the optimization procedure can be executed much quicker than tuning of

three variables.

6.3.3 Description of Tuning Algorithm in the MATLAB environment

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

comprised of three sections.

I. Fuzzy controller generation

2. Simulation of the process

3. Parameter tuning

load inputfile;

tel= I;

tol=O.5;

tn=O.5;

tp=O.5;

tor=O.5;

ter=l;

diss7nov;

1* loading of diurnal pattern as input to system

generic parameters for the fuzzy controller

1* calling of m-file to generate fuzzy controller

options = sirnsetCFinalStateName','filename','lnitiaIState',[State]);} run simulation

[t,x,y]=sim('thebiopidinputfileIwithfuzzy',[tx ty],options);

avg-mean(err);

mx=max(err);

mn=min(err);
}

Calculation ofaverage error, minimum and maximum

error
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while(mx> 0.04),

if 0.04> abs(avg),

mx = max(err);

mn = min(err);

ifmx > 0.04,

tor = 0;

ter = ter-0.05;

end

ifmn < -0.04,

tol = 0;

tel = tel-O.05;

end

else

ifavg< 0,

tn = abs(avg);

end

ifavg> 0;

tp = avg;

end

end

Checking ofaverage, minimum and maximum error

values and then adjusting of fuzzy parameter variables

ifperformance indices are not satisfied.

Checking of average, minimum and maximum error

values and then adjusting of fuzzy parameter variables

ifperformance indices are not satisfied.

Simulation

rerun to test

updated

controller

diss7nov; I*Generation of fuzzy controller with new parameters

options = simset('FinaIStateName','filename','InitiaIState',[StateJ);

[t,x,y]=sim('thebiopidinputfile1withfuzzy',[tx ty],options);

avg=mean(crr);

mx=max(err);

mn=min(err);

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

( start )

•
Declare name of
FISMATRIX

i.
Add input and
output linguistic
variables

1
Remove fuzzy
sets that are
autogenerated.

~
Add fuzzy sets to
input and output
variables

I
Define rulebase

Add rules to
rulebase

Figure 6.10: Flowchart depicting fuzzy controller generation in MATLAB
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In figure 6.10 it 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 defmed fuzzy sets that are

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

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

generation.

%Generation of Fuzzy Inference System (FIS)

a=newfis('do');

%Addition ofinput and output variables

a=addvar(a,'input','error',[-l 1]);

a=addvar(a,'input','errchg',[-l 1]);

a=addvar(a,'output','actchg',[-l ID;

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

a=rmmf(a,'input', 1,'mf', 1);

a=rmmf(a,'input',1,'mf',2);

a=rmmf(a,'input', 1,'mf', 1);

a=rmmf(a,'input',2,'mf',1);

a=rmmf(a, 'input',2,'mf',2);

a=rmmf(a,'input',2,'mf',1);

a=rmmf(a,'output', 1,'mf, 1);

a=rmmf(a,'output', 1,'mf,2);

a=rmmf(a,'output', I,'mf, I);

%Addition of fuzzy sets for input variable NO.1

a=addmf(a,'input',l,'Above','trimf', [-1.5 -tel-tol]);
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a=addmf(a,'input', l,'CLAbove','trimf,[-1 -tn 0]);

a=addmf(a,'input',l,'Ok','trimf,[-tn 0 tp]);

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

a=addmf(a,'input',I ,'Below','trimf, [tor ter 1.5]);

%Addition of fuzzy sets for input variable NO.2

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

a=addmf(a,'input',2,'Incslow','trimf,[-1 -0.5 0]);

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

a=addmf(a,'input',2,'Decslow','trimf, [00.5 1]);

a=addmf(a,'input',2,'Decfast','trimf, [0.5 1 1.5]);

%Addition of fuzzy sets for output variable NO.!

a=addmf(a,'output',I,'Openfast','trimf, [-1.5 -1 -D.I]);

a=addmf(a,'output',I,'Openslow','trimf,[-0.2 -0.1 0]);

a=addmf(a,'output',l,'Nochange','trimf, [-0.1 00.1]);

a=addmf(a,'output',I,'Closeslow','trimf, [00.1 0.2]);

a=addmf(a,'output',I,'Closefast','trimf, [0.1 1 1.5]);

%Definition of Rules in indexed fonnat

rulelist=[Illll;12111;13Il 1;14211;1 5311;21 1 I 1;22211;2321 I;

243 1 1;2541 1;3 1 11 1;322 I 1;333 1 1;3441 1;355 1 1;4 I 2 I 1;

423 1 1;434 I 1;444 I 1;455 I 1;5 I 3 I 1;524 I 1;535 I 1;5451 I;

555 I I];

%Add Rules to Rulebase

a = addruIe(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 were well determined to

compensate for the daily disturbances input from the diurnal pattern. During the tuning

procedure the simulation was performed with co=and line directives as this offered

greater flexibility. Following is the code that sets the conditions and runs the simulation.

options = simset('FinaIStateName','filename','InitialState',[StateJ);

[t,x,y]=sim('thebiopidinputfileIwithfuzzy', [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 "t)''' 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

tbe startup period until steady state conditions are reached. From Figure 6.11 it can be

seen that steady state conditions are reached after approximately 7 hours with slight

variations about the setpoint value of 2mglI. 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-dayperiod 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
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Figure 6.11: Final plot ofdissolved oxygen concentration value for the period
day 0 to day I.

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 I

',,'" "'>PcP -' CONTROLLERINI'UI "'~< ",,' ','_ R'rCONTROLLEROUTPUT

Error Error_change Actuator_change

Above [-1.5 -1 -0.080] Incfast [-1 -0.500] Openfast [-1.5 -1 -0.50]

CLAbove [-1 -0.08 00] Incslow [-0.5 0 0.5 0] Openslow [-1 -0.5 0 0]

Ok [-0.0800.080] Constant [00.5 1 0] Nochange [-0.5 0 0.5 0]

CLBelow [00.0810] Decslow [0.5 1 1.5 0] Closeslow [00.5 1 0]

Below [0.08 1 1.5 0] Decfast [-1 -0.500] Closefast [0.5 1 1.5 0]

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

6.4.2 Results for the Period day 1 to day 2

Although the plot in figure 6.14 looks very oscillatory it shQuld be observed that the plot

shows a 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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Figure 6.14: Final plot of dissolved oxygen concentration value for the period day 1 to
day 2

Figure 6.15: Plot of fuzzy controller surface for the period day I to day 2
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Figure 6.16: Plot of tuned fuzzy sets of "error" linguistic variable for period dayl
to day 2
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Above [-1.5 -0,9 00] Incfast [-1 -0.500] Openfast [-1.5 -1 -0.5 0]

CLAbove [-1 -0.5 0 0] Incslow [-0.5 0 0.5 0] Openslow [-1 -0.500]

Ok [-0.5 0 0.5 0] Constant [00.5 1 0] Nochange [-0.5 0 0.5 0]

CLBelow [00.5 1 0] Decslow [0.5 I 1.50] Closeslow [00.5 I 0]

Below [00.25 1.5 0] Decfast [-1 -0.5 00] CIosefast [0.5 1 1.5 0]

Table 6.3: Parameters oftuned fuzzy sets for optimized fuzzy controller over the period
day I to day 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
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Figure 6.17: Final plot of dissolved oxygen concentration value for the period day 2
to day 3

Figure 6.18: Plot of fuzzy controller surface for the period day 2 to day 3
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Figure 6.19: Plot of tuned fuzzy sets of"error" linguistic variable for period day 2 to
day 3

_ ..~ONTROLLERINPUT;~•.CONTROLLEROUTIUT
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Above [-1.5 -0.95 0 0] Incfast [-1 -0.5 00] Openfast [-1.5 -1 -0.50]

CLAbove [-I -0.5 0 0] Incslow [-0.5 0 0.5 OJ Openslow [-1 -0.5 0 0]

Ok [-0.5 0 0.5 0] Constant [0 0.5 1 OJ Nochange [-0.5 0 0.5 0]

CLBeIow [00.5 I 0] Decslow [0.5 1 1.50] Closeslow [00.5 1 0]

Below [00.3 1.50] Decfast [-1 -0.5 00] Closefast [0.5 1 1.50j

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.
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6.4.4 Results for the Period day 3 to day 4

Figure 6.20: Final plot of dissolved oxygen concentration value for the period day 3
to day 4

Figure 6.21: Plot of fuzzy controller surface for the period day 3 to day 4
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Figure 6.22: Plot of tuned fuzzy sets of"error" linguistic variable for period day 3 to
day 4
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Above [-1.5 -0.55 0 0] Incfast [-1 -0.5 00] Openfast [-1.5 -1 -0.5 0]

CLAbove [-1-0.500] Incslow [-D.S 0 05 0] Openslow [-1-D500]

Ok [-0.5 0 0.5 0] Constant [00.5 1 0] Nochange [-D.S 0 0.5 0]

CLBelow [00.5 I 0] Decslow [0.5 1 1.50] Closeslow [00,5 1 0]

~elow [00,25 1.5 0) Decfast [-1 -0500] Closefast [0.5 1 1.5 0]

Table 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

Figure 6.23: Final plot of dissolved oxygen concentration value for the period day 4 to
day 5

Figure 6.24: Plot of fuzzy controller surface for the period day 4 to day 5
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Figure 6.25: Plot of tuned fuzzy sets of"error" linguistic variable for period day 4
to day 5
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Above [-1.5 -0.8 0 0] Incfast [-1 -0.5 00] Openfast [-1.5 -1 -o.50j

CLAbove [-1-0.5 00] Incslow [-0.5 0 0.5 0] Openslow [-1 -0.5 0 0]

Ok [-0.5 0 0.5 0] Constant [00.5 1 Oj Nochange [-0.5 0 0.5 0]

CLBelow [00.5 1 0] Decslow [0.5 1 1.50] Closeslow [00.5 1 0]

Below [00.21.50] Decfast [-1 -0.5 00] Closefast [0.5 1 1.5 0]

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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Figure 6.28: Plot of tuned fuzzy sets of"error" linguistic variable for period day 5 to
day 6
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Above [-1.5 -0.9 0 0] Incfast [-1 -0.5 °OJ Openfast [-1.5 -1 -o.50j

CLAbove [-1 -0.097570 OJ Incslow [-0.5 °0.5 OJ Openslow [-1 -0.5 °OJ

Ok [-0.09757 0 Constant [0 0.5 1 OJ Nochange [-0.5 °0.5 OJ
0.06380]

CLBelow [00.0638 I 0] Decslow [0.5 1 1.5 OJ Closeslow [00.5 1 OJ

Below [00.45 1.5 0] . Decfast [-1 -0.5 °0] Closefast [0.5 1 1.5 OJ

Table 6.7: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 5 to day 6

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 period 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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Figure 6.31: Plot of tuned fuzzy sets of"error" linguistic variable for period day 6 to
day 7
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Above [-1.5 -0.95 00] Incfast [-1 -0.5 0 0] Openfast [-1.5 -1 -0.5 0]

CLAbove [-1 -0.5 0 0] Incslow [-0.5 0 0.5 0] Openslow [-1 -0.5 0 0]

Ok [-0.5 0 0.5 0] Constant [0 0.5 1 0] Nochange [-0.5 0 0.5 0]

CLBelow [00.5 1 0] Decslow [0.5 1 1.50] Closes1ow [00.5 1 0]

Below [00.35 1.50] Decfast [-1 -0.5 00] Closefast [0.5 1 1.5 0]

Table 6.8: Parameters oftuned 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.
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6.4.8 Results for the Period day 7 to day 8

Figure 6.32: Final plot of dissolved oxygen concentration value for the period day 7 to
day 8

Figure 6.33: Plot of fuzzy controller surface for the period day 7 to day 8
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Figure 6.34: Plot of tuned fuzzy sets of "error" linguistic variable for period day 7 to
day 8
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Above [-1.5 -0.95 0 0] Incfast [-1 -0.5 0 0] Openfast [-1.5 -1 -0.5 0]

CLAbove [-1 -0.0605 00] Incslow [-0.5 0 0.5 0] Openslow [-1 -0.500]

Ok [-0.0605 0 Constant [00.5 1 0] Nochange [-0.5 0 0.5 0]
0.0602701

CLBelow [00.06027 1 0] Decslow [0.5 1 1.50] Closeslow [00.5 1 0]

Below [00.2 1.50] Decfast [-1 -0.5 0 0] Closefast [0.5 1 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

Figure 6.35: Final plot of dissolved oxygen concentration value for the period day 8 to
day 9

Figure 6.36: Plot of fuzzy controller surface for the period day 8 to day 9
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Figure 637: Plot of tuned fuzzy sets of"error" linguistic variable for period day 8 to
day 9
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Above [-1.5 -0.5 0 0] Incfast [-1 -0.5 0 0] Openfast [-1.5 -1 -0.5 0]

CLAbove [-I -0.08501 00] Incslow [-0.5 0 0.5 OJ Openslow [-1 -0.500]

Ok [-0.08501 0 Constant [00.5 1 0] Nochange [-0.5 0 0.5 0]
0.10160]

CLBelow [00.1016 I 0] Decslow [0.5 1 1.5 OJ Closeslow [00.5 1 0]

Below [00.1 1.50] Decfast [-1 -0.5 0 0] Closefast [0.5 11.5 OJ

Table 6.10: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day8today9

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

Figure 6.38: Final plot of dissolved oxygen concentration value for the period day 9 to
day 10

Figure 6.39: Plot of fuzzy controller surface for the period day 9 to day 10
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Figure 6.40: Plot of tuned fuzzy sets of"error" linguistic variable for period day 9 to
day 10
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Above [-1.5 -0.75 0 0] Incfast [-1 -0.5 OOJ Openfast [-1.5 -1 -0.5 OJ

CLAbove [-1 -0.06629 0 0] Incslow [-0.5 0 0.5 OJ Openslow [-1 -0.5 OOJ

Ok [-0.06629 0 Constant [00.5 1 OJ Nochange [-0.5 0 0.5 OJ
0.060060]

CLBelow [0 0.06006 1 0] Decslow [0.5 1 1.5 OJ Closeslow [00.5 1 OJ

Below [00.21.50] Decfast [-1 -0.5 0 OJ Closefast [0.5 1 1.5 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.
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6.4.11 Results for the Period day 10 to day 11

Figure 6.41: Final plot of dissolved oxygen concentration value for the period day IO
to day II

Figure 6.42: Plot of fuzzy controller surface for the period day 10 to day I I
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Figure 6.43: Plot of tuned fuzzy sets of"error" linguistic variable for period day 10 to
dayIl
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Above [-1.5 -0.35 00] lncfast [-1-0.500] Openfast [-1.5 cl -0.5 0]

CLAbove [-1-0.157800] lncslow [-0.5 0 0.5 0] Opeuslow [-1 -0.500]

Ok [-0.157800.5 0] Constant [00.5 1 0] Nochange [-0.5 0 0.5 0]

CLBelow [00.5 1 0] Decslow [0.5 1 1.50] Closeslow [00.5 1 0]

Below [00.1 1.5 0] Decfast [-1 -0.500] Closefast [0.5 1 1.50]

Table 6.12: Parameters of tuned fuzzy sets for optimized fuzzy controller over the period
day 10 to day 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

Figure 6.44: Final plot of dissolved oxygen concentration value for the period day 11 to
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
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Above [-1.5 -0.6 0 0] Incfast [-I -0.500] Openfast [-1.5 -I -0.5 0]

CLAbove [-1 -0.08153 00] Incslow [-0.5 0 0.5 0] Openslow [-I -0.5 0 0]

Ok 0.08153 0 Constant [0 0.5 I 0] Nochange [-0.5 0 0.5 0]
0.048110]

CLBelow [0 0.04811 1 0] Decslow [0.5 I 1.5 0] Closeslow [00.5 I 0]

Below [00.15 1.5 0] Decfast [-I -0.5 0 0] Closefast [0.5 I 1.50]

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 Results for the Period day 12 to day 13

Figure 6.47: Final plot of dissolved oxygen concentration value for the period day 12 to
day I3

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
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Above [-1.5 -0.6 0 01 Incfast [-1 -0.500] Openfast [-15 -1 -0.5 0]

CLAbove [-I -0.1411 001 Incslow [-0.5 0 0.5 0] Openslow [-1 -0.500]

Ok [-0.1411 00.501 Constant [00.5 1 Dj Nochange [-0.5 0 0.5 0]

CLBe10w [00.5 101 Decslow [0.5 1 1.5 0] C10seslow [00.5 1 Dj

Below [00.3 1.50] Decfast [-1 -0.500] Closefast [0.5 1 15 0]

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 trajectory, 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

Figure 6.50: Final plot of dissolved oxygen concentration value for the period day I3 to
day 14

Figure 6.51: Plot of fuzzy controller surface for the period day I3 to day 14
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Figure 6.52: Plot of tuned fuzzy sets of"error" linguistic variable for period day 13 to
day 14
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Above [-1.5 -0.95 0 0] Incfast [-1 -0.5 0 01 Openfast [-1.5 -1-0.5 01

CLAbove [-1 -0.05351 00] Incs10w [-0.5 0 0.5 01 Opens1ow [-1 -0.5 001

Ok [-0.05351 0 Constant [00.5 1 01 Nochange [-0.5 0 0.5 01
0.10460]

CLBe10w [00.1046 1 0] Decslow [0.5 1 1.5 01 Closes1ow [00.5 1 01

Below [0 0.25 1.5 0] Decfast [-1 -0.5 0 01 Closefast [0.5 1 1.5 01

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

Figure 6.50 to Figure 6.52 show the optirnized trajectory, the controller surface, and a

graphical display of the controller parameters respectively.
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6.5 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 tuning is the large

amount ofparameters that can be used for tuning. Also there exists no formal method for

initial approximations of parameters 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 controller 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

parameters 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 fuzzy 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 of2% were satisfied.
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CHAPTER SEVEN

CONCLUSIONS

Fuzzy modeling provides a very flexible framework 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 knowledge 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!' 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 available. FUZZVTECH appears to be the leading software package for controller

design and has indeed been used for literally hundreds ofreal time applications especially

in the field of industrial applications.

In this dissertation a generic fuzzy PI controller was developed and implemented on two

applications 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 ACHlEVElVlENTS 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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• 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 taok 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 ID the

MATLAB/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

PI controller for dissolved oxygen concentration.

7.2 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 fuzzy
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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 understanding the development of the fuzzy controller which

is further expounded in chapter three.

73 THE DEVELOPl\<1ENT 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 relationship 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 "fuzzyTE~". These algori1:hJl1s 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' programming language for controller implementation was

explained.
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7.4 ANALYSIS OF A 4-STAGE CASCADED
APPLICATION OF THE DEVELOPED
DECENTRALISED LEVEL CONTROL

TANK SYSTEM
CONTROLLER

FOR
FOR

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 [md the relationship between

the input and output variables. This was done without the aid of mathematical models.

The [mal result of the analysis yielded a matrix 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 "fuzzyTECH3
" 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 AJ."IALYSIS 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 tI:,e 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

oxygen 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

MATLAB 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-fiiendly 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.
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APPENDIX A

A.l Table showing model parameters for ASM no. 1 model
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A.2 LISTING OF CODE FOR SIMULATION OF AJ.'10XIC AND AEROBIC
BIOREACTORS.

A.2.2 Code Listing for the first ANOXIC tank in the system

function [sys,xO,str,ts] = bioreactmodinc(t,x,u,flag)
%CSFUNC An example M-file S-function for defIning a continuous system.
switch flag,
%%%%%%%%%%%%%%%%%%
% Initialization %
%%%%%%%%%%%%%%%%%%
case 0,
[sys,xO,str,ts]=mdlInitializeSizes;
%%%%%%%%%%%%%%%
% Derivatives %
%%%%%%%%%%%%%%%
case 1,
sys=mdlDerivatives(t,x,u);
%%%%%%%%%%%
% Outputs %
%%%%%%%%%%%
case 3,
sys=mdlOutputs(t,x,u);
%%%%%%%%%%%%%%%%%%%
% Unhandled flags %
%%%%%%%%%%%%%%%%%%%
case { 2, 4, 9 },
sys = [];

%%%%%%%%%%%%%%%%%%%%
% Unexpected flags %
%%%%%%%%%%%%%%%%%%%%
otherwise
error(['Unhandled flag = ',num2str(flag)]);
end
% end csfimc
%.==============================

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

function [sys,xO,str,ts]=mdIInitializeSizes
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates = 0;

181



sizes.NumOutputs = 11;
sizes.NumInputs = 20;
sizes.DirFeedthrough = 0;
sizes.NumSarnp1eTimes = 1;
sys = simsizes(sizes);
xo = [20,8.4,1552,81.0,1439,50.6,0,0.6,9.7,0.7,4.3];
str = 0;
15 = [00];
% end mdlInitializeSizes
%===========================

% mdlDerivatives
% Return the derivatives for the continuous states.
%,===========================

function sys=mdlDerivatives(t,x,u)
% parameters
do=O;
par(1)=O.67;par(2)=0.24;par(3)=O.08;par(4)=O.086;par(5)=O.06;par(6)=6;
par(7)=O.62;par(8)=20;par(9)=O.2;par(10)=0.5;par(11 )=O.8;par(12)=0.2;
par(13)=O.4;par(14)=1;par(15)=O.8;par(16)=O.08;par(17)=3;par(18)=0.03;
par(19)=O.4;
%inputs
x(7)=O;
in1=u(1);in2=u(2);in3=u(3);in4=u(4);in5=u(5);
in6=u(6);in7=u(7);in8=u(8);in9=u(9);in1O=u(1 0);in11=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(1O)=u(18); exin(11)=u(l9); qin=u(20);
% influent concentrations
exin(6)=O;
exin(7)=O; exin(8)=O;
% transpose into a column vector

% flow rates and volumes
qret=qin*O.5; qrec=qin*2;
vo1=I000; Vtot = 4999;
% thinkening factor and sludge age - ideal settler
SA=7;
gamma=ones(ll,l);
gamma([3:6 11])=(qin+qret-Vtot/SA)/qret * ones(1,5); % particulate states are thickened
ganuna(7)=O; % DO concentration in return sluge flow = 0.

q = [qin qret qrec];
% AEROBIC ZONE %
% processes, taken from the lAWQ matrix formulation
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pI =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(1O)+x(8») *
par(15) * x(5);%
p3 =par(ll) * (x(9)/(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(lO) * x(5);%
p7 = par(17) * «x(4)/x(5»/(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(II)/x(4»;%

% aeration parameters and Kla model

% differential equations according to IAWQ matrix and plant layout

sys(l)=l/vol*(q*[exin(1) u(l)*gamma(l) u(l )]'-sum(q)*x(l»;
sys(2)=l/vol*(q*[exin(2) u(2)*gamma(2) u(2)]'-sum(q)*x(2» lIpar(I)*p1
l/par(I)*p2 + p7;
sys(3)=l/vol*(q*[exin(3) u(3)*gamma(3) u(3)]'-sum(q)*x(3» + par(3)*P4 +
par(3)*P5;
sys(4)=l/vol*(q*[exin(4) u(4)*gamma(4) u(4)]'-sum(q)*x(4» + (l-par(3»*p4 + (1-
par(3»*P5 - p7;
sys(5)=l/vol*(q*[exin(5) u(5)*gamma(5) u(5)]'-sum(q)*x(5» + pI + p2 - p4;
sys(6)=l/vol*(q*[exin(6) u(6)*gamma(6) u(6)]'-sum(q)*x(6» + p3 - p5;
ifdo > 0

sys(7)=lIvol*(q*[exin(7) u(7)*gamma(7) u(7)]'-sum(q)*x(7» + Kla*(sosat-
x(7) - (1-par(I»/par(I)*pl + (1-4.57/par(2»*p3;
else

sys(7)=O;
end
sys(8)=l/vol*(q*[exin(8) u(8)*gamma(8) u(8)]'-sum(q)*x(8» (1-
par(I»/(2.86*par(I»*p2 + lIpar(2)*p3;
sys(9)=lIvol*(q*[exin(9) u(9)*gamma(9) u(9)]'-sum(q)*x(9» par(4)*p I
par(4)*P2 - (Par(4)+lIpar(2»*p3 + p6;
sys(lO)=lIvol*(q*[exin(lO) u(lO)*gamma(l0) u(10)]'-sum(q)*x(lO» - pG + p8;
sys(ll)=lIvol*(q*[exin(ll) u(ll)*gamma(ll) u(ll)]'-sum(q)*x(ll» + (Par(4)­
par(3)*Par(5»*p4 + (Par(4)-par(3)*par(5»*p5 - p8;

% end mdIDerivatives
%
%=========================

% mdlOutputs
% Return the block outputs.
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%;===========================

%
function sys=mdlOutputs(t,x,u)
sys = x;
% end mdlOutput
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A.2.3 Code Listing for the second ANOXIC bioreactor in the system

function [sys,xO,str,ts] = bioreactrnodinl(t,x,u,flag)
%CSFUNC An example M-file S-function for defining a continuous system.
switch flag,
%%%%%%%%%%%%%%%%%%
% Initialization %
%%%%%%%%%%%%%%%%%%
case 0,
[sys,xO,str,15]=mdllnitializeSizes;
%%%%%%%%%%%%%%%
% Derivatives %
%%%%%%%%%%%%%%%
case 1,
sys=mdlDerivatives(t,x,u);
%%%%%%%%%%%
% Outputs %
%%%%%%%%%%%
case 3,
sys=mdlOutputs(t,x,u);
%%%%%%%%%%%%%%%%%%%
% Unhandled flags %
%%%%%%%%%%%%%%%%%%%
case { 2, 4, 9 },
sys = 0;
%%%%%%%%%%%%%%%%%%%%
% Unexpected flags %
%%%%%%%%%%%%%%%%%%%%
otherwise
error(['Unhandled flag = ',num2str(flag)]);
end
% endcsfunc
%.==========================

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

function [sys,xO,str,15]=mdllnitializeSizes
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates = 0;
sizes.NumOutputs = 11;
sizes.NumInputs = 12;
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sizes.DirFeedthrough = 0;
sizes.NumSampleTimes = 1;
sys = simsizes(sizes);
xO = [20,8.4,1552,81.0,1439,50.6,0,0.6,9.7,0.7,4.3];
str= 0;
ts = [0 0];
% end md1InitializeSizes
%===========================

% mdlDerivatives
% Return the derivatives for the continuous states.
%,===========================

functioos~=mdlDeriv~ves~~~

% parameters
do=O;
par(I)=O.67;par(2)=O.24;par(3)=O.08;par(4)=O.086;par(5)=0.06;par(6)=6;
par(7)=O.62;par(8)=20;par(9)=O.2;par( I0)=0.5;par(11)=O.8;par(12)=0.2;
par(13)=O.4;par(14)=I ;par(15)=O.8;par(16)=O.08;par(17)=3;par(18)=0.03;
par(19)=O.4;
%inputs
x(7)=O;
inl=u(I);in2=u(2);in3=u(3);in4=u(4);in5=u(5);
in6=u(6);in7=u(7);in8=u(8);in9=u(9);inl 0=u(10);inl1=u( 11);qin=u(12);
%exin( I)=u(12);exin(2)=u(13);exin(2)=u(14);exin(2)=u(15);exin(2)=u(16);exin(9)=u(17)

%exin(IO)=u(18); exin(ll)=u(19); qin=u(20);
% influent concentrations
%exin(6)=0;
%exin(7)=O; exin(8)=O;
% transpose into a column vector

% flow rates and volumes

qret=qin*0.5; qrec=qin*2;
vol=1000; Vtot = 5999;
% thinkening factor and sludge age - ideal settler
SA=7;
garIInla=ones(II,I);
garIInla([3:6 ll])=(qin+qret-Vtot/SA)/qret * ones(I,5); % particulate states are thickened
garIInla(7)=O; % DO concen~onin return sluge flow = O.

q = [qin+qret+qrec];
% AEROBIC ZONE %
% processes, taken from the IAWQ matrix formul~on
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pI =par(6) * (x(2)!(Par(8)+x(2))) * (x(7)/(Par(9)+x(7))) * x(5);%
p2 = par(6) * (x(2)/(Par(S)+x(2))) * (Par(9)/(Par(9)+x(7))) * (x(8)/(Par(IO)+x(S))) *
par(15) * x(5);%
p3 = par(ll) * (x(9)/(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(lO) * x(5);%
p7 = par(17) * «x(4)/x(5))/(Par(IS)+(x(4)/x(5)))) * «x(7)/(Par(9)+x(7))) + par(19) *
(Par(9)/(Par(9)+x(7))) * (x(S)/(Par(1O)+x(8)))) * x(5);
pS =p7*(x(1l)/x(4));%

% aeration parameters and Kla model

% differential equations according to IAWQ matrix and plant layout

sys(l)=1Ivol*(q*u( I)-sum(q)*x(l));
sys(2)=1Ivol*(q*u(2)-sum(q)*x(2)) - 1Ipar(I)*pl - l/par(I)*p2 + p7;
sys(3)=1Ivol*(q*u(3)-sum(q)*x(3)) + par(3)*p4 + par(3)*P5;
sys(4)=1Ivol*(q*u(4)-sum(q)*x(4)) + (l-par(3))*p4 + (l-par(3))*p5 - p7;
sys(5)=1Ivol*(q*u(5)-sum(q)*x(5)) + pI + p2 - p4;
sys(6)=1Ivol*(q*u(6)-sum(q)*x(6)) + p3 - p5;
ifdo > 0

sys(7)=l/vol*(q*u(7)-sum(q)*x(7)) + Kla*(sosat-x(7)) - (l-par(I))/par(I)*p1 +
(l-4.57/par(2))*p3;
else

sys(7)=O;
end
sys(8)=1Ivol*(q*u(8)-sum(q)*x(8)) - (l-par(I))/(2.S6*par(I))*p2 + l/par(2)*p3;
sys(9)=1Ivol*(q*u(9)-sum(q)*x(9)) - par(4)*PI - par(4)*P2 - (par(4)+l/par(2))*p3 + p6;
sys(IO)=1Ivol*(q*u(IO)-sum(q)*x(lO)) - p6 +pS;
sys(ll)=l/vol*(q*u(ll)-sum(q)*x(ll)) + (Par(4)-par(3)*par(5))*p4 + (Par(4)-
par(3)*Par(5))*P5 - p8;

% end mdlDerivatives
%
%,=========================

% mdlOutputs
% Return the block outputs.
%.=========================

%
function sys=mdlOutputs(t,x,u)
sys = X;
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% end mdlOutput
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A.2.4 Code listing for l't AEROBIC bioreactor in the system

function [s18,xO,str,15] = bioreactmodlwithpid(t,x,u,flag)
%CSFUNC An example M-file S-function for defining a continuous system.
switch flag,
%%%%%%%%%%%%%%%%%%
% Initialization %
%%%%%%%%%%%%%%%%%%
case 0,
[s18,xO,str,15]=md1InitializeSizes;
%%%%%%%%%%%%%%%
% Derivatives %
%%%%%%%%%%%%%%%
case 1,
sys=mdlDerivatives(t,x,u);
%%%%%%%%%%%
% Outputs %
%%%%%%%%%%%
case 3,
s18=mdlOutpu15(t,x,u);
%%%%%%%%%%%%%%%%%%%
% Unhandled flags %
%%%%%%%%%%%%%%%%%%%
case { 2, 4, 9 },
s18 = 0;
%%%%%%%%%%%%%%%%%%%%
% Unexpected flags %
%%%%%%%%%%%%%%%%%%%%
otherwise
error(['Unhandled flag = ',num2str(flag)]);
end
% endcsfunc
%i===========================

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

function [s18,xO,str,15]=md1InitializeSizes
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates = 0;
sizes.NumOutpu15 = 11;
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sizes.NumInpu18 = 13;
sizes.DirFeedtbrough = 0;
sizes.NumSarnpleTimes = I; .
sys = simsizes(sizes);
xO = [20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9, 1.7J;

str= 0;
18 =[0 0];
% end mdllnitializeSizes
%===========================

% mdlDerivatives
% Return the derivatives for the continuous states.
%,===========================

function sys=mdlDerivatives(t,x,u)
% parameters
do=l;
par(I)=O.67;par(2)=0.24;par(3)=O.08;par(4)=O.086;par(5)=O.06;par(6)=6;
par(7)=O.62;par(8)=20;par(9)=O.2;par(10)=0.5;par(II)=O.8;par(12)=O.2;
par(13)=0.4;par(14)=I ;par(15)=0.8;par(16)=0.08;par(17)=3;par(18)=O.03;
par(19)=0.4;
%inpu18
%x(7)=2;
in I=u(1);in2=U(2);in3=u(3);in4=u(4);in5=u(5);
in6=u(6);in7=u(7);in8=u(8);in9=u(9);inlO=u( IO);inll=u( II);out=u(12);qin=u( 13);

% influent concentrations
%exin(I)=20; exin(2)=125; exin(3)=60; exin(4)=175; exin(5)=20; exin(6)=O;
%exin(7)=0; exin(8)=I; exin(9)=30; exin(I0)=5; exin(II)=5;
%exin=exin'; % transpose into a column vector

% flow rates and volumes
qret=qin*O.5; qrec=qin*2;
vol=1333; Vtot = 5999;
% thinkening factor and sludge age - ideal settler
SA=7;
gamma=ones( I 1,1);
gamma([3:6 11])=(qin+qret-VtotlSA)/qret * ones(I,5); % particulate states are thickened
gamma(7)=O; % DO concentration in return sluge flow = O.

%xin = u';
q = [qin+qret+qrec];
%--AEROBIC ZONE %
% processes, taken from the LAWQ matrix formulation
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pI = 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(ll) * (x(9)/(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(lO) * x(5);%
p7 = par(17) * «x(4)/x(5»)/(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(1l)/x(4»;%
qair = out*7;
kl=400; k2=-O.42; Kla=kl *(l-exp(k2*qair»;
sosat=9.5; qairtot=qair*4000;

% aeration parameters and Kla model

% differential equations according to IAWQ matrix and plant layout

sys(I)=l/vol*(q*u(I)-sum(q)*x(I»;
sys(2)=I/vol*(q*u(2)-sum(q)*x(2» - l/par(I)*p1 - lIpar(I)*p2 + p7;
sys(3)=lIvol*(q*u(3)-sum(q)*x(3» + par(3)*p4 +par(3)*p5;
sys(4)=l/vol*(q*u(4)-sum(q)*x(4» + (l-par(3»*p4 + (l-par(3»*p5 - p7;
sys(5)=IIvol*(q*u(5)-sum(q)*x(5» + pi + p2 - p4;
sys(6)=l/vol*(q*u(6)-sum(q)*x(6» + p3 - p5;
ifdo>O

sys(7)=lIvol*(q*u(7)-surn(q)*x(7» + Kla*(sosat-x(7» - (l-par(I»/par(I)*pl +
(1-4.57/par(2»*p3;
else

sys(7)=O;
end
sys(8)=l/vol*(q*u(8)-sum(q)*x(8» - (I-par(I »)/(2.86*Par(I»*p2 + lIpar(2)*p3;
sys(9)=IIvol*(q*u(9)-sum(q)*x(9» - par(4)*PI - par(4)*p2 - (par(4)+l/par(2»*p3 + p6;
sys(lO)=l/vol*(q*u(lO)-sum(q)*x(lO» - p6 + p8;
sys(ll)=l/vol*(q*u(ll)-sum(q)*x(ll» + (Par(4)-par(3)*par(5»*p4 + (Par(4)-
par(3)*Par(5»*P5 - p8;

% end mdIDerivatives
%
%.==========================

% mdlOutputs
% Return the block outputs.
'Xd"u========================
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%
function sys=mdlOutputs(t,x,u)

sys= X;

% end mdIOutput
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A.2.5 Code listing for 2nd AEROBIC tank in the system

function [sys,xO,str,ts] = bioreactmod2in(t,x,u,flag)
%CSFUNC An example M-file S-function for defming a continuous system.
switch flag,
%%%%%%%%%%%%%%%%%%
% Initialization %
%%%%%%%%%%%%%%%%%%
case 0,
[sys,xO,str,ts]=mdIInitializeSizes;
%%%%%%%%%%%%%%%
% Derivatives %
%%%%%%%%%%%%%%%
case 1,
sys=mdIDerivatives(t,x,u);
%%%%%%%%%%%
% Outputs %
%%%%%%%%%%%
case 3,
sys=mdlOutputs(t,x,u);
%%%%%%%%%%%%%%%%%%%
% Unhandled flags %
%%%%%%%%%%%%%%%%%%%
case { 2, 4, 9 },
sys = 0;
%%%%%%%%%%%%%%%%%%%%
% Unexpected flags %
%%%%%%%%%%%%%%%%%%%%
otherwise
error(['Unhandled flag = ',num2str(flag)]);
end
%endcsfunc
%.==============================

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

function [sys,xO,str,ts]=mdIInitializeSizes
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates = 0;
sizes.NumOutputs = 11;
sizes.NumInputs = 12;
sizes.DirFeedthrough = 0;
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sizes.NumSampleTimes = I;
sys = simsizes(sizes);
xO = [20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9,1.7];
str = [];

15 = [0 0];
% end mdlInitializeSizes
%,===========================

% mdlDerivatives
% Return the derivatives for the continuous states.
%,===========================

function sys=mdlDerivatives(t,x,u)
% parameters
do=l;
par(I)=0.67;par(2)=O.24;par(3)=O.08;par(4)=0.086;par(5)=O.06;par(6)=6;
par(7)=O.62;par(8)=20;par(9)=O.2;par(10)=0.5;par(11)=0.8;par(12)=0.2;
par(13)=O.4;par(14)=1;par(15)=0.8;par(16)=0.08;par(17)=3;par(18)=0.03;
par(19)=0.4;
%inpu15
%x(7)=u(7);
inl=u(1);in2=u(2);in3=u(3);in4=u(4);in5=u(5);
in6=u(6);in7=U(7);in8=u(8);in9=u(9);inl O=u( IO);in 11=u( 11);qin=u(12);
% influent concentrations
%exin(I)=20; exin(2)=125; exin(3)=60; exin(4)=175; exin(5)=20; exin(6)=O;
%exin(7)=O; exin(8)=1; exin(9)=30; exin(IO)=5; exin(lI)=5;
%exin=exin'; % transpose into a column vector

% flow rates and volumes
qret=qin*O.5; qrec=qin*2;

vol=1333; Vtot = 5999;
% thinkening factor and sludge age - ideal settler
SA=7;
gamma=ones(11,1);
gamma([3:6 l1])=(qin+qret-Vtot/SA)/qret * ones(l,5); % particulate states are thickened
gamma(7)=O; % DO concentration in return sluge flow = O.

%xin=u';
q = [qin+qret+qrec];
% AEROBIC ZONE %
% processes, taken from the IAWQ matrix formulation

pI = 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)1(Par(9)+x(7))) * (x(8)/(Par(10)+x(8))) *
par(15) * x(5);%
p3 = par(I I) * (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(l7) * ((x(4)/x(5))/(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(lI)/x(4»;%
%qair=7;
'Yakl=300; k2~0.42; Kla=kl *(l-exp(k2*qair»;
sosat=9.5; 'Yoqairtot=qair*4000;
Kla=200;

% aeration parameters and Kla model

% differential equations according to lAWQ matrix and plant layout

sys(1)=lIvol*(q*u( 1)-sum(q)*x( I»;
sys(2)=l/vol*(q*u(2)-sum(q)*x(2» - l/par(I)*pl - lIpar(I)*p2 + p7;
sys(3)=lIvol*(q*u(3)-sum(q)*x(3)) + par(3)*p4 + par(3)*p5;
sys(4)=lIvol*(q*u(4)-sum(q)*x(4» + (l-par(3»*p4 + (l-par(3»*p5 - p7;
sys(5)=lIvol*(q*u(5)-sum(q)*x(5» + pI + p2 - p4;
sys(6)=lIvol*(q*u(6)-sum(q)*x(6» + p3 - p5;
ifdo>O

sys(7)=I/vol*(q*u(7)-sum(q)*x(7» + Kla*(sosat-x(7» - (l-par(I»)/par(I)*pI +
(1-4.57/par(2»*p3;
else

sys(7)=O;
end
sys(8)=lIvol*(q*u(8)-sum(q)*x(8» - (l-par(I»)/(2.86*par(I»*p2 + l/par(2)*p3;
sys(9)=lIvol*(q*u(9)-sum(q)*x(9» - par(4)*P1 - par(4)*p2 - (Par(4)+lIpar(2»*p3 + p6;
sys(lO)=lIvol*(q*u(lO)-sum(q)*x(lO» - p6 + p8;
sys(ll)=l/vol*(q*u(ll)-sum(q)*x(ll») + (Par(4)-par(3)*par(5»*p4 + (Par(4)-
par(3)*Par(5»*p5 - p8;

% end mdlDerivatives
%
%;==========================

% mdlOutputs
% Return the block outputs.
%;==========================

%
function sys=mdlOutputs(t,x,u)
sys = x;
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% end rndlOutput
A.2.6 Code listing for the 3rd AEROBIC bioreactor in the system

function [sys,xO,str,ts] = bioreactmod3in(t,x,u,flag)
%CSFUNC An example M-file S-function for defining a continuous system.
switch flag,
%%%%%%%%%%%%%%%%%%
% Initialization %
%%%%%%%%%%%%%%%%%%
case 0,
[sys,xO,str,ts]=mdIInitializeSizes;
%%%%%%%%%%%%%%%
% Derivatives %
%%%%%%%%%%%%%%%
case 1,
sys=mdlDerivatives(t,x,u);
%%%%%%%%%%%
% Outputs %
%%%%%%%%%%%
case 3,
sys=mdlOutputs(t,x,u);
%%%%%%%%%%%%%%%%%%%
% Unhandled flags %
%%%%%%%%%%%%%%%%%%%
case { 2, 4, 9 },
sys = 0;
%%%%%%%%%%%%%%%%%%%%
% Unexpected flags %
%%%%%%%%%%%%%%%%%%%%
otherwise
error(['Unhandled flag = ',num2str(flag)]);
end
% endcsfunc
%i=============~============

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

function [sys,xO,str,15]=mdlInitializeSizes
sizes = simsizes;
sizes.NumContStates = 11;
sizes.NumDiscStates = 0;
sizes.NumOutputs = 11;
sizes.Numlnputs = 12;
sizes.DirFeedthrough = 0;
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sizes.NumSampleTimes = 1;
sys = simsizes(sizes);
xO = [20,2.8,1559,24.8,1451,51.7,0,7.9,2.2,0.9,1.7];
str = 0;
15 = [OOJ;
% end mdlInitializeSizes
%,===========================

% mdIDerivatives
% Return the derivatives for the continuous states.
%,===========================

function sys=mdIDerivatives(t,x,u)
% parameters
do=l;
par(1)=O.67;par(2)=O.24;par(3)=O.08;par(4)=O.086;par(5)=O.06;par(6)=6;
par(7)=O.62;par(8)=20;par(9)=O.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)=O.03;
par(19)=0.4;
%inputs
%x(7)=u(7);
inl=u(l);in2=u(2);in3=u(3);in4=u(4);in5=u(5);
in6=u(6);in7=u(7);in8=u(8);in9=u(9);inl O=u(1O);inll=u(l1 );qin=u(12);
% influent concentrations
%exin(l)=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)=5;
%exin=exin'; % transpose into a column vector

% flow rates and volumes
qret=qin'OO.5; qrec=qin'02;
vol=1333; Vtot = 5999;
% thinkening factor and sludge age - ideal settler
SA=7;
gamma=ones(ll,l);
gamma([3:6 11J)=(qin+qret-Vtot'SA)/qret * ones(1,5); % particulate states are thickened
gamma(7)=O; % DO concentration in return sluge flow = o.

%xin = u';
q = [qin+qret+qrecJ;
% AEROBIC ZONE %
% processes, taken from the IAWQ matrix formulation

pI = 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)1(Par(9)+x(7)) .. (x(8)/(Par(10)+x(8))) *
par(15) * x(5);%
p3 = par(ll) * (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(l2) * x(6);%

. p6 = par(l6) * x(lO) * x(5);%
p7 = par(l7) * «x(4)/x(5))/(par(I8)+(x(4)/x(5)))) * «x(7)/(Par(9)+.x(7))) +. par(19) *
(Par(9)/(Par(9)+.x(7))) * (x(8)/(Par(1O)+x(8)))) * x(5);
p8 = p7*(x(lI)/x(4));%
%qair=7;
%kl=300; k2~0.42;Kla=kl *(l-exp(k2*qair));
sosat=9.5; 'Voqairtot=qair*4000;
Kla=200;

% aeration parameters and Kla model

% differential equations according to lAWQ matrix and plant layout

sys(l)=l/voI*(q*u(1)-sum(q)*x(1));
sys(2)=l/voI*(q*u(2)-sum(q)*x(2)) - l/par(l)*pl - l/par(I)*p2 +. p7;
sys(3)=lIvol*(q*u(3)-sum(q)*x(3)) +. par(3)*p4 +. par(3)*p5;
sys(4)=l/vol*(q*u(4)-sum(q)*x(4)) +. (l-par(3))*p4 +. (l-par(3))*p5 - p7;
sys(5)=l/voI*(q*u(5)-sum(q)*x(5)) +. pI +. p2 - p4;
sys(6)=lIvoI*(q*u(6)-sum(q)*x(6)) +. p3 - p5;
ifdo> 0

sys(7)=I/voI*(q*u(7)-sum(q)*x(7)) +. Kla*(sosat-x(7)) - (l-par(l))/par(l)*pl +.
(1-4.57/par(2))*p3;
else

sys(7)=O;
end
sys(8)=l/vol*(q*u(8)-sum(q)*x(8)) - (l-par(I))/(2.86*par(I))*p2 +. l/par(2)*p3;
sys(9)=l/vol*(q*u(9)-sum(q)*x(9)) - par(4)*pl - par(4)*P2 - (par(4)+l/par(2))*p3 +. p6;
sys(IO)=l/vol*(q*u(IO)-sum(q)*x(lO)) - p6 +. p8;
sys(lI)=l/voI*(q*u(1 l)-sum(q)*x(l 1)) +. (Par(4)-par(3)*par(5))*p4 +. (Par(4)-
par(3)*Par(5))*P5 - p8;

% end mdlDerivatives
%
%==========================

% mdlOutputs
% Return the block outputs.
%.==========================

%
function sys=mdlOutputs(t,x,u)
sys = X;
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% end mdlOutput
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