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ABSTRACT

Biological immune system (BIS) is aesial type of control system that has
strong robustness and self-adaptability. This thesport proposes an artificial immune
system algorithm to develop an immune controlldne Tdea of immune controller is
adopted and derived from biological vertebrate imengystem, mimicking and imitating

of biological immune system which is better knovertlze artificial immune system .

This thesis show how proposes to apply and imphkentiee algorithm of the
artificial immune system (AIS) to develop an immumtroller (IC) for three tank level
control. There are various models of artificial ionme controller (AIC). The most
suitable for their particular application is seéxtt The selected artificial immune
controller has the resemblance of a PID controllée immune controller enhances the
performance and stability of the system. The apgroa to prove that an immune
controller using artificial immune system algorittoan be used as a controller to obtain
steady state output response. In industrial costystems the liquid level is carrying its
significance as the control action for level cohtnotanks containing different chemicals
or mixtures is essential for further control lingirset points. The three level control
models are considered in our thesis work. The cutweal control algorithms are
difficult to reach required control quality with meo strict restriction on overshoot.
Designed a parameter self-tuning PID-controlleeldasn fuzzy control, which can adjust
PID-parameters according to error and change ior.dBiological immune system is a
control system that has strong robusticity and-aedptability in complex disturbance
and indeterminacy environments. The artificiaéligence technique of fuzzy logic and
immune controller is adopted for more reliable agmekcise control action which
incorporate the uncertain factors also. In thisithéhe comparison of the conventional

model, fuzzy model and immune feedback mechanisibhan analyzed.



ORGANISATION OF THESIS

Chapter-1 It includes the introduction of the thesis.

Chapter-2 It is a literature review that contains most of grevious work in this field
which has been carried out till date, are given.

Chapter-3 Basics of control theory has been elaborated siadhapter.

Chapter-4 Introduction of Fuzzy Logic and its utilization wontrol system has been
discussed in this chapter.

Chapter-5 It includes the introduction of Artificial ImmuneyStem (AIS) and basic
biological terminology related to the immune systam described in this chapter. It also
includes the proposition of immune controller algons and feedback principle of
immune system also describe the relation betweerntdhminology of immune system
and control system.

Chapter-6 It includes the mathematical modeling for the thguid level control system.
Chapter-7 This chapter include the simulation of process emdtroller in MATLAB
simulink and results are shown in this chapter.

Chapter-8 Thesis has been concluded with future scope irnctiapter.



TABLE OF CONTENTS

CONTENTS

Declaration

Acknowledgement

Abstract

Organization of thesis

Table of contents

List of figures

List of tables

List of symbols & abbreviations

Chapter 1: Introduction

1.1 Overview

1.2 Scope of the work

Chapter 2: Literature review

Chapter 3: Basic control system
3.1: Introduction
3.2: Historical view
3.3: Control loop basics
3.4: Closed loop transfer function
3.5: PID controller
3.6: Loop tuning

Chapter 4: Introduction to multivalued logic
4.1: Introduction
4.2: Multivalued logic :working
4.3: Fuzzy logic; features
4.4: Fuzzy sets and crisp sets
4.5: Fuzzy expert system
4.6: Operation on fuzzy sets
4.7: Type of Fuzzy sets
4.8: Fuzzy inference system
4.9: Defuzzyfication

PAGE NO
i
ii



4.10; Fuzzy control
4.9: The self-tuning control pripla of fuzzy PID parameter

Chapter 5: Artificial immune system

5.1: Introduction

5.2 : Innate versus acquired imrtyuni
5.3 : Antigen

5.4: Immune cell

5.5: B-cell and antibody

5.6: T-cell and lymphokines

5.7: Macrophages

5.8: An overview of immune system
5.9; Analysis of line of defense
5.10: Memory cells

5.11: Proposition of artificial inume controller algorithm

5.12. Immune PID control

Chapter 6: Mathematical modeling of three tank liqud level system

6.1: Introduction
6.2: Mathematical model
6.3: Control valve

6.4:Flow through valve

Chapter 7: Results and discussion

7.1: Performance with PID controller
7.2: Performance with self tuningrofzzy- PID controller
7.3: Performance with Immune Conémol

7.4; Performance with Immune-PID @olter
7.5: Comparison of results usinget#ht controller

Chapter 8: Conclusion and future scope

References

Vi

34
35
38
38
39
40
41
41
42
42
42
45
45
46
47
52
52
53
55
55
57

57
58
63
65
66

68
69



LIST OF FIGURE

FIGURES PAGE NO
Figure 3.1:Process to be controlled 11
Figure 3.2: Open-loop control system 11
Figure 3.3: Closed loop control system 12
Figure 3.4: Multivariable control system 13
Figure 3.5: Closed loop control system 15
Figure 3.6: Block diagram of PID controller 17
Figure 4.1: Characteristic function of a crisp set 27
Figure 4.2: Fuzzy Logic Membership Function 29
Figure 4.3: FOU for an interval type-2 fuzzy set 30
Figure 4.4: Fuzzy inference system 31

Figure 4.5: Fuzzy Rule Base in the case of a MamBamzy Inference 32

System

Figure 4.5: Fuzzy Rule Base in the case of a MamBamzy Inference 33
System

Figure 4.7: Classical Feedback Control Structure 34
Figure 4.8: Fuzzy Logic Control Structure 35
Figure 4.9 :The structure of self-tuning fuzzy Ri@ntroller 36
Figure 5.1: Types of immune model 39
Figure:5.2: antigen antibody interactions 40
Figure5.3: Production of antibody 41
Figure 5.4 : An Overview of an Immune System 43
Figure 5.5 : Humoral Response 44
Figure 5.6: Cell mediated response 44
Figure 5.7: Schematic diagram of immune humorgloase 48
Figure.5.8: The structure of immune PID controller 51
Figure.6.1: Three tank level system 53
Figure 6.2: valve floe characteristics 56
Figure 7.1: Simulink diagram of PID controller fihree tank 57

vii



Figure 7.2: Graph showing output of PID controftarthree tank

Figure 7.3 :Fuzzy inference system

Figure 7.4 Rule viewer of fuzzy logic based PID

Figure 7.5: Surface viewer of fuzzy logic based PID

Figure 7.6: Simulink diagram of Fuzzy-PID controlfer three tank

Figure 7.7: Graph showing output response of fuP#y controller for

three tank

Figure 7.8 Simulink diagram of Immune controller foree tank

Figure 7.9 :Graph showing the output response umemcontroller for

three tank

Figure 7.10: Simulink diagram of Immune PID con&ofor three tank

Figure 8.11: Graph showing the output responseunanPID controller
for three tank

58
59
59
60
62

63
64

64
65
66



LIST OF TABLE

TABLES PAGE NO.
Table 3.1: Effects of increasing a parameter inddpatly 23
Table 3.2: Ziegler—Nichols method 23
Table 5.1:Regulations actions of T-cells in immuegponse 48
Table5.2:Comparison between artificial immune systend control system 49
Table 7.1: The fuzzy rules table gf k 61
Table 7.2: The fuzzy rules table qf k 61
Table 7.3: the fuzzy rules table qf k 62
Table 7.4: Comparisons of results 66



LIST OF SYMBOLS AND ABBREVIATIONS

Ag
Ab
T(k)
B(k)
e(t)
y(t)
r(t)
f(e,u)
G(s)

Antigen

Antibody

T-cell concentration

B-cell concentration

Error of the control system

Output of the immune controller
Reference input signal

Immune controller

Object controlled by the immune controller
Proportional gain, a tuning parameter
Integral gain, a tuning parameter
Derivative gain, a tuning parameter
Consistency of antigen at thg generation
Artificial intelligence

Artificial immune system

Artificial immune controller

Fuzzy logic

Fuzzy logic controller

Antigen presenting cell

Proportional integral and derivative
Immune Controller

Height of the tank

Area of the tank

Flow rate

Time

Helper T-cells

Killer T-cells

Xi



CHAPTER 1
INTRODUCTION

1.1 Overview

The objectives of this thesis work are to studgt analyze the mathematical
model and algorithm of artificial immune system $Al Here are various types of
mathematical mode of applicable immune algoritren e found from different
sources books, journals, papers, internet etc.articial immune algorithm chosen
in this analysis have the similarity to the artdicimmune controller (AIC) and the
conventional control system itself. By selectingifiaral immune algorithm an
immune controller is to be developed. The immunatrotler is then tested and
simulated using MATLAB Simulink to observe its outgesponse and performance.
Once the desired immune controller is obtained, themune controller is
implemented to a control system. The main objeativéhe immune controller is to

enhance the quality of the control system.

Liquid level control is a typical representatidnpoocess control and is widely
used in iron and steel, chemicals, petroleum ahdrahdustries. The control quality
directly affects the quality of products and safetyequipments. However, the liquid
level control system of water tank is a large &ge-varying and nonlinear complex
system and is very difficult to control. Now, theuid level control has been an active
area in the process control over last decades andug different approaches have

been devised.

In industrial applications liquid kvcontrol is very important as in food
processing industry, dairy, filtration, effluente#tment, nuclear power generation
plants, pharmaceutical industries, water purifmatisystems, industrial chemical
processing and spray coating and boilers in allitldestries. The typical actuators
used in liquid level control systems include pumpsotorized valves , on-off valves
and level sensors such as displacement float, tapee probe and pressure sensor
provide liquid level measurement for feedback amnpurpose so that as per the
process requirements the fluids could be controlledthis exercise, the system is
modeled, calibrated, and controlled for level demieation in a three tank level
control system. In particular, this exposes thelimental modeling principle of fluid
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mass balance, pressure sensor calibration, and a feedback control design methodology for a

state-coupled, three-tank level control system.

The level control is a type of contnoéthod for common in process system.
It must be controlled by the proper controller. Tdigective of the controller in the
level control is to maintain a level set point aiwen value and be able to accept new
set point values dynamically. The conventional prtpnal-integral-derivative (PID)
is commonly utilized in controlling the level, btite parameter of those controllers
must be turned by tuning method either in time oesp or frequency response to
meet their required.

Fuzzy system theory can have utilitytie assessing some of our more
necessary. but fast solution can be useful in ngggneliminary design decision, or as
an initial estimate in a more accurate numericahteue to save computational
coasts, or in the myriad of situations where theuia to a problem are vague ,

ambiguous , or not know at all.

The three level control models aresodered in our work. In conventional
model for three tank liquid level, the control isn@ with conventional control PID
model. The artificial intelligence technique of fyzlogic is used to adjust the
parameter of PID controller. The artificial immumsgstem is adopted for more
reliable and precise control action which incorpeitae uncertain factors also. In this
work the comparison of the conventional model amzzy —PID tuning ,immune

model and immune PID tuning is analyzed.

1.2 Scope of Work

The scope of work is to study and analyze varimaghematical model of
immune algorithm in order to design immune conémwllThe mathematical model of
the immune algorithm must have the quality or otiedation or characteristics of the
control system. With a selected artificial immurystem elements and algorithm the
purpose of the project is to design an artificrmmune controller. The controller then
has to be tested and simulated using a MATLAB SimkulWhen the appropriate
immune algorithm has been obtained than the adifimmune system algorithm

technique can be used to develop a satisfactorgepsoso as to enhance the stability
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of the control system. The immune controller idbeoimplemented into the process
control system. From there we can observe the ougsponse. Improvement and
adjustment of the immune controller variables nieeloe conducted from time to time
in order to obtain a good result and performancehefoutput response of the control
system.

Recently researchers have begun toearfat intelligent behavior and
cognition are much more about effective interacbhetween agent and environment,
rather than an agent’s capability to handle abstacld models internally. Based on
these influences the field of behavior-oriented s emerged, which unlike its
traditional counter part, is mainly concerned witle study of autonomous agents,
situated in and interacting with an environmentpi€sl criticisms of conventional
artificial intelligent systems are that these syseshow brittleness for environmental
changes, and required much computing time for nmgppomplex sensory inputs into
complex internal models before action can be takéerefore, in recent years much
attention has been focused on the reactive plarsysigms, which have demonstrated
robustness and flexibility against dynamically ofiag world. On the other hand,
biological information processing systems have memgresting functions and are
expected to provide various feasible ideas to egging fields, especially robotics.
Biological information processing systems in livilggganisms can be mainly
classified into the following four systems: (1) weus system, (2) genetic system, (3)
endocrine system, and (4) immune system. Nervodgjanetic systems have already
been applied to engineering fields by modeling asral networks, and genetic
algorithms, and they have been widely used in wvaribelds. Immune system, in
particular, have various interesting features swsh immunological memory,
immunological tolerance, micro-pattern recognitionpnhierarchical distributed
structure, and so on that can be applied to magineering fields. In the following
lines we will brief some of the basic featureshad tmmune system.

* Recognitiont The immune system can recognize and classify éifftepatterns and
generate selective responses. Recognition is adhidy intercellular binding the
extent of this binding is determined by moleculaage and electrostatic charge. Self-
non-self discrimination is one of the main taskgh® immune system deals with

during the recognition process.
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» Feature Extraction: Antigen Presenting Cells (APCs) interpret the aartig
context and extract its features, by processingmasgenting antigenic peptides on its
surface. These APC servers as a filter and a &fier that destroy molecular noise,
and a lens that focuses the attention of the |lyroypteoreceptors.

* Diversity: It uses combinatory, usually done by a genetic ggedor generating a
diverse set of lymphocyte receptors to ensureahbtast some lymphocytes can bind
to any known or unknown antigen.

» Learning: It learns, by experience, the structure of a speaiftigen. Changing
Lymphocyte concentration is the mechanism for legrrand takes place during the
primary response of Ag interception. So the leagrahility of the immune system lies
primarily in the mechanism which generates new imenagells on the basis of the
current state of the system.

* Memory: When lymphocytes are activated, a few of each lkadome special
memory cells which are content-addressable, antnuegs to circulate in the blood.
The life time of immune memory cells is dynamic arefjuires stimulation by
antigens. The immune system keeps an ideal baléeteeen economy and
performance in conserving a minimal but sufficiemmory of the past, and this is
done normally by using short-term and long-term mgnmechanisms.

Distributed Detection: The immune system is inherently distributed. Thenime
cells, in particular lymphocytes, circulate throubk blood, lymph, lymphoid organs,
and tissue spaces. As lymphocytes recirculateheay tencounter antigenic attacks,
they stimulate specific immune responses.

* Self-regulation: The basic mechanisms of immune responses areeggifatory in
nature. There is no central organ that controlsftinetions of the immune system.
The regulation of immune responses can be eitieal lor systemic, depending on
the route and property of the antigenic challenge.

 Co-stimulation: Activation of B cells are closely regulated througgstimulation.

The second signal coming from helper T cells h&dpsnsure tolerance and judge the

invader is dangerous, harmless, or false alarm.
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CHAPTER-2
LITERATURE REVIEW

The following section describes therhtture survey that is relevant with the

work carried out for this thesis work.

Freddy Prasetia Ridhuan and Mohd F@ihiman et.al. presented design of
power system stabilizer using artificial immune woher. Conventional power
system stabilizers contain a phase lag/lead netéosrghase compensation and have
played a very significant role to enhance the §tglof power systems. Various new
approaches have been proposed in the past 30 tpearprove the performance of
power system stabilizers such as modern controkatifitial intelligence techniques.
They used a new method of control will be implereento a power systems
stabilizer. That approaches uses the artificial umen controller called improved
verela immune network controller or IVINC. The pasgs of IVINC controller are to

enhance the stability of power systems and to damgrequency oscillations [36].

Tao C. W. et. al. had proposed a filxcomplexity reduced design approach
for PID-like fuzzy controllers. With the linear cdanation of input variables as a new
input variable, the complexity of the fuzzy mectsamiof PID-like fuzzy controllers is
significantly reduced. However, the performancetted complexity reduced fuzzy
PID controller may be degraded since the degrefresfdom is decreased by the
combination of input variables. To alleviate theawlback and improve the
performance of the complexity reduced PID-like fuzeontroller, a flexible
complexity reduced design approach is introducedvimch the functional scaling
factors are heuristically generated. Since the tfanal scaling factors are
heuristically created, they can be easily adjustedhe flexible complexity reduced
PID-like fuzzy controller without a priori knowledgf the exact mathematical model
of the plant. Moreover, heuristic scaling factor® amplemented as functional.
Therefore, the complexity of the flexible PID-likeizzy controller will not be
increased. Further, the stability of the fuzzy cohsystem with a flexible complexity

reduced PID-like fuzzy controller is discussed [17]
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Wei Wang, X. Z. Gao and Changhong Weingj. had presented the material-
level control of preheating cylinder in the therfirter of the hot-grinding system is
highly nonlinear, and also has a pure delay. Th@pgsed a promising fusion of
immune algorithm and PID algorithm to deal withstlghallenging problem. The
MATLAB-based simulations demonstrate that the psgabhybrid controller has the
remarkable properties of quick response, good tolkss, and satisfactory overshoot.
It is considerably effective in improving the casitperformance of the hot-grinding
system. A new immune PID controller is proposedhis paper, and applied to the
material-level control of the preheating cylinderveell. Computer simulations show
that this method results in a quicker response \witemaller overshoot than the
conventional PID controller. Moreover, it has aosfy ability to adapt to the
significant change of system parameters. To sunm@mathe immune PID controller
has been proved to be an effective method in theemaklevel control of the
preheating cylinder. It can be also used in a yapé nonlinear control systems with

time-varying, pure delay, and large time const{3g$

Fu Dongmei and Zheng Deling et. al. algre the Stability of Immune
Control' System Based on Small Gain Theorem in whlee biological immune
system has many characteristics that can be useletartificial intelligence for
reference. Based on the biological T cell and treeBBimmune response mechanism,
he was established one general immune controlld-[T).The immune controller
model obtained from former some research is coaaeslization of which the T-B-
IC model is proposed in this article. It is welkiiown, the boundary and stability of
the control system are the most important factor éwaluating the system
performance. For the control system is made uphefT-B-IC model, the analytical
study of the boundedness and stability for the robndystem has a little been
published. He used, an 10 boundedness theorem atabitity theorem have been
made and the certification has been also giverafe&md of SISO immune control
system based on the small gain theorem. The simekurlt of the theorems can be
achieved easily for other immune control systemcWwhcomposes to B kindred

immune controller [33].

Yuan Guili, Liu Jizhen, TanWen, Liu Xiangjie perded an Immune
Feedback Control in the Load Control System of Thtié At the tube mill burthen
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controlled object with the characteristics of ladglay, large inertia, nonlinear and
time-variant, he was design a tube mill burthentmdnsystem basing at fuzzy
immune PID control. The system combines the casaamhtrol with the fuzzy
immune PID control, and adopts P control in theemioop and fuzzy immune PID
control in the outer loop , taking full advantagette cascade control, fuzzy control,
immune feedback control and PID control, which nsaliee system have not only
better track ability but also stronger robust antd-disturbance. In order to show the
superior of the control strategy, simultaneouslg pgaper carries out cascade PID
control Simulation, and the result manifests thia¢ tcontrol effect has Dbetter
regulation-quality than cascade PID control, in e@anse equaling with the internal
model control and Smith predictive control. But &ese of consisting the immune
fuzzy control, its non-linear control effect is tegtthan internal model control, Smith
predictive control, PID control Cascade. What's epdhe control algorithm is very

simple and practical [40].

Dasgupta et. al. conducted a resedldt focuses on investigating
immunological principles in designing a multi-agesyistem for intrusion detection
and response in networked computers . In this agbrothe immunity-based agents
roam around the machine, and look for changes sashmalfunctions, faults,
abnormalities, misuse, deviations, intrusions, €itiese agents can mutually
recognize each other's activities and can takeogpijpte actions according to the
underlying security policies. Their activities ar@ordinated in a hierarchical fashion
while sensing, communicating and generating regmrisuch an agent can learn and
adapt to its environment dynamically and can detath known and unknown
intrusions. Their research is the part of an effortlevelop a multi-agent detection
system that can simultaneously monitor networkeshprger's activities at different
levels in order to determine intrusions and ar@m®aTheir proposed intrusion
detection system is designed to be flexible, extdadand adaptable that can perform
real-time monitoring in accordance with the needsl g@references of network

administrators [10].

Detecting anomalies in time series d&ata problem of great practical interest
in many manufacturing and signal processing apjtica. Dasgupta et. al. presented

a novel detection algorithm inspired by the negatelection mechanism of the
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immune system, which discriminates between selframdself. Self is defined to be
normal data patterns and non-self is any deviagsoeeding an allowable variation.
Experiments with this novelty detection algorithme aeported for two data sets:
simulated cutting dynamics in a milling operatiardaa synthetic signal. The results
of the experiments exhibiting the performance a& #igorithm in detecting novel

patterns were reported [22].

Anomaly detection in a system or acpss behavior is very important in
many real world applications such as manufacturmgnitoring, signal processing
etc. Dasgupta et. al. presented an anomaly deateeigorithm inspired by the
negative-selection mechanism of the immune systenich discriminates between
self and other. Here self is defined to be normahdoatterns and non-self is any
deviation exceeding an allowable variation. Expents with this anomaly detection
algorithm are reported for two data sets: timeesediata, generated using the Mackey-
Glass equation and a simulated signal. Comparegisting methods, this method has
the advantage of not requiring prior knowledge aladiupossible failure modes of the
monitored system. Results are reported to disgiayperformance of the detection
algorithm [21]

Jiao Licheng and Hunt et. al. digsat an artificial immune system (AIS)
which is based upon models from the natural immaystem. This natural system is
an example of an evolutionary learning mechanismchvipossesses a content
addressable memory and the ability to forget litthked information. It is also an
example of an adaptive non-linear network in whadntrol is decentralized and
problem processing is efficient and effective. Agls the immune system has the
potential to offer novel problem solving methodBeTAIS is an example of a system
developed around the current understanding ofrtimeune system. It illustrates how
an artificial immune system can capture the bdsiments of the immune system and
exhibit some of its chief characteristics. Theystrate the potential of the AIS on a
simple pattern recognition problem. Then, they gpipé AIS to a real world problem:
the recognition of promoters in DNA sequences. fidsults obtained are consistent
with other approaches, such as neural networks aaedbetter than the nearest
neighbor algorithm. They concluded that the primaglyantages of the AIS are that it

only requires positive examples, and the patteibshas learnt can be explicitly
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examined. In addition, because it is self-orgamjzit does not require effort to

optimize any system parameters [27].

According to Baba, Y. et. al. ppspd PID control is widely used as a
basic control technology in industries, but tunafid®ID control systems is not always
easy. Based on model-driven control concept, theyeldped a model-driven PID
control system, named MD PID controller, combinwigh PD local feedback, IMC
and set point filter. Their paper provides a brm@foduction of new model driven
two-degrees of freedom PID control system, named MEDF PID controller, and
shows some case studies results. They have codfittna¢ MD TDOF PID can show

better control results compared with conventioriBl €ontrol [28].

Gang Liul and Lina Yang et. al. described the stbess of high-performance
induction motor variable frequency speed regulasgatem is weak owing to the
uncertainty of parameters. As a complicated sedfpgable system, the biological
immune system can effectively and smoothly deahwiarious antigen and virus
intruded into organism. It is possible to improtie self-learning capability; adaptive
capability and robustness of the control systenarifficial immunity controller
designed by using for reference biological immuys&team is embed. To solving the
control problems of model parameter uncertainty extérnal disturbance existing in
PMSM motor, the traditional problem in the applioat of the control theory are
studied, such as the controller design, realizatimd application, based on the
artificial immune model. They presented a artificglmmune controller is to reduce
the tracking error and to improve the transienfqrerance and stability of PMSM

drive control system [44].

Meshref, and VanLandingham et. abppsed a paper that applies an AIS
technique to a Distributed Autonomous Robotics &ys{DARS) problem. One of
the classic problems in DARS is the dog and sheeblgm. In their paper they tried
to benefit from the features of the natural immsgstem in the development of the
dog and sheep problem. On the other hand, theydfthet Natural immune systems
are sophisticated information processors. Theynlg@arrecognize relevant patterns,
they remember patterns that have been seen préyiamsl they use diversity to

promote robustness. Furthermore, the individuds @ld molecules that comprise the
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immune system are distributed throughout the basgoding and controlling the
system in parallel, with no central control meckami The immune system uses
several weapons to attack the foreign antigen. rabgy, these weapons are the
helper T-cells, B-cells, and antibodies. We sinedahe dog as a B cell, the sheep as
an antigen, the antibody as the dog behavior, titggen response as the sheep
behavior, and the sheep-to-pen distance as a hElpell. The system interacts in an
equivalent manner similar to the immune respongagrto restore the environment

to its original state, which is the sheep insidelan [20].
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CHAPTER 3
BASICS OF CONTROL SYSTEM

3.1 Introduction

A control system is an interconnection of compdseiorming a system
configuration that will provide a desired systerapense. The basis for analysis of a
system is the foundation provided by linear systeeory, which assumes a cause—
effect relationship for the components of a systéherefore a component or process
to be controlled can be represented by a bloclshasvn in Figure 3.1. The input—
output relationship represents the cause-and-eféationship of the process, which
in turn represents a processing of the input signalrovide an output signal variable,
often with a power amplification. An open-loop camtsystem utilizes a controller or
control actuator to obtain the desired responsshagn in Figure 3.2.

An open-loop controller, also called a non-feedbeantroller, is a type of
controller that computes its input into a system using ohby ¢urrent statand its
modelof the system.A characteristic of the open-looptiamler is that it does not use
feedbackto determine if its output has achieved the ddsgeal of the input. This
means that the system does not observe the oufptheoprocesses that it is

controlling.

INPUL we——pp{ Process —[ee—p Output

Figure 3.1: Process to be controlled.
An open-loop control system utilizes an actuatirgyice to control the process

directly without using feedback.

Desired output ey | ACTUANNG gy PTOCESS e Ouitput
Response device

Figure 3.2: Open-loop control system.
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Desired Output—h Comparison == Controller —[e===b  Process __,Output
response
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Figure 3.3: Closed-loop control system.

In contrast to an open-loop contrgétem, a closed-loop control system
utilizes an additional measure of the actual outputompare the actual output with
the desired output response. The measure of thitoist called the feedback signal.
A simple closed-loop feedback control system iswshan Figure 3.3. A feedback
control system is a control system that tends tmtaia a prescribed relationship of
one system variable to another by comparing funstiof these variables and using
the difference as a means of control. A feedbackrobsystem often uses a function
of a prescribed relationship between the output @fidrence input to control the
process. Often the difference between the outptheprocess under control and the
reference input is amplified and used to contrel phocess so that the difference is
continually reduced. The feedback concept has theefoundation for control system
analysis and design. A closed-loop control systesswa measurement of the output

and feedback of this signal to compare it withdkesired output.

Due to the increasing complexity tbe system under control and the
interest in achieving optimum performance, the ingooce of control system
engineering has grown in the past decade. Furthernas the systems become more
complex, the interrelationship of many controlletiables must be considered in the
control scheme. A block diagram depicting a mutisdale control system is shown in
Figure 3.4. A common example of an open-loop cordystem is an electric toaster
in the kitchen. An example of a closed-loop congétem is a person steering an
automobile (assuming his or her eyes are openpdkirg at the auto’s location on
the road and making the appropriate adjustment® iftroduction of feedback
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enables us to control a desired output and canowepaccuracy, but it requires

attention to the issue of stability of response.

Desired  ——— — > Output
output = Coniroller === Process > variables
response — — >

Measurement |+

Figure 3.4: Multivariable control system

3.2 Historical View

Although control systems of varidypes date back to antiquity, a more
formal analysis of the field began with a dynamasalysis of the centrifugal
governor, conducted by the physicist James Clerkvi#¢dl in 1868 entitled an
governors. This described and analyzed the phenmmeh"hunting”, in which lags
in the system can lead to overcompensation andibiesbehavior. This generated a
flurry of interest in the topic, during which Maxiie classmate Edward John Routh
generalized the results of Maxwell for the genecddss of linear systems.
Independently, Adolf Hurwitz analyzed system sipilsing differential equations in
1877. This result is called the Routh-Hurwitz theeor A notable application of
dynamic control was in the area of manned flighte Wright Brothers made their
first successful test flights on December 17, 1888 were distinguished by their
ability to control their flights for substantial peds (more so than the ability to
produce lift from an airfoil, which was known). Gaml of the airplane was necessary
for safe flight.

3.3 Control Loop Basics

A familiar example of a control [pgs the action taken when adjusting hot
and cold faucet valves to maintain the faucet watethe desired temperature. This
typically involves the mixing of two process streanthe hot and cold water. The

person touches the water to sense or measurenipetature. Based on this feedback
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they perform a control action to adjust the hot aaldl water valves until the process
temperature stabilizes at the desired value. Sgnsater temperature is analogous to
taking a measurement of the process value or poecasable (PV). The desired

temperature is called the setpoint (SP). The irtputhe process is called the
manipulated variable (MV). The difference betwebe temperature measurement
and the setpoint is the error (e), that quantifibether the water is too hot or too cold

and by how much.

After measuring the temperature }(PAhd then calculating the error, the
controller decides when to change the tap pos(titvi) and by how much. When the
controller first turns the valve on, they may tahe hot valve only slightly if warm
water is desired, or they may open the valve a@lwhay if very hot water is desired.
This is an example of a simple proportional contholthe event that hot water does
not arrive quickly, the controller may try to spagulthe process by opening up the
hot water valve more-and-more as time goes by. Eh@n example of an integral
control. By using only the proportional and intdgrantrol methods, it is possible that
in some systems the water temperature may oscbeti®een hot and cold, because
the controller is adjusting the valves too quickiywd over-compensating or
overshooting the setpoint. In the interest of adhig a gradual convergence at the
desired temperature (SP), the controller may wesldamp the anticipated future
oscillations. So in order to compensate for thieatf the controller may elect to

temper their adjustments. This can be thought af @srivative control method.

Making a change that is too large when error is small is equivalent to a
high gain controller and will lead to overshoot.thie controller were to repeatedly
make changes that were too large and repeatedissioo@ the target, the output
would oscillate around the setpoint in either a stant, growing, or decaying
sinusoid. If the oscillations increase with timenhthe system is unstable, whereas if
they decrease the system is stable. If the osoillatremain at a constant magnitude
the system is marginally stable. A human would dmthis because we are adaptive
controllers, learning from the process history; boer, simple PID controllers do not
have the ability to learn and must be set up ctyeSelecting the correct gains for

effective control is known as tuning the contraller
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If a controller starts from a stabtate at zero error (PV = SP), then further
changes by the controller will be in response tangfes in other measured or
unmeasured inputs to the process that impact opribeess, and hence on the PV.
Variables that impact on the process other thanMifeare known as disturbances.
Generally controllers are used to reject disturbanand/or implement setpoint
changes. Changes in feedwater temperature coesttudisturbance to the faucet

temperature control process.

3.4 Closed-Loop Transfer Function

The output of the system y(t) is fed back througseasor measurement F to
the reference value r(t). The controller C theresathe error e (difference) between
the reference and the output to change the inptdaghe system under control P. This
is shown in the figure 3.5. This kind of controller a closed-loop controller or
feedback controller. This is called a single-inpintgle-output (SISO) control system;
MIMO (i.e. Multi-Input- Multi-Output) systems, witmore than one input/output, are
common. In such cases variables are representedgtihrvectors instead of simple
scalar values. For some distributed parameter mgstbe vectors may be infinite-

dimensional.

N e utt) t
0 .@ P Controller (C)  jem——p  Process (P) L »

Feedback (F)

Figure 3.5: Closed loop control system

If we assume the controller C, phent P, and the sensor F are linear and
time-invariant (i.e.: elements of their transfendtion C(s), P(s), and F(s) do not
depend on time), the systems above can be analyirg the Laplace transform on

the variables.

Page - 15 -



This gives the following relations:

Y(S)=P(SU(S) cevvevveniieiiiiiiiiieiie i 3.1
U(S)ZC(S)E(S) cvneerieniniiniiieie e e e 3.2
E(S) = R(S) = F(S)Y(S) sevveverriieiiiiiiiie e 3.3

Solving for Y(s) in terms of R(s) gives

_ P(s)C(s) _
Y= (1+ F(s)P(s)C (S)j R(S) =H(S)R(S) - vvveeiiiiiciiiiiicii i, 3.4
H(g)=— &ICE) .
Tr R QPG :

The above expression is referredsdhe closed-loop transfer function of
the system. The numerator is the forward (openjlaggn from r to y, and the

denominator is one plus the gain in going arourdi¢edback loop, the so-called loop
gain. If[P(s)C(s)|>>1, i.e. it has a large norm with each value of &l &fF (s)| =1,

then Y(s) is approximately equal to R(s). This dynmeans setting the reference to

control the output.

3.5 PID Controller

In the following sections we will dede the introduction of the PID
controller.
3.5.1 Introduction to PID Controller

A proportional—-integral—derivative ¢anller (PID controller) is a generic
control loop feedback mechanism widely used in gtdal control systems — a PID is
the most commonly used feedback controller. A PdDtller calculates an "error"
value as the difference between a measured proeesdle and a desired setpoint.
The controller attempts to minimize the error byuating the process control inputs.
In the absence of knowledge of the underlying mec®ID controllers are the best
controllers. However, for best performance, the P¥Brameters used in the
calculation must be tuned according to the natfithe system — while the design is

generic, the parameters depend on the specifiersyst
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Figure 3.6: Block diagram of PID controller.

The PID controller calculation imves three separate parameters, and is
accordingly sometimes called three-term controg& finoportional, the integral and
derivative values, denoted P, |, and D. The propoal value determines the reaction
to the current error, the integral value determities reaction based on the sum of
recent errors, and the derivative value determthesreaction based on the rate at
which the error has been changing. The weightedauimese three actions is used to
adjust the process via a control element sucheagdkition of a control valve or the
power supply of a heating element. Heuristicalhese values can be interpreted in
terms of time: P depends on the present error, themaccumulation of past errors,
and D is a prediction of future errors, based ameru rate of change. By tuning the
three constants in the PID controller algorithng ttontroller can provide control
action designed for specific process requiremertis. response of the controller can
be described in terms of the responsiveness afdheoller to an error, the degree to
which the controller overshoots the setpoint amddégree of system oscillation. Note
that the use of the PID algorithm for control does guarantee optimal control of the

system or system stability.

3.5.2 PID Control Theory
The PID controller is probably the mosed feedback control design. PID is
an acronym for Proportional-Integral-Derivativefereing to the three terms operating

on the error signal to produce a control signau(tj is the control signal sent to the
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system, y(t) is the measured output and r(t) isdibgred output, and tracking error
e(t) = r(t) — y(t), a PID controller has the geridoam.

u(t) = er(t)+K,je(t)dt+KDie(t)............................3.6
dx

The desired closed loop dynamics Haimed by adjusting the three
parameters K K; and Kp, often iteratively by "tuning" and without specifi
knowledge of a plant model. Stability can often besured using only the
proportional term. The integral term permits thggegon of a step disturbance. The
derivative term is used to provide damping or shgpuf the response. PID controllers
are the most well established class of controlesyst however, they cannot be used

in several more complicated cases, especially MMIsystems are considered

Applying Laplace transformation results in the sfammed PID controller equation

u(s) = K.e(s) + K, %e(s)+KDse(s) R B 4
With the PID control transfer function
C(s) =K, +K, é+ S R R &

3.5.3 Proportional Term
The proportional term (sometimes called gain) nsakechange to the output
that is proportional to the current error value.eTproportional response can be

adjusted by multiplying the error by a constant Kglled the proportional gain.

The proportional term is given by:

PoumKpE (1) oo, 3.9
where
Pout Proportional term of output
Kp: Proportional gain, a tuning parameter
e: Error = SP - PV

t: Time or instantaneous time (the present)
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A high proportional gain results iHaage change in the output for a given
change in the error. If the proportional gain i® teigh, the system can become
unstable. In contrast, a small gain results in allsoutput response to a large input
error, and a less responsive or sensitive contrdfl¢he proportional gain is too low,
the control action may be too small when respondiingystem disturbances. In the
absence of disturbances, pure proportional comtiibinot settle at its target value,
but will retain a steady state error that is a fiomcof the proportional gain and the

process gain.

3.5.4 Integral Term

The contribution from the integraérrh sometimes called reset is
proportional to both the magnitude of the error #redduration of the error. Summing
the instantaneous error over time gives the accatedloffset that should have been
corrected previously. The accumulated error is theitiplied by the integral gain
and added to the controller output. The magnitudee contribution of the integral

term to the overall control action is determinedlus integral gain, Ki.

The integral term is given by:

Lo =K Ot o310

where

lout: INntegral term of output

K,: Integral gain, a tuning parameter

e: Error = SP - PV

t: Time or instantaneous time (the present)

7. a dummy integration variable

The integral term when added to thepeprtional term accelerates the
movement of the process towards setpoint and ditesthe residual steady-state
error that occurs with a proportional only conteollHowever, since the integral term
is responding to accumulated errors from the pasgn cause the present value to

overshoot the setpoint value.
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3.5.5 Derivative Term

The rate of change of the processras calculated by determining the
slope of the error over time i.e., its first detiva with respect to time and
multiplying this rate of change by the derivativairg Kd. The magnitude of the
contribution of the derivative term to the overalbntrol action is termed the

derivative gain, Kd. The derivative term is given b

D, :KD%e(t) 030

where

Dout Derivative term of output

Kp: Derivative gain, a tuning parameter
e: Error = SP - PV

t: Time or instantaneous time (the present)

The derivative term slows the rate of change ofcivatroller output and this effect is
most noticeable close to the controller setpoirgné€, derivative control is used to
reduce the magnitude of the overshoot producedheyittegral component and
improve the combined controller-process stabilidowever, differentiation of a

signal amplifies noise and thus this term in thatadler is highly sensitive to noise
in the error term, and can cause a process to kecostable if the noise and the
derivative gain are sufficiently large. Hence apragimation to a differentiator with

a limited bandwidth is more commonly used. Sucirauit is known as a Phase-Lead

compensator.

The proportional, integral, and dative terms are summed to calculate the
output of the PID controller. Defining u(t) as tbentroller output, the final form of
the PID algorithm is:

u(t) = MV (t) = er(t)+KiI;e(t)dt+Kd%e(t) 3,12

where the tuning parameters are three types:

i) Proportional gain, Kp
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Larger values typically mean fastesponse since the larger the error, the
larger the proportional term compensation. An esivedy large proportional gain

will lead to process instability and oscillation.

i) Integral gain, Ki

Larger values imply steady state errors are ehteith more quickly. The
trade-off is larger overshoot: any negative errdegrated during transient response
must be integrated away by positive error befoaeheang steady state.

iii) Derivative gain, Kd
Larger values decrease overshoot, but slow doansignt response and may
lead to instability due to signal noise amplificatiin the differentiation of the error.

3.6 Loop Tuning

Tuning a control loop is the adjustineri its control parameters i.e.
gain/proportional band, integral gain/reset, denaagain/rate to the optimum values
for the desired control response. Stability is aibaequirement, but beyond that,
different systems have different behavior, différeapplications have different
requirements, and some desiderata conflict. Furdmme processes have a degree of
non-linearity and so parameters that work well @di-lbad conditions don't work
when the process is starting up from no load;his be corrected by gain scheduling.
PID controllers often provide acceptable controérevn the absence of tuning, but
performance can generally be improved by carefuinty and performance may be
unacceptable with poor tuning. PID tuning is aidifft problem, even though there
are only three parameters and in principle is sémpl describe, because it must
satisfy complex criteria within the limitations 8iD control. There are accordingly
various methods for loop tuning, and more soplastid techniques are the subject of
patents; this section describes some traditionalualamethods for loop tuning.

3.6.1 Stability

If the PID controller parameters ateosen incorrectly, the controlled
process input can be unstable, i.e. its outputrges with or without oscillation, and
is limited only by saturation or mechanical breakalgpstability is caused by excess

gain, particularly in the presence of significaen.| Generally, stability of response is
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required and the process must not oscillate forcamgbination of process conditions

and set points, though sometimes marginal staldiscceptable or desired.

3.6.2 Optimum Behavior

The optimum behavior on a process change or sgtt phange varies
depending on the application. Two basic desidesaia regulation and command
tracking these refer to how well the controllediahle tracks the desired value.
Specific criteria for command tracking include risme and settling time. Some
processes must not allow an overshoot of the psoeasable beyond the setpoint if,
for example, this would be unsafe. Other processest minimize the energy

expended in reaching a new setpoint.

3.6.3 Tuning Methods

There are several methods for tuning a PID lodye most effective methods
generally involve the development of some form mfcess model, then choosing P, |,
and D based on the dynamic model parameters. Mannaig methods can be
relatively inefficient, particularly if the loopsake response times on the order of
minutes or longer. The choice of method will depéargely on whether or not the
loop can be taken "offline" for tuning, and thepasse time of the system. If the
system can be taken offline, the best tuning metbibeln involves subjecting the
system to a step change in input, measuring thgubas a function of time, and using

this response to determine the control parameters.

3.6.4 Manual Tuning

If the system must remain online, one tuning metisato first set Ki and Kd
values to zero. Increase the Kntil the output of the loop oscillates, then g
should be set to approximately half of that valoled "quarter amplitude decay" type
response. Then increaseuftil any offset is correct in sufficient time fthre process.
However, too much Kwill cause instability. Finally, increase Kd, équired, until
the loop is acceptably quick to reach its referesiter a load disturbance. However,
too much kK will cause excessive response and overshoot. AFH3 loop tuning
usually overshoots slightly to reach the setpoiaterquickly; however, some systems

cannot accept overshoot, in which case an over-ddmgosed-loop system is
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required, which will require a Ksetting significantly less than half that of thg K

setting causing oscillation.

Table 3.1: Effects of increasing a parameter inddpetly

Parameter | Rise Time | Overshoot Settling Steady- Stability
Time State Error
Kp Decrease Increase Decrease Decrease Degrade
K| Decrease Increase Decrease Decrease Degrade
Significantly
Kp Minor Minor Minor No effectin | Improve if
Decrease Decrease Decrease theory Kpsmall

3.6.5 Ziegler—Nichols Method
Another heuristic tuning method asnmally known as the Ziegler—Nichols

method, introduced by John G. Ziegler and NathaBieNichols. As in the method

above, the Ki and Kd gains are first set to zetwe P gain is increased until it reaches

the ultimate gain, Ku, at which the output of tbep starts to oscillate. Ku and the

oscillation period Pu are used to set the gairshaw/n:

Table 3.2: Ziegler—Nichols method

Control Type Kp K, Kb
P 050Kk, | -
PI 0.45K, 1.2K,/P,

PID 0.60K, 2K/Py KpP./8

The closed — loop Ziegler-Nichols noetitonsist of following steps.
1. With P-only closed loop control, increase thegmiude of the proportional gain
until the closed loop is in a continuous oscillatid-or slightly larger values of

controller gain, the closed loop system is unstabltele the slightly lower values the

system is stable.
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2. The value of controller proportional gain thauses the continuous oscillation is
called the critical gain, K The peak- to - peak period is called criticalipeR,,

3. Depending upon controller chosen, P, PI, or RIfg the value in table3.2 for
tuning parameters , based on the critical gainpsmnthd.
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CHAPTER-4
INTRODUCTION TO MULTIVALUED LOGIC

4.1 Introduction; A Multi-valued Logic

Multi-valued logic is fuzzy logic. fugzogic is derived from fuzzy set theory.
It deals with reasoning, approximations rather tpagcise values. The concept of
Fuzzy Logic (FL) was conceived by Lotfi Zadeh, afpssor at the University of
California at Berkley, and presented not as a cbntethodology. Multi-valued logic
allows intermediate values to be defined betweenveudtional evaluations like
true/false, yes/no, high/low, etc. Notions likeheattall or very fast can be formulated
mathematically and processed by computers, in dodapply a more human-like way
of thinking in the programming of computers. Fuzastems is an alternative to
traditional notions of set membership and logid thes its origins in ancient Greek
philosophy. The precision of mathematics owesutxsss in large part to the efforts
of Aristotle and the philosophers who preceded himtheir efforts to devise a
concise theory of logic, and later mathematics,sirvealled "Laws of Thought” were
posited. One of these, the "Law of the Excludeddgg’ states that every proposition
must either be True or False. Even when Parmeipidgmsed the first version of this
law, there were strong and immediate objections:efample, Heraclitus proposed
that things could be simultaneously True and nateTidt was Plato who laid the
foundation for what would become fuzzy logic, iratiog that there was a third
region where these opposites "tumbled about.” Qthesre modern philosophers
echoed his sentiments, notably Hegel, Marx, anceEn@ut it was Lukasiewicz who

first proposed a systematic alternative to the &iued logic of Aristotle.

4.2 Multivalued Logic; Working

FL requires some numerical paranseierorder to operate such as what is
considered significant error and significant ratesltange-of-error, but exact values
of these numbers are usually not critical unlessy vesponsive performance is
required in which case empirical tuning would detiee them. For example, a simple
temperature control system could use a single teatyre feedback sensor whose
data is subtracted from the command signal to coenparror” and then time-
differentiated to yield the error slope or rateebfnge-of-error, hereafter called
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"error-dot”. Error might have units of degs F andnaall error considered to be 2F
while a large error is 5F. The "error-dot" mighethhave units of degs/min with a
small error-dot being 5F/min and a large one bé&ibg/min. These values don't have
to be symmetrical and can be "tweaked" once th&syss operating in order to
optimize performance. Generally, FL is so forgivitigat the system will probably
work the first time without any tweaking. Fuzzy seaing, approximate reasoning, is
an inference procedure whose outcome is conclusioa set of fuzzy if-then rules.
The steps of fuzzy reasoning can be given as fatlow

i) “Input variables are compared with the MFs or fhremise part to obtain the
membership values of each linguistic label fuzaificn.

i) The membership values on the premise part ambined through specific fuzzy
set operations such as: min, max, or multiplicatmget firing strength of each rule.
iii) The qualified consequent either fuzzy or crispgenerated depends on the firing
strength.

iv) The qualified consequents are aggregated tdym® crisp output according to the
defined methods such as: centroid of area, bisemtcsrea, mean of maximum,

smallest of maximum and largest of maximum defuzaiion.

4.3 Fuzzy Logic; Features

FL offers several unique featurest thhake it a particularly good choice for
many control problems.
i) It is inherently robust since it does not reguarecise, noise-free inputs and can be
programmed to fail safely if a feedback sensorsgoit is destroyed. The output
control is a smooth control function despite a wialege of input variations.
i) Since the FL controller processes user-defindds governing the target control
system, it can be modified and tweaked easily torave or drastically alter system
performance. New sensors can easily be incorporatiedthe system simply by
generating appropriate governing rules.
iii) FL is not limited to a few feedback inputs aade or two control outputs, nor is it
necessary to measure or compute rate-of-changenptaes in order for it to be
implemented. Any sensor data that provides someatidn of a system's actions and
reactions is sufficient. This allows the sensorbdoinexpensive and imprecise thus

keeping the overall system cost and complexity low.
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iv) Because of the rule-based operation, any redgdennumber of inputs can be
processed and numerous outputs generated, altlamigting the rule base quickly
becomes complex if too many inputs and outputs emesen for a single
implementation since rules defining their intertielas must also be defined. It would
be better to break the control system into smalemks and use several smaller FL
controllers distributed on the system, each witlierionited responsibilities.

v) FL can control nonlinear systems that would Bécdlt or impossible to model
mathematically. This opens doors for control systéinat would normally be deemed

unfeasible for automation.

4.4 Fuzzy Sets And Crisp Sets; Comparative study

The very basic notion of fuzzy syssens a fuzzy set. In classical
mathematics we are familiar with what we call crégis. For example, the possible
interferometric coherence g values are the set Allakal numbers between 0 and 1.
From this set X a subset A can be defined. Theactarstic function of A is shown
in figure. 4.1. The elements which have been assigthe number 1 can be
interpreted as the elements that are in the setdAttze elements which have assigned

the number O as the elements that are not in th&. se

&

L i : , I -
0 0.3 0.6 17

Figure 4.1: Characteristic function of a crisp set
4.5 Fuzzy Logic Expert System
A fuzzy expert system is an expgdtam that uses a collection of fuzzy

membership functions and rules, instead of Boolegit, to reason about data. The

rules in a fuzzy expert system are usually of enfeimilar to the following:

if X is low and y is high then z = medium
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where x and y are input variables, z is an owpugable, low is a membership
function defined on x, high is a membership functoefined on y, and medium is a
membership function defined on z. The antecedestridees to what degree the rule
applies, while the conclusion assigns a member&imption to each of one or more
output variables. Most tools for working with fuzeyxpert systems allow more than
one conclusion per rule. The set of rules in ayuwegert system is known as the rule
base or knowledge base. The general inference ggqreceeds in three or four basic
steps.
1. Under FUZZIFICATION, the membership functiondided on the input variables
are applied to their actual values, to determine diegree of truth for each rule
premise.
2. Under INFERENCE, the truth value for the preno$each rule is computed, and
applied to the conclusion part of each rule. Thisutts in one fuzzy subset to be
assigned to each output variable for each ruleallisanly min or product are used as
inference rules. In MIN inferencing, the output nirship function is clipped off at
a height corresponding to the rule premise's coetpuategree of truth. In product
inferencing, the output membership function is eddly the rule premise's computed
degree of truth.
3. Under COMPOSITION, all of the fuzzy subsets g®sd to each output variable
are combined together to form a single fuzzy submeeach output variable. Again,
usually MAX or SUM are used. In MAX composition,etltombined output fuzzy
subset is constructed by taking the point wise maxn over all of the fuzzy subsets
assigned to variable by the inference rule. In Stdvhposition, the combined output
fuzzy subset is constructed by taking the poinevasm over all of the fuzzy subsets
assigned to the output variable by the inferente ru
4. Finally is the defuzzification, which is usedewhit is useful to convert the fuzzy
output set to a crisp number. There are many d#itatzon methods than you can
choose. Two of the more common techniques areghi#ad and maximum methods.
In the centroid method, the crisp value of the auiriable is computed by finding
the variable value of the center of gravity of thembership function for the fuzzy
value. In the MAXIMUM method, one of the variablalves at which the fuzzy
subset has its maximum truth value is chosen asctis@ value for the output

variable.
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4.6 Operation of Fuzzy Logic

Fuzzy logic requires some numerical parametersraieroto operate such as
what is considered significant error and significeate-of-change-of-error, but exact
values of these numbers are usually not criticdasvery responsive performance is

required in which case empirical tuning would detieve them.

4.7 Type of Fuzzy sets
There are two types of fuzzy set
i) Type | Fuzzy Set

Let X be a collection of objects called universedidcourse. A fuzzy set A
[OX is characterized by membership functipn(x) (represents the degree of
membership), Degree of membership maps each elebstween 0 and 1. It is

defined as

A:{(x,,uA(x));xD X} e A
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Figure 4.2: Fuzzy Logic Membership Function
i) Type Il Fuzzy Set
Type-2 fuzzy sets and systems generalize (typagzhy sets and systenss

that more uncertainty can be handled. A type-2 yuget lets us incorporate
uncertainty about the membership function into yuget theory, and is a way to
address the above criticism of type-lI fuzzy setadhen. And, if there is no
uncertainty, then a type-ll fuzzy set reduces tdype-lI fuzzy set, which is

analogous to probability reducing to determinisnewlinpredictability vanishes.
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Figure 4.3: FOU for an interval type-2 fuzzy set.

The membership function of a general type-ll fuzmst, A, is three-
dimensional (Figure 4.3), where the third dimenssthe value of the membership
function at each point on its two-dimensional damiat is called its footprint of
uncertainty (FOU).

4.8 Fuzzy Inference System

Fuzzy inference systems (FIS) are rule-based sgstiéns based on fuzzy set
theory and fuzzy logic. FIS are mappings from gwutrspace to an output space. FIS
allows constructing structures which are used ttegete output responses for certain
stimulations. Response of FIS is based on storewledge. Knowledge is stored in
the form of a rule base. Rule base is a set osruReile base expresses relations
between inputs of system and its expected outputs.

Knowledge is obtained by eliciting information frospecialists. These
systems are usually known as fuzzy expert syst&msther common denomination
for FIS is fuzzy knowledge-based systems. It i® alslled as data-driven fuzzy
systems. FIS are usually divided in two categovies multiple input and multiple
output (MIMO) systems and Multiple Input and Sin@etput (MISO) systems, the
system returns several outputs based on the imghitsh it receives. Multiple input
and single output (MISO) systems are those whelg @me output is returned from
multiple inputs. MIMO systems are decomposed ingetaof MISO systems which
work in parallel.

In terms of inference process there are two maisses of FIS viz.

1. Mamdani-type FIS and
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2. Takagi-Sugeno- Kang (TSK) type FIS.

Knowledge base

r

Fuzzification Defuzzification

interface interface —
(crisp) J { L (crisp)
LA Decision-making unit

(fuzzy) (fuzzy)

Input Database Rule base DUtPUt

Figure 4.4: Fuzzy inference system
4.8.1 Mamdani Based FIS
In mamdani based fuzzy inferenceesystinputs and output have an If-Then
rules. A typical rule in a sugeno fuzzy model iB: X is Negative Big AND Y is
Negative Small THEN Z is Zero.

4.8.2 Sugeno Based FIS

Sugeno-type systems are used to model any infergygtem in which output
membership functions are either linear or constahis fuzzy inference system was
introduced in 1985. It is also called as Takagi€huagKang. Sugeno output
membership functions (z) are either linear or camstA typical rule in a Sugeno
fuzzy model is:

If Input 1 = x and Input 2 =y, then Output is ax+ by + ¢

For a zero-order Sugeno model, the output levelazdonstant (a=b =0).

Both Sugeno and Mamdani FIS can be used to petioensimilar tasks. Rule
base and fuzzification remain same for the vargbldere are various defuzzifiers
that can be chosen for a Mamdani FIS. These ddifeizzialso originate similar
results in a Sugeno FIS. There is a certain overktveen both types of systems.
Mamdani FIS is more widely used. It is used forisiea support applications,
because its intuitive and interpretable nature.ggquoents of the rules in a Sugeno
FIS do not have a direct semantic mean. This mimatghey are not linguistic terms.
Also, this interpretability is partially lost. Suge FIS rules consequents can have

many parameters per rule as per input values. Thugeno FIS gets translated into
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more degrees of freedom in its design as compardthindani FIS. Thus it provides
more flexibility. Many parameters can be used ia tonsequents of the rules of a
Sugeno FIS. A zero order Sugeno FIS can reasoagipisoximate a Mamdani FIS. In
computational terms, a Sugeno FIS is more efficteah a Mamdani FIS. It is so
because; Sugeno FIS does not involve computatioredpensive defuzzification
process. Also, a Sugeno FIS always generates contgnsurfaces. The continuity of
the output surface is quite important. Any existent discontinuities will result in
similar inputs originating substantially differemtitputs. It will be a situation which is
undesirable from the control monitoring perspect®Because of continuous structure
of output functions, a Sugeno FIS is also better atequate for functional analysis
than a Mamdani FIS.

e =5 food=5

0 kil
Figure 4.5: Fuzzy Rule Base in the case of a Mairelazry Inference System
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Figure 4.5: Fuzzy Rule Base in the case of a Maimelazry Inference System
4.9 Defuzzification
Defuzzification is a processin which fuzzy outpdnverts back to crisp

values. There are different types defuzzificaticetimds given as

* Max Membershipy,(z) 2 (2 forallzOzZ ... ....................... 4.2
Z).zdz
« Centroid z :&43
[ 1(2)dz
. 2).z
« Weighted average z :M44
> u(2)
+  Mean-Max Z = a;b Y o
[ESWACL:
« Center of Sum =22 4.6
[ 2 p (202
2 k=1
Z)zdz
» Center of Largest Area z —I/JC( : a7

_W

4.10 Fuzzy Control
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This section describes the classical control schangefuzzy control scheme.
In classical control scheme we have open loop #&skd loop control architecture.
Figure 27 shows the classical feedback controksira of a plant. In fuzzy control
scheme the conventional controller is replaceduzzy logic controller. The fuzzy

control scheme is shown in figure 27.

)+~ el { )
:-‘{E} > Controller "0 = Process IZ“'@

Reference " error QOutput

Figure 4.7: Classical Feedback Control Structure

The majority of fuzzy logic control systems are Whedge-based systems in
that either their fuzzy models or their fuzzy logentrollers are described by fuzzy
IF-THEN rules, which have to be established baseéxperts’ knowledge about the
systems, controllers, performance, etc. Moreovee, introduction of input-output
intervals and membership functions is more or legsjective, depending on the
designer’'s experience and the available informatidowever, we emphasize once
again that after the determination of the fuzzys,satl mathematics to follow are
rigorous. Also, the purpose of designing and amgiyfuzzy logic control systems is,
above all, to tackle those vague, ill-described| eamplex plants and processes that
can hardly be handled by classical systems thexdagsical control techniques, and
classical two-valued logic. This is the first typ€ fuzzy logic control system: the
fuzzy logic controller directly performs the cortractions and thus completely
replaces a conventional control algorithm. Yetréhis another type of fuzzy logic
control system: the fuzzy logic controller is invetl in a conventional control system
and thus becomes part of the mixed control algaritbo far as to enhance or improve
the performance of the overall control system.

The fuzzy logic controller provides an aigan, which converts the expert
knowledge into an automatic control strategy. Fuloic is capable of handling

approximate information in a systematic way anddfoge it is suited for controlling
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non linear systems and is used for modelling complstems, where an inexact
model exists or systems where ambiguity or vagueisesommon. The fuzzy control
systems are rule-based systems in which a setzzly faules represent a control
decision mechanism for adjusting the effects oftamersystem stimuli. With an

effective rule base, the fuzzy control systems igolace a skilled human operator.
The rule base reflects the human expert knowleegressed as linguistic variables,

while the membership functions represent expeerjgnetation of those variables.

Data | Rule
Base | Base T—Knowledge Base
u(t) c(t)

) + e(t é
® (1) Fuzzification N Fuzzy p| Defuzzification [ -] Plant >
Inference :

Measurement |
System

Figure 4.8: Fuzzy Logic Control Structure

Designing a good fuzzy rule base is the key taiabsatisfactory control
performance for a particular operation. Classicadlysis and control strategy are
incorporated in the rule base. The control liteathas worked towards reducing the
size of the rule base and optimizing the rule basmg different optimization
techniques like GA, PSO for intelligent controllerAt last defuzzified output is
obtained from the fuzzy inputs. Table 1 shows timguistic variables for fuzzy
control.

4.12. The Self-Tuning Control Principle of Fuzzy PD Parameter

PID control requirements model dinoe very precise, and in practical
applications, to different extent, most of industprocesses exist to the nonlinear, the
variability of parameters and the uncertainty ofdelo thus using conventional PID
control can not achieve the precise control ofggtecess. But the dependence on the
mathematical model of the fuzzy control is weakjtssn't necessary to establish the
precise mathematical model of the process, andfilaey control has a good
robustness and adaptability. According to their @aracteristics, we combine fuzzy
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control with PID control, and provide a based omzfuPID parameters self-tuning
controller with MATLAB. Fuzzy PID parameters Seliring Control takes error "e"
and Change-in-error "ec" as the input of Fuzzy Etbhtroller, meets the request of
the different moments of "e" and "ec" to PID pargeme self-tuning. Using fuzzy
control rules on-line, PID parameters "kp", "kikd™ are amended, which constitute a
self-tuning fuzzy PID controller, the principle which control program as shown in
Figure 4.9

b Fuzzy
=¥ didt Inference

el Kn Kil Kdl

FiD y(t)
Controller ™" Plant

>

Figure 4.9 :The structure of self-tuning fuzzy Ri@ntroller

Fuzzy logic consists of three partBuzzification, inference and
defuzzification. Fuzzification is an interface th@bduces a fuzzy subset from the
measurement; that is, it is a mapping from theofeheasurements. The inference is
an interface that produces a new fuzzy subset themesult of the fuzzification using
for example a set of rules. The results of therarfee are a fuzzy subset associated
with the output. The defuzzification is an intedathat produces a crisp output from
the results of the interface. The fuzzy inputsqeand the change rate of error) are
classified into seven equal-span triangular mentigerainctions. NB, NM, NS, ZE,
PS, PM, PB are negative big, negative medium, negamall, zero, positive small,

positive medium and positive big.

One of the important steps of fuzzyidogpntroller is the rule table. The total

number of rules is 49 in this study. The outpupastitioned into seven fuzzy sets:
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negative big (NB), negative medium (NM), negativeai (NS), zero (ZE), positive
small (PS), positive medium (PM) and positive dgg). The design of a fuzzy logic
controller consists of the selection of memberdhigctions and definition of a rule
base. In this study, fuzzy logic controller has twputs and one output: the position
error, change of the error and the temperaturdn@fbbiler. Input and output fuzzy

members functions are symmetric.

A membership function characteriadsizzy set. The value of membership
function represents a degree of membership toukeyfset, which is between 0 and
1. A fuzzy set with the sharp membership functiomve has higher resolution and
control sensitivity. With the smooth one, the digbof system is better but resolution
is lower. Fuzzy control rules is a set expressetiibyy language, which describes the

mapping relationship of inputs and outputs.

Run fuzzy function in MATLAB commarnadndow to enter the fuzzy logic
editor, and create a new FIS file, choosing thdrobtype as Mamdani. According to
the analysis above, by inputting the membershipretedunction and quantizing

intervals of e, ecaKp, AK; and AK, respectively, the figure of membership degree

function can be achieved. Opening the window ofeR@ditor, inputting the fuzzy
control rules with the form of if....then, and taking min as the And method, max as
the Or method, min as the Implication, max as tggrAgation, and defuzzification as
the centroid, a FIS file named Fuzzypid.fis carcteated. Then creating a file named
fpid.m in MATLAB's file editor with the content ofmatrix=readfis (‘Fuzzypid.fis’),
the link between fuzzy toolbox and SIMULINK has hesstablished, which lays the

foundation for building the whole system.
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CHAPTER -5
ARTIFICIAL IMMUNE SYSTEM

5.1 Introduction
The main function of the immune syst&nto protect the body from
pathogens and cancer. Vertebrate immune systemanare complex than the
invertebrates. They are characterized by two ingporproperties, which are memory
and specificity. In the case of invertebrate, thenune system consists mainly of
Phagocytes which are nonspecific. This means thvatlinot remember any previous
antigen, and will use the same attacking strateggh etime. Phagocytes has no
receptors for specific pathogens, which means ttiede cells will engulf and try to
kill any pathogen. On the other hand, the vertebnaist has evolved more specialized
cells called Lymphocytes. These Lymphocytes arédquen specific, which means
that they have distinct receptors to interact wdifferent pathogens. To combat
antigens, nature has provided us with the immuséesy. The blood, lymph nodes,
and bone marrow act with the liver, spleen, thynausl tonsils to produce and deliver
specialized cells, including B-lymphocytes, T lymplites, and phagocytes. These
cells limit the severity and duration of colds, fignfections in the nose and throat,
help wounds to heal, destroy some cancers, and mooé.
There are two types of immune models
1) Immune model based on the immune system theonayn(y clones choice theory
nowadays).
a) The somatic theory describes that somatic regwtibn and mutation
contribute to increasing the diversity of antibody.
b) The network hypothesis describe that a mutuebgeition network
among antibody contributes to control of the peshtion of clones.
2) Immune network model based on the immune nettoréry.
a) All the continuous immune network models aspre are the ordinary
differential equation of time, which confortasthe real control system.
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b) The discrete immune network model is not the room discrete model
based on time control system, but it means thatirttreune cells or

molecules are separated among each others.

Type of immune model

Immune
Network
theory

Immune
system theory

Somatic Network
theory Hypothesis

Continuous Discrete

Figure 5.1: Types of immune model
5.2 Innate Versus Acquired Immunity
There are two types of immunitypate immunity and adaptive or acquired
immunity. Also, the immune system response caniladet! into humoral immunity,

and cell mediated response.

5.2.1 Innate Immunity

The innate immunity can be regardednatural resistance of the host to
foreign pathogens. There are a number of exterrdhlirgernal lines of defenses in the
innate immunity. As an examples we find Lysozymetears, and skin inflammation
as a resistance to a penetrating pathogen. Theeinmanunity is the first line of
defense against the foreign pathogens, and it tieesion-specific strategy while
attacking it. Phagocytes engulf the foreign patimpgad try to kill it. Some examples
on the same line of defense are Monocytes, Macggshand Neutrophils. There are
other types of cells that is called Natural killezlls NK-cells that also use non-
specific response to protect the host againstatesgn pathogen.

5.2.2 Acquired Immunity
In contrast to the innate immugstem, the acquired immune system uses

a specific response to pathogens. The importardrdadge of the acquired immunity
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is the use of memory through lymphocytes. Aftettigg rid of the foreign pathogen
the lymphocytes change into memory cells. These angnsells will recognize
rapidly the same pathogen when it evades the hgmh,aand eliminate it before
causing any damage. The two major types of lymptescgre T-cells, and B-cells. B-
cells have direct contact with the antigen wheeritting with it. On the other hand,
T-cell can bind to the antigen only after it is eesed and presented by other cells.
B-cells are the basic building block of the humonainunity through the production
of antibodies. Cell mediated immunity is contritiitey T-cells mediated response. T
cells have many forms like the helper T-cell whingips either B-cells, or phagocytic
macrophages. Another form that the T-cell can béhés cytotoxic T-cells, which

recognize cells infected by virus or cancer, andiahte them.

5.3 Antigens

An antigen (Ag) can be defined assubstance that triggers specific
immune response. In vertebrates, the host systes mat respond to its own proteins,
and that is called tolerance. T-cells and B-cdl tare capable of recognizing self-
cells are eliminated during maturation phase,. Atigen may carry several epitops,
and consequently this will trigger the productidrseveral antibodies, see Figure 5.2.
Generally, T or B cells do not recognize all ofsbespitopes, instead they recognize
part of it. So, a single Ag may attract the atemtof several T or B cells. Also, two
different antigens may carry the same cross rea@pitopes, which means that an

antibody produced for that antigen can interach\aiother one.

Antigen B Marker molecule B Antbody
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Figure:5.2: antigen antibody interactions

5.4 Immune Cells

Cells destined to become immune catés produced in the bone marrow.
The descendants of some stem cells become lym@®ayhile others develop into a
second group of immune cells known as phagocytée flvo major classes of
lymphocytes are B cells and T cells. B cells corgpleir maturation in the bone
marrow. On the other hand, T cells migrate to thanus; an organ that lies high
behind the breastbone. Each lymph node containsiadzed compartments that
house a great number of B lymphocytes, T lymphagyt@apable of presenting
antigen to T cells. Thus, the lymph node bringsetbgr the several components

needed to start an immune response.

5.5 B-Cells and Antibodies
B-Cell is one of the major armgled immune system mechanisms, and it is

responsible for the humoral response. The name falmmomes from these fluids that
circulate around the body known as humors. EackIBi<programmed to make one
specific antibody. When a B cell encounters itggering antigen, it produces many
large plasma cells. Every plasma cell is a factoryproducing antibody. Each of the
plasma cells descended from a given B cell prodanuédsns of identical antibody
molecules and pours them into the bloodstream,Fsgiere 5.3. A given antibody

matches an antigen as a key matches a lock, arié maor destruction.

Plasma cell
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Figure5.3: Production of antibody
5.6 T-Cells And Lymphokines

T-Cells play two rolls in the immusgstem defense. B cells cannot make
antibody against most substances without regulafecgll help. On the other hand,
Cytotoxic T-cells, directly attack body cells thate infected. Another important
regulatory T cells are "helper" cells. Typicallyertifiable by the T4 cell marker,
helper T cells activate B cells and other T ceBswell as natural killer cells and
macrophages. Another subset of T cells contriblyeirning off or "suppress” these
cells. T cells work by secreting cytokines or, Lymgines which are considered to be

chemical messengers.

5.7 Macrophages

Macrophages are responsible faryoey the initial attack against an
invasion launched by antigens. Macrophages arghiittd throughout body tissues ,
and they rid the body of worn-out cells and othebrts. Foremost among the cells
that "present” antigen to T cells, having firstelted and processed it, macrophages
play a crucial role in initiating the immune respenAs secretory cells, Monocytes
and Macrophages are essential to the regulationmafune responses and the
development of inflammation; they produce an arohypowerful chemical called
Monokines including enzymes, complement proteims], @egulatory factors such as
interleukin-1. Sometimes antigens change themsearesthat is why we continue to

get sick.

4.8 An Overview of the Immune System

When foreign antigen enters the body, it trigg@<cells to produce
antibodies, which bind to the antigen and cleafrom the body; this is called
Humoral immune response. The cell-mediated respionséves helper T-cells and T
cytotoxic (CTL) cells. Helper T-cells (Th) can brided into two sub fields: Thl and
Th2. Thl cells help B-cells, where Thl cells adgvenacrophages. CTL cells Kill

virtually infected or Cancer cells, see Figure 5.4.
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Figure 5.4 : An Overview of an Immune System

5.8.1 Humoral Response

When the B-cell proliferates, @illits descendants will make this uniquely
rearranged set of antibodies. B-cells continue ttiply, various mutants arise; these
allow for the natural selection of antibodies tpabvide better and better "fits" for
antigen elimination. The result of this entire msg is that a limited number of B-
cells can respond to an unlimited number of ansgé&mtibodies are triggered when a
B-cell encounters its matching antigen, and digegintigen fragments are displayed
on B-cell distinctive markers. The combination aftigen fragments, and marker
molecules attract the mature matching helping cé@li€ells secrete Lymphokines
allow B-cells to multiply and mature into antibodgoducing Plasma cell. Antibodies
are released into the blood stream, and they labk matching antigens. These

antigen-body complexes are soon overcome eithéndgomplement cascade, or by
the liver and spleen, see Figure 5.5.
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Figure 5.5 : Humoral Response

5.8.2 Cell Mediated Response

Machrophages initiate the celldraged response, or by other antigen-
presenting cell. The antigen-presenting cell digést antigen, and then displays
antigen fragments on its own surface. Bound to &hegen fragment is an MHC
molecule. These fragments capture the T cell'sitatt®e A T cell whose receptor fits
this antigen binds to it. This bond stimulates #mtigen-presenting cell to secrete
Interleukins required for T cell activation and foemance.

Figure 5.6: Cell mediated response
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5.9 Analysis of Lines of Defense

The human immune system attemptgjukly control the spread of
antigens once they have been identified. Theresaweral other lines of defense
against antigens besides the immune system. Tsklifie of defense is the skin,
which prevents the invasion of most micro organisiiee proteins and acidity of the
saliva in the mouth and stomach digest harmlessoariganisms. However, if there is
a cut in the skin, or fluid transmission occursthpgens can invade the body. The
second line of defense is the cell-mediated respoofs the immune system.
Macrophages are circulating throughout the bodyt thastroy the invading
microorganisms by phagocytosis. The last line dénge is known as the humoral
immune response. Many types of immune cells aggéried to move into the affected
area, and a great deal of antibodies and phagodgstsoy the invading antigen.

5.10 Memory Cells

Some of the lymphocytes activadieding the primary immune response
remain dormant and keep circulating in the immuystesn for a long time. These
lymphocytes carry the memory of the encounteredyani and therefore these long-
lived cells are called memory cells. Memory caroale maintained by long-lived
antigen. Whenever T cells and B cells are activasmime of the cells become
"memory" cells. Then, the next time that an induatlencounters that same antigen,
the immune system is primed to destroy it quickijie degree and duration of
immunity depend on the kind of antigen, its amoani] how it enters the body. An
immune response is also dictated by heredity; sodigiduals respond strongly to a
given antigen, others weakly, and some not at all.

5.10.1 Memory T Cells

Memory T cells are formed during amiome response. As the term implies,
memory T cells remember past attacks by antigam$,can respond with increased
strength during subsequent invasions by a partiquaghogen. Memory T cells are
long lasting immune cells, and react to particudatigens. Unlike T cells that
recirculate in the blood and lymph, memory T celfen circulate throughout the
entire body, especially in the site they were odly activated. Memory T cells rely

on memory helper T cells for launching a global iom@a response.
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5.10.2 Memory Helper T Cells

Memory helper T cells are also knaag memory effector T cells. Memory
helper T cells are used by memory T cells to lausmhmmune response against an
attack by pathogens. Memory helper T cells reachirch the same way as helper T
cells, except that they are stimulated by memogells. Memory helper T cells can
differentiate into a cytotoxic T cell that attacdsnormal cells, or into a helper T cell

that stimulates an immune response from B cells.

5.10.3 Memory B Cells

Little is currently known about mery B cells. However, memory B cells
are probably similar to memory T cells in that theyain a strong affinity to low
concentrations of antigen, and are able to launstinomg immune response following
stimulation by a particular antigen that they aeasstive to. Like normal B cells,
memory B cells circulate throughout the entire hddgwever, they are significantly

longer lived, on scales of a few months to years.

5.11 Proposition of Artificial Immune Controller Al gorithm

The Biological immune system is antcol system that has strong
robusticity and self-adaptability in complex didtance and indeterminacy
environment. The artificial immune algorithm hasdamental ability to produce new
types of antibody or to find the best fitted antipavhich is able to attack the antigen
invading into the body. The principal function dfetimmune system is to limit
damage to the host organism by pathogens. Suchienga generate an immune
response, and are thus called antigens. Immunemsysas fundamental ability to
produce new types of antibody or to find the béttd antibody which able to attack
the antigen invading into the body. Against the wmarable types of unknown
antigen, the immune system produces a great mamestyf antibody by trial and
error.

Design of the controller aims to emt&the quality of the control system and
obtain requested control goal. It is the key folarguteeing the quality and the
characteristic of the control system once the mafethe object is determinate.
Therefore the design and the analysis of contradlex focal point which the whole

control domain pays attention to. There are two hoetfor design traditional
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controller: One is the classical control theoryigesnethod, including lineanethod
such as the method of the root-locus, the methddegiency domain, PID adjustment
and non-linear method such as phase plane, desaoripinction; Another is the modern
control theory design method, including the statedback controller, the auto-adapted
adjustment controller, change the structure cdetrdbased on H. and so on. The design
and realization of controller mentioned above ayyehad a series of relative more
complete and strict theory methods, but still satetaults left, For example, the object is

often limited strictly to be linear, or having belemown at least.

5.12 Immune PID control

Introduction of immune PID controller are describé¢he following section

5.12.1 Feedback principle of immune system

Immune is a characteristic phygyodal reaction of biological body.
Immune system of biology could produce relativeibtanty to resist invading anti-
source from extraneous. After antibody combinesamti source, a serial reaction
will be brought to destroy antibody by swallowindfeet or producing special
enzyme. In immune system, there is a feedback mehathat enables human
survival of infection and disease. Fig.5.7 presetite principle of feedback
mechanism. The basic cells that are involved in pinecess are antigens Ag,
antibodies Ab, B-cells B, helper T-cellg; &nd suppressor T-cellss.TAccording to
Fig.5.7, we know that antigens will be recognizgdMC (Antigen Presenting Cell)
when they invade into organisms, then, the messaljebe sent to T-cells. After
receiving the message, B-cells will be stimulatgdThcells and create antibodies
immediately to eliminate the antigen. When the nemdf antigens is increasing, the
number of T-cells will increase and the human body can createe B-cells to
protect itself. Along with the decrease of antigeghse amount of Jcells in the body
would increase and the number of B-cells would cedaccordingly. After a period of
time, the immune system inclines to balance. Tdblsummarizes the regulation

actions of T-cells in the process of the above imenesponse.
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Figure 5.7: Schematic diagram of immune humorglaoase

Table 5.1.Regulations actions of T-cells in immuoesponse

Immunity

response process

Antigen

consistency

Antibody

consistency

T-cells consistency

Antigen High minimum
invasion
Prophase High Low Promotion
Anaphase Low High Suppression
Telophase Minimum Low | @ e

As aforementioned, thesTcells have the function of restraining thg dells and B-

cells. This paper mainly focuses on the suppresaaiion of the B-cells. For the

invasion of the antigen, the B-cells are activatedl restrained by thegsTcells.
Therefore, theonsistencyof the kth generation B-cells can be given by

BK)=Tr (K)-TSK) v ee e eee e s s,

THK)ZKLEK) e+ ool 5.2
To(K)=KoAT ABK-G)FEK) - e eeveeeee e 5.3
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whereeg(K) is the consistency of antigen at the kth genemnaftk; is the helper gene of
Tw; Kz is the suppressor gene of, TAB(K) is the change of B-cell's consistency
A B(k-d)=B(k-d)-B(k-d-1), andd is the delay-time of immune respongg) is an
nonlinear function that represents the interacti@tween antibody which emerge
from B-cells and antigen.
From (5.1)~(5.3), we can obtain the relationshiprigla about the consistency of B-
cells and antigen. It is shown as follows:
B(k)=K1€(K)-K{f[ AB(k-d)]} €(k)

=K{L-nf[AB(K-A)JFE(K) e evneeeeeeeieee e, 5.4

wheren= K,/K; denotes the proportional coefficient of effectiregoeen T,and Ts.

Table 5.2: Comparison between artificial immunédeysand control system

Immune System Control System

1) The kth generation reproduction |af) The kth sampling time of discrete
antigens and antibodies. system.
2) (k) is the antigen concentration of th2) e(k) is the deviation of the set value
kth generation. and output value at the kth sampling

3) B(K) is the B cell concentration of thénstant.
kth generation. 3) u(k) is the output value of the controller|at

kth sampling instant

5.12.2. Immune PID Controller Design

The principal function of the apprape immune response lies in ensuring
the stability of the immune system and simultanBoussponding to the antigen
invasion in a fast way, since all the antigenscéitey the biological body have to be
removed. On the other hand, a high antibody carsistalso does harm to the body,
and must be controlled. Therefore, the generaletaofj the immune system is to
minimize the total injury of the biological bodyn lthe dynamic regulation of a
control system, it is requested that deviation shdwe slaked on the promise of the
system stability, which is actually consistent wttle target of immune system. Table
5.2 summarizes the comparison between the immuwsterayand control system.

Let the amount of antigefk) as errore(k) , total stimulation that is accepted
by B-cells is the input of the contro{k). And then the law of feedback control can be

expressed as follows.
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u(k)=K{1-nf[ Au(k-d)]}e(k)
] =1 (0 T 5.5

where K{1qf[Au(k-d)]}=K is the proportional gain of immune controllqr
K2/K1 is called steady gene which controls the amotiptaportional gairK,; f(x) is
a nonlinear function abowu(k-d).

According to the antigen consistency’s influenage antibody in immune
response, we selected nonlinear function as T-cefislating action function based
on simulation. It is showed as follows

O T e 5.6

1+ expEcex)
Where - 1 < (x) < 1, the value of ¢ determines the zone ofosctif variable x.
The output of Immune controller can be computetbbews:

u(k) = K{l—/](l—%ﬂe(k) ........................................ 5.7

1+ expEcx

It is obvious that Immune ControlleIC) is a nonlinear P controller, its
proportional gain will transform with the transfaation of the output of controller.
Therefore, Immune P Controller cannot compensateesoand errors arose by
nonlinear disturbance. Thus, the fusion of the imengontroller and conventional
PID controller, namely immune PID controller, caain from each other’s strengths

and overcome the weaknesses to improve the systgorimmance.

e(k) i . "X ¥
PID _*w"‘g‘,—p IC Lm{k} Plant >

Figure.5.8: The structure of immune PID controller

The structure of our immune PID controller is déssal in Fig. 3, whose output is:

Page - 50 -



u(k) = K, *kp[1+ K'_1+kd (1—2'1)}e(k) 5.8

KI
1-7z+

u(k) =K, [1+ +kd(1—z'1)}e(k).................................5.9

whereky represent&, which adjusted by mechanism of immune feedback.
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CHAPTER 6
MATHEMATICAL MODELING OF THREE TANK
LIQUID LEVEL SYSTEM

6.1 Introduction

Liquid level control is a typical represation of process control and is widely
used in iron and steel, chemicals, petroleum ahdrahdustries. The control quality
directly affects the quality of products and safetyequipments. However, the liquid
level control system of water tank is a large &ge-varying and nonlinear complex
system and is very difficult to control. Now, theuid level control has been an active
area in the process control over last decades andug different approaches have
been devised.

In industrial applications liquid level control igery important as in food
processing industry, dairy, filtration, effluenteétment, nuclear power generation
plants, pharmaceutical industries, water purifmatisystems, industrial chemical
processing and spray coating and boilers in allitldestries. The typical actuators
used in liquid level control systems include pumpsotorized valves , on-off valves
and level sensors such as displacement float, tapee probe and pressure sensor
provide liquid level measurement for feedback aanpurpose so that as per the
process requirements the fluids could be controlledthis exercise, the system is
modeled, calibrated, and controlled for level demieation in a three tank level
control system. In particular, this exposes thelimental modeling principle of fluid
mass balance, pressure sensor calibration, aretadek control design methodology
for a state-coupled, three-tank level control gyste

In this thesis, the liquid level conteylstem of a - container water tank system
is discussed. A 3 — container water tank is usuadiynected by three first-order non
periodic inertia links in series, and its structurean be schematically shown in
Figure.6.1. A level sensor is used to measure tenmheight inside the tank 3. The
design model consist of a controller that will eittmaintain that liquid level at a
desired point , a disturbance rejection problemoyue that can be used to move the
level set- point . The idea is to fill the tankttee desired set- point as quickly and
smoothly as possible. The additional liquid flowst @f the tank through an open

valve. This flow is represented by q. Liquid isoated to flow into the tank by mean
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of pump. The pump flow Q, can be regulated by ailetr. The tank cross —sectional

area is represented by A.

Tank 3

Figure.6.1: Three tank level system
6.2. Mathematical model

For Tank 1;-

F,(t) - F,(t) = c;—*:l ............................................ 6.1

Where
F1 (t) =tank1 inflowing liquid (n¥/s), F, (t) =tank1 outflowing liquid(ri¥s), A, =area
of the tank1l (m2) anb =liquid level in tank1 (m).

For Tank 2:-
d
F,(t) - Fy(t) = Azd—? ................................................. 6.2

Where
F, (t) =tank2 inflowing liquid (n¥/s), Fs(t) =tank2 outflowing liquid(n¥s), A, =area
of the tank2 (m2) anth, =liquid level in tank2 (m).
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For Tank 3:-
F(t) - F,(t) = Z—% ......................................... 6.3

Where
Fs (t) =tank3 inflowing liquid (n¥s), Fa(t) =tank3 outflowing liquid(r¥s), As
=area of the tank2 (fhandhs=liquid level in tank3 (m).

F2 (t)zh]_/R]_
F3 (t):h2/R2
F4 (t)=h3/R3

where R, R; and R are linear resistance of tank1,tank2 and tank/gniYs)).

The overall transfer function of three tank sysiem

Hg(s)z( R J % F%z

F.(s) ARs+1)| ARs+1|| ARs+1

...6.4
By considering
A=A, =1n7; As=0.5nf and Ry =2 (m/(n/s)) R, =2 (m/(nT/s)); Rs =4 (m/(nT/s)).

fo izl
R \zs+ifis+\z+y e

G(s):Hs@:( 4 J
P F(s) (8s’+12%+ 6+

Transfer function of valve (R):( '133)

3s+1

Where G(s) is the transfer function of the plant
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6.3 Control Valve

Process plants consist of hundreds, @newousands, of control loops all
networked together to produce a product to be edffdor sale. Each of these control
loops is designed to keep some important procesabla such as pressure, flow,
level, temperature, etc. within a required operatisnge to ensure the quality of the
end product. Each of these loops receives andngitgrcreates disturbances that
detrimentally affect the process variable, andradgon from other loops in the
network provides disturbances that influence thecg@ss variable. To reduce the
effect of these load disturbances, sensors andmiers collect information about
the process variable and its relationship to soewreld set point. A controller then
processes this information and decides what musiobe to get the process variable
back to where it should be after a load disturbasm=urs. When all the measuring,
comparing, and calculating are done, some typeirddl fcontrol element must
implement the strategy selected by the controller.

The most common final control elementha process control industries is the
control valve. The control valve manipulates a flogvfluid, such as gas, steam,
water, or chemical compounds, to compensate fofade disturbance and keep the

regulated process variable as close as possilihe tdesired set point.

6.4 Flow Through Valves
The flow through valve is often described by thatrenship

F=C,f(x) —
SO BT

Where F is the volumetric flow rate, @e valve coefficient ,x the function of the
valve is open (X x < 1) , AR, the pressure drop across the valve, s.g. the gpecif
gravity of the fluid, and f(x) the flow charactdits(varies from 0 to 1, as a function
of x).

Three common valve characteristics are
() Linear
(ilEqual- percentage
(ii)Quick — opening

For a linear valve, f(x)=x. For an equal percentaglve, f(x)=*, .For a

quick opening valve ,f(x)s**. Theses flow characteristics are plotted in fighu2
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Figure 6.2: valve floe characteristics
Notice that for quick opening valve , the sengiiyor gain) of flow to valve
position is high at low openings and the low athhagpening; the opposite is true for
an equal percentage valve. The sensitivity of linealve does not change as a
function of valve position . The equal percentagkve is commonly used in chemical
process because of desirable characteristics wistalled in piping system where a
significant piping pressure drop occurs at highwfloates. Knowledge of these

characteristics will be important when developiagdback control system.
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CHAPTER 7
RESULTS AND DISCUSSION

7.1 Performance with PID controller

In this section we have taken a three tank ligadel control system whose
transfer function is

Gp(s) - H.(5 =( 4 ]j

F(s) \85°+1X°+ G+

133

Transfer function of valve (R):( 35+ 1]

Where G(s) is the transfer function of the plant

Using this model, the unit step response was sitedlwith Matlab. Ziegler—
Nichols methodf tuning is used to calculate the PID parameféng values of PID
parameter is j=7.4382Kk=0.7158 and k=18.9753

B Tank3PD —

-

P
File Edit View Simulation Format Tools Help

bDzd&

» 150 Normal VN EBEEEBE D REEE

3s+1 853 +1252 46541

PID Controlier Viave Tank

Figure 7.1: Simulink diagram of PID controller finree tank

The above figure 7.1 shows that the simulink bld@gram in MATLAB for

the three tank liquid level process and the tranffiection of the valve with unity

Page - 57 -



feedback control system. Unit step response isafegence input given to the process

which is controlled by conventional PID controller.

B TR T - 0000

da k P33 08 eD
P Fo e berbw bikeer gin pephng S mind pieh A 0 PEcady
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THapy

oy

i+

-

Figure 7.2: Graph showing output of PID controftarthree tank

Figure 7.2 show the output response of three sgstem with PID controller
whose tuning parameter is tune by Ziegler—Nicho&thod (K=7.4382,K=0.7158,
and Kg=18.9753). By using this controller the peak tim®i4132 sec, peak overshoot
is 22.9169 and the response is settle in 29.804.6 se

7.2 Performance with self tuning of Fuzzy- PID combller

Fuzzy logic block is prepared using fis file in fiéd 8.0 and the basic
structure of this file is as shown in figure 7.Jor Ehe above FIS system Mamdani
type of rule-base model is used. This produces ubutp fuzzified form. Normal
system need to produce precise output which udesuazification process to convert
the inferred possibility distribution of an outpudiriable to a representative precise
value. In the given fuzzy inference system this kvas done using centroid
defuzzification principle. In this min implicatiotogether with the max aggregation

operator is used.
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B s Editon TANKSFUZZYL o E=SEEET ]

File Edit View

TANKIFUZZY 1

{mamdani)

XX "

change__error d

FIS Matme: TAMKIFUZIN FIS Type: mamclani
And method min = Current Variable
Or method oy = hame error

T inft
Implication min i AR R

Rande [-11]
Adoregation max =
Pefuzzification centroid - Help Close
System "TANKIFUZZY1Y 2 inputs, 3 outputs, and 145 rules

Figure 7.3 :Fuzzy inference system

Given FIS is having seven input member functiondoth input variables leading to
7*7 i.e. 49 rules. Figure 7.4 shows these rulesgisile viewer.

e
o Bl Rule Viewer: TAMKIFUZZY1 e e S
File: Edit View [Refiste
3 error =0 Farmath)| oo Kp = -0.00866 Ki=0.0857 Kd = -8 79e-018
1 E ] E ] L | E ] E ]
2 [ | =2 | [ ] E ] E |
3
4
5
53
T
B EZ
9
10
11
12
13 L
14
15 |
16
T
18 EZ
18
20
21
22
23 T
24 - — | o —
25 = B
26 ] ]
27 | |
28 [ ] E | [ | E ] E |
29 [ ; ] I ] [ ] L ] E ]
il 1 I 1 I 1 E. 1 E. 1
nput: 10 Plot points: 4 g4 Move: jog | right | downl up |
Opened system TANKIFUZEY, 145 rules Help | Close |
—_—

Figure 7.4 Rule viewer of fuzzy logic based PID
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The Rule Viewer displays a roadmap e whole fuzzy inference process.
The first two columns of plots show the membershipctions referenced by the
antecedent, or the if-part of each rule. The tho@umn of plots shows the
membership functions referenced by the consequoetige then-part of each rule. The
yellow color (or shading) in first two plots repesgs the antecedent rules fired for a
particular value and blue color (or shading) inrdhicolumn represents the
consequence of the antecedent on the output. Bloe lme in the last block of third
column represents the final precise value calcdlatging centroid defuzzification

method.

The Rule Viewer shows one calculation at a time #ngreat detail. In this
sense, it presents a sort of micro view of the yurderence system. If the entire
output surface of system is to be viewed, thahisentire span of the output set based
on the entire span of the input set, The Surfa@er is required. Figure 8.5 shows
the surface view of the system under consideration.

B surface Viewer TANK3FUZZV1 o o[ S

File Edit View Options

T W W S S W

change__error i Brrar E

B

* (nput; error - | T LRPULY change_er.. - | < loutputl: Kp - | [l
¥ogrids: 15 N ogrids: 15 2

| | Ref.input: Help Closa | M

Ready j

I |
= —_—— - ———

Figure 7.5: Surface viewer of fuzzy logic based PID
The Surface Viewer has a special capability thaterry helpful in cases with
two or more inputs and one output: we can actugiip the axes and reposition them

to get a different three-dimensional view on theada
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A membership function characteriadszzy set. The value of membership
function represents a degree of membership toukeyfset, which is between 0 and

1. A fuzzy set with the sharp membership functiomve has higher resolution and

control sensitivity. With the smooth one, the sigbof system is better but resolution

is lower. Fuzzy control rules is a set expressetlibyy language, which describes the

mapping relationship of inputs and outputs

The fuzzy rules of K K; and K for the controllers are expressed in the rule icesr

as shown in Table 7.1,7.2, and 7.3 respectively.

Table 7.1 The fuzzy rules table of k

Ec] NB  NM NS Z0  PS PM PB
E

NB PB PB PM PM PS ZO Z0
NM PB PB PM PS PS ZO NS
NS PM PM PM PS ZO NS NS
20 PM PM PS ZO NS NM NM
PS PS PS Z0 NS NS NM NM
PM PS ZO NS NM NM NM NB

PB 70 70 NM NM NM NB NB

The above table 7.1 shows the fuzzy rule base uoing the PID parameter of

proportional gain kp. There are total 49 ruleshia above table.

Table 7.2: The fuzzy rules table of k

Ec] NB NM NS Z0  PS PM PB
E

NB NB NB NM NM NS ZO ZO

NM NB NB NM NS NS Z0 Z0

NS NM NM NS NS ZO PS PS

Z0 NM NM NS ZO PS PM PM

PS NM NS Z0 PS PS PM PB
PM 70 70 PS PS PM PB PB
PB ZO ZO PS PM PM PB PB
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The above table 7.1 shows the fuzzy rule bas&fong the PID parameter of

integral gain ki. There are total 49 rules in the table.

Table 7.3: the fuzzy rules table of k

Ec NB NM NS 0 PS PM PB
E
NB PS NS NB NB NB NM PS
M PS NS NB NB NM NS Z0
NS Z0 NS NM NM NS NS Z0
IZD(; Z0 NS NS NS NS NS Z0
PM Z0 Z0 Z0 Z0 Z0 Z0 Z0
PB PB NS PS PS PS PS PB
PB PM PM PM PS PS PB

The above table 7.1 shows the fuzzy rule base doing the PID parameter of

derivative gain kd. There are total 49 rules indbeve table.

T e e e

File Edit View Simulstion Format Tools Help
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Controller
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To Worispace

Figure 7.6: Simulink diagram of Fuzzy-PID controlter three tank
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The above figure 7.6 shows that the simulink bld@gram in MATLAB for
the three tank liquid level process and the tranffiection of the valve with unity
feedback control system. Unit step response isefegence input given to the process

which is controlled by self tune fuzzy- PID conteol
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lil‘_ L] 100 ]

e T

Figure 7.7: Graph showing output response of fl2iy controller for three tank

Figure 7.8 show the output response of three tgrstem with Fuzzy-PID
controller. By using this controller the rise tinge peak time is 8.8426 sec, peak

overshoot is 18.8555 and the response is setf#8.ifB61 sec.

7.3 Performance with Immune Controller

The Biological immune system is a cohggstem that has strong robusticity
and self-adaptability in complex disturbance andeterminacy environment. The
principal function of the appropriate immune resgmhes in ensuring the stability of
the immune system and simultaneously respondintdacantigen invasion in a fast

way, since all the antigens attacking the biolodiwaly have to be removed.
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Figure 7.8 Simulink diagram of Immune controller foree tank

The above figure 8.1 shows that the simulink blde&kgram in MATLAB for the
three tank liquid level process and the transferction of the valve with unity
feedback control system. Unit step response isefegence input given to the process
which is controlled by immune controller.
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Figure 7.9 :Graph showing the output response unexcontroller for three tank
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Figure 7.10 show the output response of three wdtem with Immune
controller. By using this controller there is noygmeak times , peak overshoot is
0.2288 and the response is settle in 17.5197 sec.

7.4 Performance with Immune-PID Controller

It is obvious that Immune ControlleIC) is a nonlinear P controller, its
proportional gain will transform with the transfaation of the output of controller.
Therefore, Immune P Controller cannot compensateesoand errors arose by
nonlinear disturbance. Thus, the fusion of the imengontroller and conventional
PID controller, namely immune PID controller, caain from each other’s strengths

and overcome the weaknesses to improve the systdorimmance.

B Tank3IMMUNEPID * e ™ = L =l
File Edit View Simulation Format Tools Help
DEed&| b EE b 4 |3 » {1500 [Homal || e [0S REE®

0.133 4

35+1 853 +1257 16541

= Add1 Integer Delay Tank1 Tank3 Scope
PID Controfler
To Workspace
Clock To Workspace1
EAN AR Y. =

Figure 7.10: Simulink diagram of Immune PID con&ofor three tank

The above figure 8.1 shows that the simulink bld@gram in MATLAB for
the three tank liquid level process and the tranffiection of the valve with unity
feedback control system. Unit step response isafegence input given to the process

which is controlled by conventional PID controller.
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Figure 8.11: Graph showing the output responseune PID controller for three

tank

Figure 7.12 show the output response of three sgstem with Immune PID
controller. By using this controller there is noygmeaks and no overshoot and the
response is settle in 17.4107 sec.

7.5 Comparison of results using different controlle

Table 7.4: Comparisons of results

PID FUZZY-PID IMMUNE IMMUNE-PID
PEAK TIME 9.4132 8.8426 NO PEAK NO PAEK
PEAK 22.9169 18.8555 0.2288 NO
OVERSHOOT OVERSHOOT
SETTLING 29.8016 29.8961 17.5197 18.00
TIME
ITAE 71.6 68.68 69.23 59.49
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Matlab simulations results show that Immune PlDtcd method results in a
quicker response with no overshoot than the comweait PID controller and Fuzzy-
PID controller. The settling time of immune PID tatier and immune controller are
better than the conventional PID controller and s&ining fuzzy PID controller. The
integral time of weighted absolute error (ITEA) foemance criteria also shows that
the immune PID controller has better performancerddver, The immune control
system has a strong ability to adapt to the sigamt change of system parameters.
The peak time ,settling time, peak overshoot arigAlcriteria of different control

method for three tank liquid level control are sinawtable 7.4.
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CHAPTER 8
CONCLUSION AND FUTURE SCOPE

Different types of controllersegrroposed in this thesis, and applied to the

three tank level control system. Matlab simulatishew that the new Immune-PID
controller method results in a quicker responsehwiip overshoot than the
conventional PID controller and Fuzzy-PID controllg also improves the settling
time of the process. Moreover, it has a strongtgtid adapt to the significant change
of system parameters. The integral time of weightdgbolute error (ITEA)

performance criteria also shows that the immune Ri@htroller has better

performance. Results of simulation indicates tln éffect by using the way to
control three tank liquid level process is betteart regular PID control, reflecting
fine control quality, possessing well practical ugl and besides, the principle is

simple and easy to understand, convenient to eealiz

For the future work, it can be usedivariety of nonlinear control systems
with time-varying, pure delay, and large time cans$. There are various types of
Immune Controller that can be used in control syst€he artificial immune system
can be configure with the specification for theuieed works which resemble the
similarity of a proportional integral derivativeorttroller or artificial neural networks

or fuzzy logic expert control system and many more.
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