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ABSTRACT

In any of the control application, controller desig the most important part.
There are different types of controller architeetuavailable in control literature. The
controller can be conventional in nature or cannbelligent in nature. The conventional
controller doesn’t posses the human intelligenceer® in the intelligent controller
human intelligence is embed with the help of cartaft computing algorithms. After the
design of controller is performed, the performaaealuation part comes in to light. The
designed controller has to give optimal controutessirrespective of every situation like
plant and equipment non linearity, equipment satuma

This dissertation looks in to performance evaluatd different conventional and
intelligent controllers implemented with a clearjesttive to control the outlet fluid
temperature of shell and tube heat exchanger systest of all mathematical modeling
of the process is performed using experimental tptiata. After the mathematical
modeling the control objective is set and differ&imtd of controllers are designed to
meet the control objective. Feedback controllezdfeck plus feed forward controller are
implemented to meet the control objective, but tu¢heir inherent disadvantages and
more tuning parameters, these controllers werelartabgive satisfactory results. So, a
model based controller is designed which has onby toning parameter as compared to
three tuning parameters of PID controller. The nhbdsed controller gives a satisfactory
result. But to embed some kind of intelligence Ine tcontroller, fuzzy logic based
controller is designed. The fuzzy logic based cul@r meets the control objective.
Comparative analyses of performance evaluatiol gbatrollers are performed.

During the design of fuzzy based hybrid controllae designer meets two key
design challenges namely, optimization of existingzy rule base and identification,
estimation of new membership function or optimiaatof existing membership function.
These issues play a vital role in controller dedigneal time. In real time controller
hardware design there is memory and computationalep constraints, so a designer
needs to optimize these two design aspects. Thgedation also looks in to these key
design challenges. For optimization of existing rdam based fuzzy rule base, a genetic
algorithm approach is used and for identificatiow a&stimation of fuzzy membership

function, a neural network based approach is used.
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Chapter

Introduction
1.1 Overview

The transformation of raw material in to desiredducts usually cannot be achieved in a
single step in any chemical process. The overahsfiormation is broken in to individual
transformation to achieve the desired objectiveauation is a mathematical model of a process,
which attempts to predict how the process wouldakehif it is constructed in real life. After
simulation of the model, control of the model ix@ssary. There are different ways to control a
chemical process. This dissertation gives a buwefaiof different controlling techniques and
different aspects of controller design for a chahpdant taken in to consideration.
1.2 Motivation

In any of the control application, controller desig the most important part. There are
different types of controller. The controller caa tonventional in nature or intelligent in nature.
The conventional controller doesn’'t posses the munmaelligence; where in the intelligent
controller human intelligence is embed with thephet certain soft computing algorithms. After
the design of controller is performed, the perfamoe evaluation part comes in to light. The
designed controller has to give optimal controutssirrespective of every situation like plant and
equipment non linearity, equipment saturation.

1.3 Objective and scope of the dissertation

The objective of this dissertation is to evaludte performance of different conventional
and intelligent controllers. Figure 1.1 shows tlefgrmance evaluation scheme implemented in
this dissertation. To evaluate the performancehaf ¢ontroller, time response and frequency
response analysis is carried out. The time respanalysis consists of two type of analysis. One is
unit step response analysis and other is perforenamdices analysis. The frequency response

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Introduction 2

analysis also consists of two kind of analysis. @m®bustness analysis and other one is sengitivit

analysis.

Performance
Evaluation of
Controlle

Time Response Frequency

Analysis Response Analysis

Step response Calculation of Robustness Sensitivity
analysis Performance Analysis Analysis
Indices

Figure 1.1: Performance evaluation scheme impleeadeiar controller
The other objective of the dissertation is to foutt the key design challenges in design of
intelligent controllers. This dissertation implen®a fuzzy logic based hybrid controller and faces
two design challenges. The challenges are optimizaf existing fuzzy rule base with N rules and
identification and estimation of the optimal numleémembership functions and optimization of
existing membership function. This dissertationraddes this design issues.

1.4 Organization of the dissertation
The dissertation is organized as follows.

Chapter 2 is takes a case study of shell and tws# bBxchanger and performs the
mathematical modeling of the heat exchanger systgimthe help of available experimental data.
The control objective is to control the outlet tesrgdure of the shell and tube heat exchanger
system to a desired temperature. In chapter 2rdiffeconventional control strategies like feedback
control, feedback plus feed forward control, intdrmodel based control is used to control the
outlet temperature of the shell and tube heat exgdrasystem. But the conventional controllers
don’t provide satisfactory performance.

Chapter 3 introduces fuzzy based controller andgdssand implements a fuzzy based

hybrid controller to control the outlet temperatofethe shell and tube heat exchange system. The

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Introduction 3

hybrid fuzzy based controller gives an intelligeatich to the controller and gives satisfactory
control results. But while designing the fuzzy lwhsentroller, there are some key challenges. The
key challenges are optimization of existing ruleéand identification, estimation and optimization
of new and existing membership functions of fuzayid.

Chapter 4 discusses a GA based optimization teabrtig optimize the existing fuzzy rule
base, so that the fuzzy rule base can be effigi@ised.

Chapter 5 discusses the identification and estonatif fuzzy membership functions and
fuzzy membership values using Kalman filtering aoptimization of existing membership
functions.

Chapter 6 gives the detailed performance analykisonventional controller and fuzzy
based controller. Time response analysis and frecyueesponse analysis is carried out to evaluate
the performance of the controllers.

Chapter 7 gives the concluding remarks and adds@kseissues which can be taken up for

further work.

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Chapter

Conventional Controllers

A typical chemical process for heating consista ahemical reactor and a shell and
tube heat exchanger system. The process fluid wikithe salt solution of sodium sulphate and
aluminum sulphate is stored in the storage tarktamperature of 32°C. The storage tank pumps
the salt solution to the shell and tube heat exgbasystem. The heat exchanger heats up the salt
solution to a temperature of 52°C using super ldeateam at 180°C to get a concentrated salt
solution. The super heated steam comes from tHerlamd flows through the shell side, whereas,
the salt solution flows through the tube side & shell and tube heat exchanger system. After the
steam heats up the salt solution, the condensathsie93°C goes out of the steam trap. The steam
trap removes the condensate and non condensing.glse control objective is to control the
temperature of the concentrated salt solution. egifit control architectures and different
conventional controllers like PID, feed forward tofler and internal model based controller can
be implemented to achieve the control objective.

2.1 Heat Exchanger

In practice, all chemical processes involve thalpotion or absorption of energy in the form of
heat. Heat exchanger is commonly used in industhiemical processes to transfer heat from a hot
liquid through a solid wall to a cooler fluid [2.1A heat exchanger is a device that is used to
transfer thermal energy (enthalpy) between two oreniluids, between a solid surface and a fluid,
or between solid particulates and a fluid, at défe temperatures and in thermal contact [2.17].

There are different types of heat exchanger usatiarindustry but most of the industry use
shell and tube type heat exchanger system. It stensf parallel tubes enclosed in a shell. One of
the fluid flows in the tubes and the other flowsidie the shell around the tube. These heat

exchangers are very flexible and adaptable, carratpeover full range of pressures and

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Conventional Controllers 5

temperatures encountered in chemical plants. Tlae harger ratios of heat transfer surface to

volume than double-pipe heat exchangers, and tregasy to manufacture in a large variety of

sizes and configurations. They can operate at pigissures, and their construction facilitates

disassembly for periodic maintenance and cleanigshell-and-tube heat exchanger is an

extension of the double-pipe configuration. Inste&d single pipe within a larger pipe, a shell-

and-tube heat exchanger consists of a bundle ekpop tubes enclosed within a cylindrical shell.
In shell and tube heat exchanger one fluid flowsugh the tubes, and a second fluid flows

within the space between the tubes and the shaB]2

1

\ - p\ Shell

Tube Bundle

Gasket

Head
Tube

Figure 2.1: Schematic diagram of shell and tube &eechanger system

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System
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Figure 2.2: Mechanical diagram of shell and tubat legchanger system

Figure 2.1 shows the parts of shell and tube hedtamger system and figure 2.2 shows the

detail mechanical diagram of shell and tube heahaxger system.

2.2

Construction of Shell and Tube Heat Exchanger

This section describes the different materials anmdensions of shell and tube heat

exchanger system [2.26].

SIl. No Parts

Shell material

Outer dimension of shell
Inner dimension of shell

Tube bundle

Number of tubes

Tube material

Inner dimension of tubes

Outer dimension of tubes

© 00 N O O A W N P

Flange material

Dimensions
PVC
0.166m
0.16m
0.12m
18 net
Aluminum
10mm
12 mm

Acrylate

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature

Control of Shell and Tube Heat Exchanger System



Conventional Controllers 7

10 Flange thickness 20mm
11 Gasket width 0.3cm
12 Pitch Triangular

2.3 Application of Heat Exchanger

Shell-and-tube heat exchangers find widespreadnusafrigeration, power generation, heating
and air conditioning, chemical processes, manufexgguand medical applications.
24 Literature Review

Y. S. N. Malleswararao et.al, developed a modedregfce non linear controller with PID
control action for heat exchanger system. The megaontroller is efficient from other controllers
and is robust to modelling errors and disturbarfizey.

Rajiv Mukherjee in his research paper gave a basmrview of shell and tube heat
exchanger system: components, classificationstaild¢2.6].

G P Liu et.al, presented three kind of optimal tgnof PID controller design. These types
are time domain optimal tuning PID control, freqgagrdomain optimal tuning PID control and
multi objective optimal tuning PID control. Theseeaapplied to three industrial systems, a
hydraulic position control system, a rotary hydmauspeed control system and a gasifier,
respectively [2.10].

K J Astrom et.al, in his paper presented the sthtbe art of PID control and reflects on its
future. Particular issues discussed include smatifins, stability, design, applications, and
performance of PID control. The paper ends withsaussion of alternatives to PID and its future
[2.12].

G K | Mann et.al, analyzed different time domairséd design and analysis of PID tuning
for FOPTD process. The proposed PID tuning ruleaisable of handling actuator saturation and
can handle process and controller non linearignreffective manner [2.13].

Clark K Colton et.al, developed a remote controleat exchanger system for laboratory
application. All other inlet and outlet temperatiege monitored. Monitoring and control is carried
out with a web server using LabVIEW. Data is puid to web-accessible LabVIEW graphical
user interfaces or via a Data Socket Server tova2)J&UI. A Microsoft SQL database is used for
registering, authentication, and scheduling (ASA.N&Nd for collaboration management software,

which provides for chat capabilities and abilitygass local control between team members who

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Conventional Controllers 8

are collaborating on carrying out the experimentrfrtheir own computers in different locations
[2.18].

Kiam heong Ang et.al, has given a complete overvwéwnodern tuning methods of PID
controller, different patents in PID controllerspnemercial hardware modules and software
packages of PID controller available in market. sTipmaper also reviews the contemporary
intelligent PID controllers and reviews the futi®@t® controller like plug and play PID controller
[2.20].

Fernando G Martins has proposed a PID contralieing method based on ITAE criteria.
ITAE is a performance criteria which should be mmized for a better control action but the
computation of ITAE is a difficult task [2.21].

Wen Tan et.al has compared the performance of seeticknown PID controllers. He has
taken two criteria for the comparison and those disturbance rejection and system robustness
[2.22].

S A Mandavgane et.al, applied ANN architecture todet the shell and tube heat
exchanger system. In this research paper ANN id fmeestimation of exit temperature of both
fluids as a function of inlet temperature conditard flow rates [2.26].

S Haugwitz et.al, in his research paper developedmalinear model of open plate reactor
developed by Alfa Laval AB. In his research papermdeveloped the control strategies for the heat
exchanger system and experimentally verified thetrod strategy. He used a model predictive

controller with extended Kalman filter [2.30].

Orlando Duran et.al, in his research paper propaseedst model of cost estimating of shell
and tube heat exchanger system using ANN. The peapoANN test model reduces the

uncertainties related to cost estimation of shadl tube heat exchanger system [2.33].

M. Thirumarimurugan et.al, experimentally investeghheat transfer study on a solvent and
solution with a 1-1 shell and tube heat exchangke experimental findings were compared with
the mathematical model of the system [2.34].

S Dudzik in his research paper proposed a new metbo calculation of heat power
consumption in a heat exchanger. The method isdbasethe analysis of phenomena occurring
between the heat exchanger and the ambient. Aficiattineural network, trained with data
obtained from infrared thermography measurementsused to calculate the heat power
consumption in steady state [2.37].

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System
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Vikas Gupta et.al, in there paper explain a mettowdhe design and implementation of
multiplier-less digital PID controller based on FR@evice. It is more compact, power efficient
and provides high speed capabilities as comparsdftvare based PID controllers. The proposed
method is based on Distributed Arithmetic (DA) aretture [2.39].

M. Thirumarimurugan studied the performance otelgpe heat exchanger with miscible
and immiscible systems. The experimental studieslwed in the determination of outlet
temperature of both cold and hot fluid for varidlesv rates. The experimental data were used to
develop neural networks using general regressionah@etwork (GRNN) model. These networks
were tested with a set of testing data and thersithalated results were compared with the actual
results of the testing data and found that the exygatal data are very close to the simulated data.
[2.40].

2.5 Mathematical Modelling

Many of the engineering devices like turbines, coempors, pumps, nozzles and heat

exchangers operate at steady state condition. dsssimed that the mass flows into the control

volume at a constant rate and leaves the contiom at the same rate. Therefore, there is no

accumulation of mass inside the control volume.sTH =M, =M

d dm
So,— | pdvV =—=0 1
i j pdv =— (1)
The state of the matter at the inlet, exit andrgt given point inside the control volume does not
: . dE
change with respect to time. Theref V=—:=0 2
g p oiej pev = 2)

The rate of energy transfer as heatind work across the control surfageis constant.

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System
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iy h,

Hot Fluid Inflow

— -«
- m;hy
M., Cold Fluid inflow
Cold Fluid Outflow |
Hot Fluid Out flow mZehze
\j

Figure 2.3: Inputs and outputs of heat exchangstesy

Figure 2.3 shows the working of a simple heat ergka system. The governing equation can be
modified for multiple inputs and multiple outputs a

Zm(he”—}gze]—Zm(h+V—i22+gz]=q'—v'vs ©

No shaft work is done and energy losses are néggdigChange in potential energy and kinetic
energy is also neglected.

2mh =2 mh (4)
= mh, +myh, =mh, +m,h, (5)
M, =y =, (6)
My, = M, =i, (7)

m, and m, are the mass flow rates of cold fluid and hot fluebpectively.

Here, the heat exchanger system, actuator, vavsos are mathematically modelled using

the available experimental data. The experimentatess data is summarized below [2.31].

Exchanger response to the steam flow gain 50°Glgky/
Time constants 30 sec

Exchanger response to variation of process flud fjain 1°Cl/(kg/sec)
Exchanger response to variation of process tempergain 3°C/°C

Control valve capacity 1.6 kg/sec of steam
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Time constant of control valve 3 sec
The range of temperature sensor 50°C to150°C
Time constant of temperature sensor 10 sec

From the above experimental data the transfer immechodel of the system is derived. The transfer

functions of different component of the transfendtion model are summarized below.

50e®
Transfer function of process 30s+1
Gain of valve 0.13
0.13
Transfer function of valve 3s+1
Gain of current to pressure converter 0.75
Transfer function of disturbance variables (flovddemperature 1 3
disturbances respectively) 30s+1'30s+1
0.16
Transfer function of temperature sensor 10s+1

Figure 2.4 shows the block diagram of feedback robrarchitecture of a general system. The
controller gives the controlling action to the firontrol element via the actuator. The sensor

senses the output and gives feedback to the clantrol
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Set point

mA

(T)

Input Temp.

N1(s)

e

N2(s)

Input temperature
disturbance

(Qu) InputFlow T/ 0F Input flow
disturbance
psig kg/min
+
Controller Actuator | Valve —»|  Process — >
Y(s)
Sensor <
mA

Figure 2.4: Block diagram for feedback control ebhexchanger system

Figure 2.5 shows the transfer function model ef fdedback control of shell and tube heat

exchanger system. The transfer functions are diriirg@m the experimental data. In this transfer

function model Kis the critical gain implemented in the forwardipaf the system.

—»{ 0.16

R(s)

Figure 2.5: Transfer function model of heat exclergystem

T 3
i P
30s+1
Qm —p 1
30s+1
+
Koy 9 0.75 0.13 . 50e —
3s+1 30s+1 Y(s)
016
|-t
10s+1
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LInit step response of the system with different values of KK

Cutput --=

0z | 1 1 i 1 | ] I
a a0 100 150 200 250 300 350 400 450
Time[Sec] --=
Figure 2.6: Unit step response of the processffarent values of gain
Figure 2.6 shows the unit step response of thesyat the values of K equal to 5, 6 and 7.

2.6 Control of Shell and Tube Heat Exchange®ystem

Different assumptions have been considévedevelop the control architecture of the shell
and tube heat exchanger system. The first assumigtibat the inflow and the outflow rate of fluid
are same, so that the fluid level is maintainedstamt in the heat exchanger. The second
assumption is the heat storage capacity of thdatisg wall is negligible. In this feedback process
control loop, the controller is reverse acting, tadve used is of air to open (fail-close) type. A
thermocouple is used as the sensing element, whiahplemented in the feedback path of the
control architecture. The temperature of the outgdluid is measured by the thermocouple and
the output of the thermocouple (voltage) is senthtransmitter unit, which eventually converts
the temperature output to a standardized signghénrange of 4-20 mA. This output of the
transmitter unit is given to the controller unit. this heat exchanger system a PID controller has
been taken as the controlling unit. The PID cofgramplements the control algorithm, compares
the output with the set point and then gives nesgssommand to the final control element via the

actuator unit. The actuator unit is a current espure converter and the final control unit is ian a
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to open (fail-close) valve. The actuator unit tattes controller output in the range of 4-20 mA and
converts it into a standardized pressure unitjn.¢he range of 3-15 psig. The valve actuates

according to the controller decisions.
2.7 Feedback Control

Feedback control is a control mechanighich regulates the controlled variable by taking
negative feedback from the output and taking regufaaction through the controller and changing

the manipulating variable accordingly.

Tr DregC +
Er
420 ma,
Current to Pr PID +
Cotrrerter Cotitroller -
I
-
| .
3-15 psig
Temperature
Sensor
Steam Tnput Kg/Zec Steamn )
Process Flhad Q .
Ctlet Fluid
T; DegC Putry MRV
ie8 3 T, Degl

Shell and tube heat exchanger
Figure 2.7: Feedback control scheme for shell abd heat exchanger system

Figure 2.7 shows the feedback control seh@an shell and tube heat exchanger system. PID
controller is used as the controlling element toted the outlet temperature of shell and tube heat
exchanger.

2.7.1 PID Controller

The mnemonic PID refers to the first letters of tla@nes of the individual terms that make
up the standard three-term controller. These & Ehe proportional term, | for the integral term
and D for the derivative term in the controllerr@&&-term or PID controllers are probably the most
widely used industrial controller. Even complexusttial control systems may comprise a control

network whose main control building block is a Ri@ntrol module. The three-term PID controller
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has had a long history of use and has survived¢hhages of technology from the analog era into
the digital computer control system age quite &attsrily. It was the first (only) controller to be

mass produced for the high-volume market that edist the process industries.

Ideal PID controller in continuous time is given ag) = K (e(t)+ je(t)dt+rd dzgt)j (8)

TI 0
In eq(8), e(t) is the error signal, u(t) is the rolter output, kK is the controller gair; andty are
integral gain and derivative gain respectively.Bgépresents the Laplace domain representation

of ideal PID controller.

u(s rr,s+rs+1
PID(S) ( ) c e (9)
&(s) 7S
The equation for real PID controller is represerasd,,, (s) = LIO K. rs+l)ir,stl (10)
e(s) rs )| 1+r,s
Hererts represents the filter parameter. Eq(10) can beittewras
u(s) _ rs+1) rys+l
S ' 11
(9= =k 122 et an

By substitutingr, =ar, . Herea is the filter coefficient

2.7.1.1Anti Reset Windup Protection
Figure 2.8 shows the parallel form of PID contmolle this parallel form three terms like

proportional, integral and derivative are addeddnerate the PID action.

Kp

error

[ Ki

Figure 2.8: Parallel form of PID controller
But the ideal form of PID controller lacks the daln to some practical problems

encountered in industrial process. So differentificadions of this parallel form are suggested and
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employed. Two of the major modifications are aesat windup and derivative kick. Figure 2.9
shows the block diagram of anti reset windup of Bddtroller.

error Sat(Umax,Umin)

\' u

saturat -

J
]
b

|

S Baw

Figure 2.9: Anti reset windup scheme of paralleif@f PID controller
In many real life applications output of the actwatan saturate because the dynamic range
of the real actuator is limited. The final contedément saturates when it is open or closed to the
maximum limit. When the actuator saturates the robratction stops. At this moment if the error
signal is applied, then it results in very high ot and poor transient response. So anti reset

windup structure is implemented in PID controller.
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Add 2
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+ 1
—r@—w gl
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+ - —_—
I e I 1)
- Add 1 Kp Saturation
1
»Td du/dt
0.52+1
Filter Td Derivative

Figure 2.10: Anti reset windup scheme in Simulink

Figure 2.10 shows the Simulink representation dfi asset windup scheme in PID
controller. For v in saturation zone the controlleutput is limited at Max Or Unin. The
corresponding plant error will also be fixed if thiant is open loop stable. Also, the anti windup
feedback loop is now switched ony{a1). Its effect is to replace the integrator comgrat with
one with a stable first order transfer function.ndlip action is therefore halted so that the
controller output remains at or near either saiomdimit. The loop is deactivated when the system
exits saturation; thens@=0 so that integrator action will resume using ld& integrator output

(under saturation) as the initial condition.

\" Uax 2V 2 U

sat (V’ umax’umin) = uma>< v>u max (12)
umin v< umin
Asw= 0 (anti windup OFF)
= 1 (anti windup ON) (13)
Gain parameter 4, > 0 (14)

2.7.1.2Derivative Kick
In real life control applications, when there istap change in set point, then the derivative

action increases many fold.

u(t) =K, [e(t) +?1_je(t)dt 7, %} (15)
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Eqg (15) shows the ideal PID controller. Where ersaepresented by eq(16).

e(t) = Yo () — y(b) (16)

When the derivative action is implemented in esignal, following equation is obtained.
(e( )) = (y$(t>) e $10) (17)

Under normal conditions when there is no step chamget point, we can write eq(18) as

d d

—(e(t)) =—-—(y(t 18

(&) =5 (v) (18)

So eq(15) can be rewritten as

u(t) = K (e(t)+ j etydt -7, dﬁf)j (19)

EQq(19) can be used to eliminate derivative kickfiBID controller.
2.7.2 Discrete PID Controller
This section describes the discrete PID controlesample time t and index k is used to

represent the continuous time signal at discrete lst

|IO

u(k) =u, + K, [e(k)+—2e(|)+ (e(k) —e(k - 1))} (20)

Eq (12) is the position form of discrete PID cofiao The velocity form of discrete PID controller
can be found out by subtracting position form aps-1 from that at step k.

u(k) =u, + K, [e(k)+—(e(0)+e(1)+————+e(k D+ek))+ (e(k) ek-1) (21)

Eq (21) is the extended form of eq (20)

u(k) =u, +K, KH at
T

2’ ]e(k)+—e(k 1)- e(k 1)} (22)
Substituting k as k-1 in the position form we ggt(20)

u(k-1)=u, +K, {e(k 1)+—Ze()+K(e(k D-ek- 2))} (23)

|I0

Eq (23) can be extended and written as follows
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uk-1)=u, +K, e(k—1)+%(e(0)+e(1)+————+e4<— 2rek- 1)+%(e k- 1rek- 2)}
(24)
ukk-1)=u, +K, (1+%+de k- 1)——e(k 2)} (25)

u(k)—u(k—l):u0+KcH1+%+2d] (k)+—e(k 1)—Td ek- 1)}—u —KH1+%+2) k- 1)——e(< 2%

(26)

u(k) -u(k-1) =K, (1+%+T je(k)+[ Tt— % % ’_d] k- 1)+—e¢< 2)} 27)

u(k) —u(k-1) = K, (1+%+21Je(k)+(—1—2”j k- D+ ek 2)} (28)

Eq (28) is known as velocity form of discrete PIDhtoller. The major advantage of velocity form
of PID controller is that it is naturally anti resendup.
2.7.2.1 Digital PID Controller

The velocity form of PID controller can be re weittas follows

u(k) —u(k -1) =bek)+bek -1)+bek - 2) (29)
Here
- AL
NEYRENA -
- 27
b =-K, (1+ At j (31)
—[ Ky
b, =[ e 32
Representing eq(29) in z domain, we get
(1-27)u@) = (b, +hz " +b,z ?)e(2) (33)
- u(2) :(bo i bllz_ lzflbzz_zje(z) (34)

u(z) _b +bz*+b,z?
o2 1-z*

(35)
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u(z) _bz?+bz+b,z
o2 -z

(36)

Eq (36) is the digital representation of PID coléro The values of coefficient are shown in eq
(30), (31) and (32) respectively.
2.7.3 Tuning of PID Controller

Closed loop oscillation based PID tuning methodaigpopular method of tuning PID
controller. In this kind of tuning method, a cralagain K, is induced in the forward path of the
control system. The high value of the gain takesdisstem to the verge of instability. It creates
oscillation and from the oscillations, the valudrefjuency and time are calculated. Table 2.1 gives
different experimental tuning rules based on cldseg oscillation method.

Table 2.1: Different closed loop oscillation basexing methods

Type of tuning methods| K T Tq
Zeigler-Nichols 0.6K, 0.5T 0.125T
Tyreus-Luyben 0.45K | 2.2T 0.15T

2.7.4 Analog PID Controller Using Operational Ampifier
Simple operational amplifiers can be used to iglet different controlling action of a
PID controller. This section gives a detail ovewief analog PID controller using op-amp.

The values of PID controller gains can be foundlpufollowing equation (37), (38) and (39).

_R
Ko =% 37
p R_ ( )
1
Ki _ﬁ (38)
Ks =RiCq (39)

Kp, Kiand Ky denotes the proportional gain, integral gain agrivdtive gain respectively.
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Figure 2.11: Op-amp. based realization of parétieh of PID controller
Figure 2.11 shows the analog form of PID controliissigned using IC-741 op-amp.

Proportional action, integral action, derivativéi@c can be implemented using op-amp.

| | |

| | T
I | |

| | I | |

L | | | | |
2ol | ; | | ¢
| | | + ! |

| i | | | |

| | | | | |

i | | ! | !

Ti e

Figure 2.12: Input error signal

Figure 2.12 shows the error waveform taken foreeduation of PID controller. A pulse wave

with 50% duty cycle is considered as the erroralign
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Figure 2.13: Output of proportional term
Figure 2.13 shows the error curve and output opgribonal term of the PID controller. The green
curve is the error curve while the red curve is ginaph for proportional term. Because of the

inverting nature of the operational amplifier, tngtput of proportional controller is inverted from

the error signal.

Figure 2.14: Output of derivative term
Figure 2.14 shows the error curve and the derigativve. The green pulse signal is the error

signal and the red curve shows the derivative term.
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Figure 2.15: Output of PID controller
Figure 2.15 shows the output of the summer cirauid figure 2.16 shows graph for error signal,

proportional term, integral term, derivative terndagraph of the summer circuit.
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Figure 2.16: Output of all the inputs and outpui® of PID controller
This figure shows all the signals, like error sigmpaoportional output signal, derivative output
signal and summer output signals.
2.7.5 PID Controller in Shell and Tube Heat Exchager System
The characteristic equation ({)&8(s) =0) in this case is obtained as below.

9005+420$+43s+0.798K,+1=0 (40)
Applying Routh stability criterion in eq. (40) gisd., as 23.8.
Auxiliary equation 4205-0.798K.+1=0 (41)

Substituting s=p in eq. (41)»=0.218 and T=28.79
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For the PID controller the values of parametersg, K tq) obtained using closed loop
oscillation based tuning methods like Zeigler-Nishmethod and Tyreus- Luyben methods are
summarized in table 2.2.

Table 2.2: PID parameters using different tuninghods

Tuning Methods K Ti T4
Zeigler-Nichols 14.28 14.395 3.59
Tyreus — Luyben 10.71 63.33 4.31

In this case study we have taken the parametemsdtwsing Zeigler-Nichols method.
Usually, initial design values of PID controller talmed by all means needs to be adjusted
repeatedly through computer simulations until tlesed loop system performs or compromises as
desired. This stimulates the development of “ildelt” tools that can assist the engineers to
achieve the best overall PID control for entirerapiag envelops. Figure 2.17 shows the Simulink
model of feedback control of shell and tube heatharger system. The feedback control is
achieved using PID controller. A relay block iscaidtached in parallel to the PID controller, which
acts like an auto tuner. The PID controller and thlay blocks are connected using a manual
switch. The operator can manually change the svit@ither PID controller or the auto tuner.

Multiply 1 SE
Math uluply Integrator 3 ITSE

Function 1
»
% H =
n Multiply Integrator 2 TAE
D

Abs 1
et !
~ s - 0.3665
Clock ToWorkspace 1 Step

Math Integrator 1 ISE

Function

| A 4.755
s

Abs Integrator 1AE

» ]
gl

Relay

Controller o fp

0.00975

3s+1
Add 1 FID Contraller Valve

A

SSSSS

Figure 2.17: Simulink representation of feedbaadkticler of shell and tube heat exchanger system
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Figure 2.18 shows the unit step response of feédbawtrol of shell and tube heat exchanger

system. Figure 2.19 shows the controller output praotess output when the relay block is
activated using the manual switch.

LInit step response of shell and tube heat exchanger system with PID controller
1.4

il | N (A ........ ......... ......... ......... ......... ......... ......... ..........

0.8
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Cutput--=

o4 H- ......... ......... .......... ......... .......... ........ i

02 H. ......... ......... ......... ......... ......... ......... ......... ..........

03 i ] ] i ] i ] ]
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Time[Sec]-»

Figure 2.18: Unit step response of shell and tuds Bxchanger system with PID controller
The step response analysis shows a very high awvarsin the range of 38% which is completely
unacceptable in a process plant. To further redoeevershoot and settling time a feed forward
plus feedback controller is designed in section 2.8

2.7.6 Relay Based Auto Tuning of PID Controller

Most of the process control systems have an au @ption. The operator can simply push
the auto tune button and have the controller tumet$elf. Auto tuning means determining the
values of tuning parameters of the controller aatiieally. There are many methods of auto tuning.
Some methods employ simple relay blocks where beramnethods employ sophisticated soft
computing techniques or hybrid soft computing teghes.

The most common method of auto tune method isdoeph relay block in parallel to the
controller block. The relay block acts as an ON-@BRtroller. The resulting oscillatory behaviour

of the controller and process is further analyseddtermine the proper controller setting. Figure
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2.19 shows the oscillatory behaviour of controiad process when the operator manually switches

the relay block.

Qutput of process when in autotune mode
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Figure 2.19: Unit step response of process andatertwhen PID controller in auto tune mode
When the auto-tune function is required, then tlawmal switch is set to the relay block.
The relay block represents a nonlinear behaviauradto-tune mode, the closed loop system
oscillates and the manipulated variable action N-@FF. From the auto-tune mode, two
parameters are obtained. These parameters araidtgain and ultimate frequency.

_4h

@ (42)
ma

Ultimate gain K

Ultimate frequency == (43)

Here, P is the period between the successive peaks,the amplitude of process output and
h is the height of controller output

The behavior obtained from auto tuning mode is \&myilar to the behavior obtained from
Zeigler- Nichols closed loop cycling method.

If an ideal relay is implemented there can be moldl if there is process noise. To handle

the process noise in relay based auto tuning afr@iber a dead band with a magnitudés added
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to the relay switch. The magnitude of the dead harngklected to be at least twice or thrice the
standard deviation of the process noise.
2.7.7 Root Locus Technique

Root locus technique is used to locate the rootshafacteristic equation in a graphical
manner in s-plane. This method indicates the mainnghich the open loop poles and zeros should
be modified such that the response meets the systeisrmance specifications.

Root locus of the system with controller Root locus of the system without controller
S0 T
- 4|:| -
g 30 : g
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Figure 2.20: Root locus of the shell and tube le&ahanger system with and without controller

Figure 2.20 shows the root locus of the shell anzktheat exchanger system with and without
controller. It investigates the effects of variatiof system parameters on location of closed loop

poles.

2.8 Feedback plus Feed Forward Controller

There can be two types of disturbancehisprocess, one is the flow variation of indutd
and the second is the temperature variation oftifipial. But in practice the flow variation of inpu

fluid is a more prominent disturbance than the teragre variation in input fluid.

The input fluid flow disturbance introduces errorthe system performance. In several systems
the disturbance can be predicted and its effectbmaeliminated with the help of feed forward

controller before it can change the output of tlgstem. In the previous section a feedback
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controller was designed to control the outlet terapge. But due to high overshoot and high
settling time the controller’'s performance is pobe.improve the control a feed forward controller
is designed in this section. The control actiorfegidback and feed forward controller is summed
up to give a combined control signal. The combirseshtrol signal improves the controller
performance. Figure 2.21 shows the control schemndhie combined controller. In this control
scheme the main disturbance (volume change in iihypdtflow) is measured and controlled using
a feed forward controller. For this reason an ceifiplate along with a differential pressure
transmitter is used to measure the input fluid fl@we output of the DPT is given to the feed-
forward controller. The control action of feedbakd feed forward controller is summed up and
provided to the valve via the actuator.

+ +
Feed-forward———— - # Tr DegC
Controller

Kr
y
+
Current to Pr. Feedback PID
Converter Controller

‘ _

\
-
| 3-15 psig

Temperature
DPT 4>| i Sensor

Kg/Sec Steam

Steam Input ]
— ﬁ@fl > >
Process fluid Ti DegC
Pump NRV Orifice Plate Outlet Fluid
To DegC

Shell and tube heat exchanger
Figure 2.21: Feed-forward plus feedback controkseh of shell and tube heat exchanger system

The flow through the orifice is represented by €9 (4

VO — Co ch(F;._P2)
J1-3° P

Here, ¢ is average velocity through the orifigé,is the ratio of orifice to pipe diametery 3

(44)

orifice coefficient. The value of orifice coefficieis 0.61, Pand B are upstream and down stream

pressure, gis Newton’s law of gravitational constant gng the fluid density
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2
The volumetric flow is represented Iby=v, '050 (45)

Substituting the value ofp\iin eq (45)

F:ng Co ch(Pl_PZ)

(46)
4 J1-p* P
F=C.R-P, (47)
D C 2
1=p 0 0 gc (48)

4 J1-p*\ p
In feedback control scheme the sensor is usedtéztdine process output and gives the error to
the controller which in turn takes appropriate colting action. But till the controlling action
reaches the process, the output has been changegdAorward control estimates the error and
changes the manipulating variable before the distwce can affect the output. Figure 2.22 shows
the control scheme of feedback and feed forwardrotber.

Qm

1

-18s*-6.6s—- 0.2
275 +30.%+ 1

30s+1
Feed Forward Controller
+
; . 0.13 50e° |+
—» 0.16 PID 0.75 [ —
R(s) _ 3s+1 30s+1 Y(s)
Set Point I-P Converter valve Process
016 | _
10s+1

Sensor
Figure 2.22: Feed-forward plus feedback controtbldiagram of shell and tube heat exchanger
system
Gy(s) shows the transfer function of the process @g{d) shows the transfer function of the flow

disturbances.

5e° 1
G (s )=——— andG,(s) =———
() 905’ + 3%+ 1 (9 30s+1
The transfer function of the feed-forward controle G, (s) = _Cfd((j) (49)
S
P
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-18s* - 6.66— 0.2
G,(s)=

(9 278° +30.%+ 1

Here, A\’ is the filter parameter, whose range is from Q.tdt has been used to make the

(50)

transfer function semi proper. The controller tfangunction neglects the effects of process delay.
Here the value of = 0.9. In this case, there is no time delay betwé&e unit step input and unit

step disturbance.
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Figure 2.23: Simulink representation of feedbaclsgeedforward controller of shell and tube heat

exchanger system (No time delay between step mpaistep disturbance)

Figure 2.23 shows the Simulink representation efllmck and feedforward control of shell
and tube heat exchanger system. Figure 2.24 shwavarit step response of feedback plus feed
forward controller. In this case there is no timglag between unit step input and unit step
disturbance. The designed feedback plus feed fara@ntroller shows 30% overshoot which is an
improvement from the feedback controller. The feakcontroller showed 38% overshoot and the

feedback plus feed forward controller reduced tershoot to 30%.
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Figure 2.24: Unit step response of shell and tuds Bxchanger system with feed forward
controller, (No delay between step input and steggnge in disturbance)
5e° le®
G () =—————— andG,(s) =
()= S0+ 33+ 1 (= 30s71
. _—Gy(9)
The transfer function of the feed-forward controle G (s) _G—() (51)
S
p
-18s* - 6.66— 0.2
G, (s) = (52)

1352+ 150.8+ 1

Here, A\’ is the filter parameter, whose range is from QLtdt has been used to make the

transfer function semi proper. The controller tfangunction neglects the effects of process delay.

Here the value df =

step disturbance.

0.9. In this case there is a unit time delayveen the unit step input and unit
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Figure 2.25: Feedback plus feed forward contrahall and tube heat exchanger (With unit time

delay between unit step input and unit step distuck)

Figure 2.25 shows the control scheme of feedbagk feled forward control of shell and tube heat

exchanger system. In this case we have considetatt @elay between unit step input and unit

step change in disturbance.
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Figure 2.26: Simulink representation of feedbaclsgeed forward control of shell and tube heat

exchanger system
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Unit step response of FB+FF controller: Unit time delay between input and disturbance
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Figure 2.27: Unit step response of feedback pled ferward controller of shell and tube heat
exchanger system (With unit time delay between step input and unit step disturbance)
Figure 2.26 shows the Simulink representation etifack plus feed forward controller of
shell and tube heat exchanger system. Figure h@Wssthe step response of feedback plus feed
forward controller with a unit time delay betweenitustep input and unit step change in
disturbance.
2.9 Internal Model Controller
Internal model controller is that it provides angparent framework for control system
design and tuning. The structure of internal manteitroller is shown in figure 2.28. The main
feature of internal model controller is that thegass model is in parallel with the actual process.
The transfer function of the process is shown i1(58].

5 e— STd

_— 53
90s* + 3%+ 1 (®3)

G,(s) =
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p| Set + Us)
Point ’@ > Q(s) Gp (9
R(s) - + Y(s)
IMC Process
_ +
G, (9 [
Process Model Y(S)

H(s) -

Y(9)-Y(9)
Figure 2.28: Control scheme of internal model aaintr

The process consists of a time delay in the forne™6f. Pade’s approximation for time delay can
be used for process with time delays. The firseoRade’s approximation is described as
a s+l
e _TZ— (54)
2s+1
2

A second order Pade’s approximation is described as

—Ls —Ls+1
e’ = T12 T2 (55)
O+ Ss+1
12 2
Implementing first order Pade’s approximation imgess the process transfer function can be re
written as
G.(9 = 5 (—O.Es+ 1) (56)
(30s+1)(3+ 1)\ 0.5+ 1

The step response for Pade’s first order approximats shown in figure 2.28. Implementing

second order Pade’s approximation in process theeps transfer function can be re written as

6,(9= 5 l)(—o.oszsz— 0.5+ ﬂ (57)

(30s+ 1)(Z+ 0.088°+ 0&+

The step response for Pade’s second order apprbaimsa shown in figure 2.29.
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Figure 2.29: Pade’s™order and %' order response

The process moder(s) is factored in to two parts. That is invertiblertpép+(s) and non

invertible partép_(s) elements. The non invertible part consists of Ri¢Rbs and time delays.
This factorization is performed so as to make #@seiiting internal model controller stable.

G,()=G,_(5)G,. () (58)

_ 2 _
6,9 5(-0.083% - 0.5+ 1)

T (30s+1)(3+ 1)(0.08% + 05+ 1 (59)

The internal model controller can be designed kintathe inverse of process model along with

the filter transfer function. The transfer functi@presentation of internal model controller is
Q(9) =G, (9) f (3) (60)

_ (30s+1)(F+ 1 0.088°+ 08+ )1
- 5(As+1)

Q(s) (61)

The process shows an over damped response, sordpogafficient; > 1.

The process transfer function can be factored as
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90s’ + 3%+ 1=(7,5+ (7,5+ ] (62)

Time constant expressions are obtained as

r,=———— andr,=——— (63)

RN £+E-1
In practicel is taken as one third of one fifth of the time stamt. So, the values afare obtained

as 11.4 and 17. Substituting the values a$ 11.4 in eq(61) we get
1.494'+ 603°+ 235966+ 65+ 0.2

S)= 64
Q) 16889.8" + 5926.15°+ 779.%86+ 456 (64)
Substituting the values @fas 17 in eq(61) we get

1.494" + 603°+ 235966+ 6S# O
Q(s) = (65)

8352%k'+ 19658+ 173+ 68 1
The transfer function of internal model controllemdted by Q(s) for different values of the filter

parameter is shown in eq (64) and eq (65).
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90 57 +33 541
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Figure 2.30: Simulink representation of IMC in dlald tube heat exchanger system
Figure 2.30 shows the Simulink representation tdrimal model based controller for shell and tube

heat exchanger system.
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Figure 2.31: Unit step response of shell and twds Bxchanger system with IMC with different

filter parameters

Figure 2.31 shows the unit step response of intenoalel based controller in shell and tube heat
exchanger system with different values of filtergmaeter. As the graph shows the maximum
overshoot is nearly 1%. In the previous sectionhawe designed feedback and feedback plus feed
forward controller for temperature control of shefid tube heat exchanger system. The feedback
controller shows 38% overshoot while feedback fasl forward controller shows 30% overshoot.
The designed internal model controller is very maftflctive because it shows very low overshoot

and has only one tuning parameter which is therfparameter.
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Chapter

Fuzzy Based Feedback Controller

Fuzzy logic is a form of logic that is the extemsiof boolean logic, which incorporates
partial values of truth. Instead of sentences b&tognpletely true" or "completely false,” they are
assigned a value that represents their degreautbf. in fuzzy systems, values are indicated by a
number (called a truth value) in the range frono @ twhere 0.0 represents absolute false and 1.0
represents absolute truth. Fuzzification is theeg&ization of any theory from discrete to
continuous. Fuzzy logic is important to artificiatelligence because they allow computers to
answer ‘to a certain degree’ as opposed to in atrerae or the other. In this sense, computers are
allowed to think more 'human-like' since almosthirag in our perception is extreme, but is true
only to a certain degree. Through fuzzy logic, miaes can think in degrees, solve problems when
there is no simple mathematical model. It solvesblems for highly nonlinear processes and uses
expert knowledge to make decisions.

3.1 Fuzzy Logic Controller

The fuzzy logic controller provides an algorithmhigeh converts the expert knowledge into an
automatic control strategy. Fuzzy logic is capabfehandling approximate information in a
systematic way and therefore it is suited for aaltitrg non linear systems and is used for modeling
complex systems, where an inexact model existsystesis where ambiguity or vagueness is
common. The fuzzy control systems are rule-basstgBsys in which a set of fuzzy rules represent a
control decision mechanism for adjusting the effemft certain system stimuli. With an effective
rule base, the fuzzy control systems can replaallad human operator. The rule base reflects the
human expert knowledge, expressed as linguisticamas, while the membership functions
represent expert interpretation of those variables.
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Figure 3.1: Block diagram of fuzzy control system

Figure 3.1 shows the block diagram offuzontrol system. The crisp inputs are supplied to
the input side Fuzzification unit. The Fuzzificationit converts the crisp input in to fuzzy vargbl
The fuzzy variables are then passed through theyfude base. The fuzzy rule base computes the
input according to the rules and gives the oufphe output is then passed through de-fuzzification

unit where the fuzzy output is converted to crigfpat.
3.2 Hybrid Fuzzy-PID Controller

Although it is possible to design a fuzzy logic eypf PID controller by a simple
modification of the conventional ones, via insagtsbme meaningful fuzzy logic IF- THEN rules
into the control system, these approaches in gecenaplicate the overall design and do not come
up with new fuzzy PID controllers that capture te&sential characteristics and nature of the
conventional PID controllers. Besides, they gemgrdb not have analytic formulas to use for
control specification and stability analysis. TheZy PD, PI, and PI+D controllers to be introduced
below are natural extensions of their conventiargabions, which preserve the linear structures of
the PID controllers, with simple and conventionablgtical formulas as the final results of the
design. Thus, they can directly replace the coneeal PID controllers in any operating control
systems (plants, processes).

The main difference is that these fuzzy PID cotdrslare designed by employing fuzzy
logic control principles and techniques, to obtaaw controllers that possess analytical formulas

very similar to the conventional digital PID coriteos.
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3.3 Different Structures of Hybrid Fuzzy PID Controller
Han Xiong Li et.al, has proposedva tlimensional configuration for PID type FLC. In
this paper optimal fuzzy reasoning model for cdnti® proposed and is compared with

conventional fuzzy control [3.14].

[l

u
E —| 1is Ky
c 1
’[Ke > Fuzzy u T o
. E Reasoning u
o ¢ € K, 2 | (linear rules) P +

Ki

Figure 3.2: Architecture of fuzzy PID controller.13]

Y Zhang et.al, implemented a fuzzy Bibrid controller for temperature control of melted
aluminum in atomized furnace. In this architectilme input of fuzzy controller is error and change
in error.a is the weighing factor. The total controller outmithe summation of the output of fuzzy
controller and PID controller. The output of FuZZ\N> hybrid controller denoted by u is a
combination of the output of fuzzy controller arne toutput of PID controller, symbolized as ul
and uZ2respectively, involving a weighting calculation foumpless switch between the two
controllers. The weighting coefficient’*as a function ok can decide which controller operating
mainly according te. The fuzzy controller works mostly dis larger than set point, or else the
PID controller becomes the main controller withusnpless switch [3.17].

= >
Fuzzy Mj i
o F—»(X)—

d ec +
—e] ___ - s

dt

17
> PID 1-a

Figure 3.3: Architecture of fuzzy PID controller.13]

Seema Chopra et.al, has proposed an architectufeZpy Pl controller shown in figure
[3.18,3.22].
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Figure 3.4: Architecture of fuzzy PID controller.18,3.22]

A M F Fileti et.al, has described amwttype of architecture for hybrid fuzzy PID cortro
architecture [3.19].
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Figure 3.5: Architecture of hybrid fuzzy PID corlten [3.19]

In this architecture the controllewtput value has two components, evaluated
independently. One is the output of a Pl-fuzzy ocaldr in a velocity form. The other represents a
PD-fuzzy controller in the position form. Besidée tadvantage of using two-dimensional rule set,
instead of three-dimensional, the hybrid approatipkfies the control tuning.

Sufian Ashraf Mazhari et.al, has proposed a fuZzyIRontroller for PUMA 560 robot and
used different swarm intelligence and evolutiongaghniques to tune the fuzzy PD+l controller.
This paper also gives a comparative study of differswarm intelligence and evolutionary

algorithm based tuning methods [3.25].
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Figure 3.6: Architecture of fuzzy PID controller.23]

The scale factors are calculated as follows. Thetpuiu equation is given by

u=(se(k) +s.8(k) +sde(K))s,, (66)
u=ss,. | e(k)+2= k) +3eie(k)
e“out Se Se (67)
From the above two equations we get the valuelseofuning parameters
K, =SS (68)
7, =2 (69)
Se
1_% (70)
I. S

3.4 Tuning of Fuzzy PID Controller

Seema Chopra et.al, proposed a method fonduof fuzzy PI controller. The input scaling
factors are tuned online by gain updating factopsehvalues are determined by fuzzy rule base
[3.18].

Seema chopra et.al have proposed a neusabrietuned fuzzy controller for MIMO systems

from the given set of input and output data. Anrappate coupling tuned fuzzy controller is

incorporated to control MIMO system to compensatelie dynamics of coupling [3.20].

Performance Evaluation of Different Conventional &mtelligent Controllers for Temperature
Control of Shell and Tube Heat Exchanger System



Fuzzy Based Feedback Controll&y

3.5 Scaling Factor in Fuzzy Logic Controller

Scaling factor in a fuzzy logic controller is vargportant. Selection of suitable values for
scaling factors are made based on the knowledget #he process to be controlled and sometimes
through trial and error to achieve the best possibhtrol performance. This is so because, unlike
conventional non-fuzzy controllers to date, theseno well-defined method for good setting of
scaling factors for fuzzy logic controllers. Buttlcaling factors are the main parameters used for
tuning the fuzzy logic controller because changihg scaling factors changes the normalized
universe of discourse, the domains, and the meitnipefanctions of input /output variables of
fuzzy logic controller.
3.6 Hybrid Fuzzy Controller

This section gives a detail view of hybrid fuzzgntroller designed to control the outlet
temperature of shell and tube heat exchanger systgare 3.7 shows the parallel form of PID

controller where all the elements (proportionategral and derivative) are summed together to

=

— ] +
(t) / u(t)
—» D

Figure 3.7: Parallel form of PID controller

produce the control effect.

The conventional design of PID controller was savhat modified and a new hybrid fuzzy
PID controller was designed. Instead of summatitecea mamdani based fuzzy inference system
is implemented. The inputs to the mamdani baseryfu#erence system are error and change in
error. Figure 3.8 shows the fuzzy inference sydewreloped for hybrid fuzzy controller.
e(t)

P
Fuzzy Inference U(t)

A@(’[) System

Figure 3.8: Mamdani based fuzzy inference system

4>
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Figure 3.9 shows the structure of hybrid fuzzy éogpntroller, which keeps the general architecture
of PID controller as shown in figure 3.7 with soslght modifications. A mamdani based fuzzy

inference system is implemented in between propuatiand derivative term. The integral term is

then added to the output of fuzzy inference system.

— > Gp Fuzzy Inferencq u(t)
System + > Gu >
et)—» cd »| ddt f
—»| Gi > 1/s

Figure 3.9: Proposed structure of hybrid fuzzy calier
Gp, Gd and Gi are scaling factors for the input ehees Gu is the scaling factor for the output. In
this design the input and output scaling factoes datermined by trial and error methods and are

taken very small. Figure 3.10 shows the fuzzy mrfiee system for error and change in error.

A A A
A M A
{ A { "', .." \
. T SN
/ Vol Voo \
! VoS Vool i
] I|I

ERRO

. FINAL JERVERY

(mamdani) AR

,>< >< CONTR

CHERROR
Figure 3.10: Mamdani fuzzy inference system fozfuzontroller
The mamdani based fuzzy inference system uses Imeembership function for both inputs and
outputs. The ranges of the values are normalizddvde®m -1 to 1. Figure 3.11 shows the

membership functions for the input error.
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lot points:
EIS Variables Membership function plots P P 181
T T T T T T T T T
_ NB NM NS Zo PS PM PB
P Y
AN AVAVANR
ERROR CONTR
0.5 8
CHERROR
0 | | | | 1 1 i | ] —
1 08 06 04 02 0 02 0.4 06 0.8
input variable "ERROR"
Figure 3.11: Membership function for input-1
Figure 3.12 shows the membership function for tipii change in error.
FIS Variables | | | M?mbership Ifunc'[ion plolts Iplljt pDII‘IItS. | 181
_ NB NM NS Zo Ps PM PB
SOA AN
Ea AT
ERROR CONTR
X
0.5 H 1
CHERROR
0 1 1 1 L — 1 [ 1 1 1
048 0.6 04 02 0 02 0.4 0.8

input variable "CHERROR"
Figure 3.12: Membership function for input-2

Figure 3.13 shows the membership function for autpu
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FIS Variables Membership function plots ehb 1 181
T T T ; . . .

NB NM NS Z0 PS PM PB

\VaVa

AN

ERROR

XX

CHERROR

=

1 1 1 i 1 1 — 1 I I
-0.8 -0.6 04 02 0 02 04 0.6 0.8 1
output variable "CONTR"

Figure 3.13: Membership function for output

The linguistic variables used in the membershigfioms are described in table 3.

Table 3.1: Linguistic variables in fuzzy inferersyestem

Error e(t) Change in erraye(t) Controller output u(t)
NB | Negative Big NB| Negative Big NB Negative Big
NM | Negative Medium| NM Negative Medium| NM Negative Medium
NS | Negative Small NS| Negative Small NS Negative Small
Z0 | Zero Z0 | Zero ZO| Zero
PS | Positive Small PS  Positive Small RS PositivelSma

PM | Positive Medium PM| Positive Medium PM Positive Madi

PB | Positive Big PB | Positive Big PB Positive Big

In mamdani based fuzzy inference system IF-THENgw@re created. The IF-THEN rules

of mamdani type fuzzy inference system is summdrizeable 4.

Table 3.2: IF-THEN rules for fuzzy inference system
e(t)

u(t) NB |NM |[NS | ZO | PS | PM| PB
NB [NB |[NB | NB | NB | NM| NS | ZO
NM |[NB | NB | NB | NM | NS | ZO | PS
NS [NB |[NB | NM|NS | NS | PS| PS
Ae(t) ZO [NB |[NM [NS | zO | zO | PM| PM
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PS [NM |NS | ZO | PS| PS| PB PB
PM |NS | ZzO | PS| PM| PM PB| PB
PB |ZO0 | PS | PM| PB| PB| PB PB

The fuzzy rule base can be read as follows
IF e(t) is NB and\e(t) is NBTHEN u(t) is NB
IF e(t) is <negative big> antle(t) is <negative big¥HEN u(t) is <negative big>

Figure 3.14 shows the Simulink representation ofperature control of shell and tube heat

exchanger system with hybrid fuzzy controller.

Figure 3.14: Simulink representation of shell alokt heat exchanger system with hybrid fuzzy
controller
In chapter 2 feedback, feedback plus feed forwardroller and internal model controller
were implemented to control the outlet temperatirehell and tube heat exchanger system. But
the conventional controller showed overshoot inuh# step response which is not at all desired.

So in this chapter a hybrid fuzzy controller is Ieypented to control the outlet temperature of shell
and tube heat exchanger system.
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Lnit step response of shell and tube heat exchanger system using hybrid fuzzy controller

1 I i L i I I
| a0 100 180 200 250 300 350 400 450
Time [Sec] --=

Figure 3.15: Unit step response of shell and tuds Bxchanger system using hybrid fuzzy
controller
Figure 3.15 shows the unit step response of simelltabe heat exchanger system using hybrid

fuzzy controller. When fuzzy based hybrid contrnoike used to control the outlet temperature of
shell and tube heat exchanger system, the pealsloar becomes zero and settling time also

reduces as compared to the different conventiamatallers designed in chapter 2.

3.7 Fuzzy Based Auto Tuning of PID Controller

In section 2.7.6 a relay based auto tuning metidelD controller was discussed. In relay
based auto tuning method a relay is placed in lgattal the PID controller and both the elements
are connected with a manual switch. In this seciidnzzy based auto tuning of PID controller is
proposed where PID controller and hybrid fuzzy odlfer is placed in parallel to each other and a
manual switch or selector button is used to chamggveen PID controller and hybrid fuzzy
controller. Figure 3.16 shows the Simulink représgon of fuzzy based auto tuning of PID

controller.
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Figure 3.16: Simulink representation of fuzzy basetb tuning method of PID controller

As shown in figure 3.16 a hybrid fuzzy controllerdaa PID controller is placed in parallel
to each other and a manual selector switch is tsaghange the controller choice between PID

controller and hybrid fuzzy controller. If the setler switch is set to “-1” the hybrid fuzzy
controller is activated or else PID controller csizated.
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Chapter

GA Based Optimization of Fuzzy Rule Base

In chapter 3 a hybrid fuzzy controller is proposectontrol the outlet temperature of shell
and tube heat exchanger system. In the hybrid faemyroller a two input fuzzy inference system
was used and each inputs and output had 7 mempdusiations each. With each input having 7
membership functions, the rule base has 49 ruleis. dhapter looks in to the methods of reducing
the size of the fuzzy rule base with the help dfrojzation algorithm.

4.1 Problems in Existing Fuzzy Inference System

A fuzzy inference system consists of fuzzy if-thetes such as “If xis small and xis
small than y is large” in MAMDANI type and “If xis small and xis small than y = f(xx2)” in
SUGENO type fuzzy inference system. The problenh wiisting fuzzy rule-based systems is that
the size of the rule-base (number of rules) in@eaxponentially with the increase in the number
of fuzzy sets. This exponential increase in sizthefrule-base increases the search time and hence
the computation time and memory space required alsceases. The membership function
selection process is done with trial and error @&nduns step by step which is too long in
completing the problem.

To minimize the computation time and memory spaeguired different optimization
techniques can be implemented in fuzzy rule basesy The optimization techniques will reduce
the size of the rule base by eliminating the unessary rules and streamlining and organizing the
existing rules.

4.2 Related Works

Khaled Belarbi et.al, proposed a new method faigteng fuzzy logic controller. This
method uses network implementation of fuzzy logiatmller with real and binary weights with
constraints [4.2].

France Cheong et.al, in his research paper prepmsgenetic algorithm based method to

produce near optimal fuzzy logic controller. Thegppr utilizes parallel GA method in different size
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of rule bases. The paper compares the performdrtbe anconstrained fuzzy logic controller with
constrained fuzzy logic controller [4.3].

A A Lofti Neyestanak et.al, presented an optimizeghaped patch antenna which is
optimized by genetic algorithm and based on fuzzgision making [4.6].

Nanna Suryana Herman et.al, studies the use ofnf@Ae design of fuzzy logic controller
and shows how population size, probability of coess and rate of mutation can affect the
performance of the GA. This research develops #esyshat may help users to determine the
membership function of fuzzy logic controller usitite technique of GA optimization for the
fastest processing in completing the problems. System developed is very helpful to determine
membership function and it is clear that the GAdsy promising in improving the performance of
the fuzzy logic controller to get more accuratetider to find the optimum result [4.23].

Mahesh Kumar et.al, reviewed the concept of germégiorithm based optimization of fuzzy
inference system [4.26].

Chia Feng Jhuang et.al, proposes the design oy{uge-based systems using continuous
ant-colony optimization. Ant colony optimization tdemines the number of fuzzy rules and
optimizes all the free parameters in each fuzzg.riil uses an online-rule generation method to
determine the number of rules and identify suitalpiéal parameters for the rules and then
optimizes all the free parameters using continuan$-colony optimization. In contrast to
traditional ant colony optimization, which optimg&e the discrete domain, the RCACO optimizes
parameters in the continuous domain and can aclyr@ager learning accuracy [4.28].

R. P Prado et.al, introduces a new method forubkeyfrule evolution that forms an expert
system knowledge: the knowledge acquisition witewaarm-intelligence approach. Specifically,
this strategy is based on the use of particle swaptimization to obtain the antecedents,
consequences, and connectives of the rules [4.30].

Asif Igbal et.al, presents a two-stage approaclefidrancing accuracy of prediction results.
The first stage seeks best possible assignmenizaf/fsets of a response variable to the rules of a
fuzzy rule-base, while the second stage looks dahér improvement by adjusting shapes of the
fuzzy sets of the response variable. For accomplestt of both of the stages, simulated annealing
algorithm has been utilized and the approach has Ipeactically applied on experimental data
related to a turning process. The process hasedsul development of a rule-base Q1 that predicts

with highly acceptable levels of accuracy [4.32].
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4.3 Genetic Algorithm
Genetic algorithm introduced by Holland in 1975 @&nused for optimization of existing rule

base of fuzzy inference system. Genetic algoritlatorgys to the group of optimization methods

called as non traditional optimization methods. @i&s to imitate natural genetics and natural

selection. The main philosophy behind GA is survigh the fittest. As a result GA is used

primarily for maximization problems in optimizatiorGAs do not suffer from the basic setback of

traditional optimization methods such as gettinglstin local minima. This is because GAs work

on the principle of natural genetics, which incagies large number of randomness.

4.3.1 Advantages of Genetic Algorithm

Advantages of GA’s are given below

1.
2.
3.

Simple to understand and to implement

It solves problems with multiple solutions.

Since the genetic algorithm execution techniqueoisdependent on the error surface,
we can solve multi-dimensional, non-differentialpnacontinuous, and even non-
parametrical problems.

Is well suited for parallel computers.

5. Optimizes variables with extremely complex cosfates (they can jump out of a local

minimum).

Provides a list of optimum variables, not justragte solution.

7. Can encode the variables so that the optimizai@one with the encoded variables i.e.

it can solve every optimization problem which candescribed with the chromosome
encoding.

Works with numerically generated data, experimemiatia, or analytical functions.

Therefore, works on a wide range of problems. Faheproblem of optimization in

GAs, there are number of possible encodings. Theks@ntages are intriguing and
produce stunning results where traditional optitnmaapproaches fail miserably. Due
to various advantages as discussed above, GAssaa for a number of different

application areas.
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4.3.2 Limitations of Genetic Algorithm

In spite of its successful implementation, GA dpesses some weaknesses leading to

1.

Certain optimization problems (they are called aatrproblems) cannot be solved by means
of genetic algorithms. This occurs due to poorlgwn fitness functions which generate

bad chromosome blocks in spite of the fact thay golbd chromosome blocks cross-over.

. There is no absolute assurance that a geneticithigowill find a global optimum. It

happens very often when the populations have af Istibjects.

Genetic algorithm applications in controls whicle ggerformed in real time are limited
because of random solutions and convergence, ier atbrds this means that the entire
population is improving, but this could not be skidan individual within this population.
Therefore, it is unreasonable to use genetic dlgosd for on-line controls in real systems
without testing them first on a simulation model.

One well-known problem that can occur with a GAm®wn as premature convergence. If
an individual that is more fit than most of its qoetitors emerges early on in the course of
the run, it may reproduce so abundantly that ¥edridown the population's diversity too
soon, leading the algorithm to converge on thellopimum that that individual represents
rather than searching the fitness landscape thafpegough to find the global optimum.
One type of problem that genetic algorithms havkcdity dealing with are problems with
"deceptive” fitness functions, those where thetiooa of improved points give misleading

information about where the global optimum is lik& be found.

4.3.3 Flow chart of Genetic Algorithm

Figure 4.1 shows the flow chart of genetic algenithirst of all an initial population (parents)

is considered. Crossover operation is applied erptrents to produce offspring’s. Fitness value is

assigned in the population.
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Figure 4.1: Flow chart of genetic algorithm
Again crossover operation is applied on the fittesd chromosomes. The termination
criteria for a genetic algorithm can be epoch bawedrror based. If after repeated crossover the

error fails to converge then mutation is applietioh gives the best results.
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4.4 Operators of Genetic Algorithm
There are three basic operators of genetic algontamely

1. Reproduction

2. Crossover

3. Mutation
4.4.1 Reproduction

This operator is also called selection operatorns Tdperator decides the strings to be

selected for the next generation. This operatasitesea mating pool where above average strings
are copied in a probabilistic manner. The probgbdf selection of'f string in to the mating pool
is given by
F

2F

j=1

R:

(71)

Here Fis the fitness if'f string and Fis the fithess of'] string. n is the population size
4.4.2 Crossover

Crossover operator introduces some amount of randssnin to the population in order to
avoid getting trapped in to local searches. In sweer operation, new strings are formed by
exchange of information among strings of the magiagl.
4.4.3 Mutation

Mutation operation aims to flip randomly selecteils in certain strings. The aim of
mutation is to change the population members byllsanmaount to promote local searches when the
optimum is nearby.
4.5 Different Approaches of Optimization of Fuzzyinference System

The optimization of the fuzzy inference system barviewed in two approaches

1. Automatic rule base generation (Adaptation or leegn

2. Optimization of the existing rule base using genatgorithm (Optimization)

The first method constitutes an automated desigthadeof generation of fuzzy rules from
scratch and the second method is concerned wittmagtion of an existing fuzzy inference
system.

4.6 Challenges in Optimization of Existing Rule Bse
From the viewpoint of optimization, the task is fiod out an appropriate rule base for a

particular problem, and to find those parameteueslthat are optimal with respect to the design
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criteria. The rule base parameters constitute fitenation space, which is transformed into a
suitable genetic representation in which the seg@rctess operates. The rule base of a fuzzy
inference system does not constitute a homogenstwsture but is rather the union of
gualitatively different components. The decisionvdrich part of the rule base to adapt depends on
two conflicting objectives:
1. Dimensionality
2. Efficiency of search
A search space of a smaller dimension resultsfasir and simpler learning process, but the
obtainable solutions might be suboptimal. A largemplete search space that comprises the entire
rule base and has a finer dimensionality is theeefoore likely to contain optimal solutions, but
the search process itself might become prohibitivefficient and slow. With these considerations
there is an obvious trade-off between the compésterand dimensionality of the search space and
the efficiency of the search.
4.7 Steps of Optimization of Existing Rule Base lilgg GA
The optimization of fuzzy inference system witheaiisting rule base can be done in three
phases
1. Knowledge Acquisition
2. Encoding
3. Optimization
In knowledge acquisition phase information fromieas knowledge sources i.e. experts
and machine learning methods is integrated intmgles knowledge base. In encoding phase rule
set and corresponding membership functions froremdiht knowledge sources is encoded into a
variable length string or chromosomes so that tbay contribute to the genetic optimization
approach. In optimization phase genetic algorithat tesults in an optimal or nearly optimal set of
fuzzy rules and membership functions from the ahiget of rules and membership function is

proposed.
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Figure 4.2: Flow chart for GA based optimizatioreafsting rule base of fuzzy inference system
Figure 4.2 shows the flow chart for GA based optation of existing rule base. As shown in the
flow chart a optimized rule base is generated ugiagetic algorithm, by taking two fuzzy rule
bases as parent chromosomes. The main problem a$ @At the optimal solution can get trapped

in global optima and to get rid of that the generatounter concept is implemented.

4.8 Optimization of Existing Rule Base Using Gengt Algorithm

This section shows the step by step approach oma@g an existing rule base using
genetic algorithm. The hybrid fuzzy controller dg®d in chapter 3 uses the fuzzy if-else rule base
shown in table 4.1.

The first step of genetic algorithm is to creatéahpopulation (parents). Here the objective
is to optimize the rule base so the initial popolatis also rule base. Table 4.1 and table 4.3
represent the parent rule base. These rule bages gatisfactory results. So these rule bases are
considered as parents.

Table 4.1: Fuzzy rule base used as parent-1

e(t)

u(t) NB |NM |[NS | zO | PS | PM| PB
NB [NB [NB [ NB [ NB | NM|NS | ZO
NM [NB [NB [NB [NM|NS | ZO | PS
NS [NB [NB [NM|[NS [ NS | PS| PS
Ae(t) ZO |[NB [NM |[NS | ZzO | ZO | PM| PM
PS [NM|[NS | zO | PS| PS| PB PB
PM[NS |[zO | PS| PM PM PB| PB
PB [ZzO |PS | PM| PB| PB| PB PB

Table 4.2 represents the encoded rule base of 4abldJsually binary encoding is used in
genetic algorithm but due to the complexity of gineblem this kind of encoding is used.

Table 4.2: Encoded rule base of parent-1

e(t)
u(t) 0 1 2 3 4 5
0 |0 0 0 0 1 2 | 3
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Ae(t)

o O | Wl N B
w|l N| k| O Ol ©
Al W N | O O
gl b~ W N| | O
o O b~ W N
o O | W NN
| O O O M W
o O O O &~ b

Table 4.3 represents the fuzzy rule base usedrastpga

Table 4.3: Fuzzy rule base used as parent-2

e(t)

u(t) NB |[NM|[NS | zO | PS | PM| PB
NB [NB [NB [ NM|[NM |[NM | NS | ZO
NM [NB [NB [NM[NM [ZzO | zO | zO
NS [NB [NB [ NS | NS| zO| PS| PS
Ae(t) ZO |[NB [NM [NS | ZzO | PS| PM PB
PS [NM|NS [ zO | PS| PS| PM PB
PM |[NS [zO | PS| PM PM PM PB
PB [ZO |PS | PM| PB| PM PB| PB

Table 4.4 shows the encoded rule base of parent 2.

Table 4.4: Encoded rule base of parent-2

e(t)

u(t)

Ae(t)

| O | W] N| | O

w| N| k| O O O o] ©
Al W N| k| O O Of B~
gl B~ W N N | P DN
o O | W N | P W
g g B~ b W W | b
| O o1 O B~ W N O
ol o1 O O | W Wl o
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Encoding Scheme is as follows. NB: 0, NM: 1, NSZ@; 3, PS: 4, PM: 5, PB: 6

4.8.1 Parameters of Genetic Algorithm

Maximum size of the population = 4

Maximum number of generation = 4

Type of crossover = Two point

Error criteria = ITAE (integral time absolute error
Type of optimization = Minimize

Percentage of crossover = 70%

N o g M wDdPRE

Probability of mutation = 0.01

Table 4.2 and table 4.4 represent the parent populaf genetic algorithm. Each parent
has 7 individual chromosomes. The next step of tyeafgorithm is crossover between the parents
to produce the offspring’s. After cross over theepés RB1 and RB2 produce the offspring’s RB3
and RB4. RB3 and RB4 are rule bases with 7 chromesoeach. Table 4.5 summarizes the
individual chromosomes of parents and chromosomatuged after crossover of parents.

Table 4.5: Individual chromosomes of parents arfispoihgs

Initial Population After Crossover
Chromosomes Parentl(RB1) | Parent2(RB2)| Offspringl(RB3)| Offspring2(RB4)
C1 0000123 0011123 0001032 0011132
C2 0001234 0011333 0002143 0013133
C3 0012244 0022344 0021424 0023244
C4 0123355 0123455 0132535 0124355
C5 1234466 1234455 1236446 1235445
C6 2335566 2345555 2335665 2354555
Cc7 3456666 3456565 3456666 3455656

Table 4.6 and table 4.7 shows the detail rule lggseerated after crossover of parents rule base
RB1 and RB2. These are represented as RB3 and RB4.
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Table 4.6: Offspring’s-I created after crossovepaifent 1 and parent 2

e(t)
u(t) 0o |1 [2 [3 |4 ]5]°6®
0 0 0 0 1 0 3 2
1 0 0 0 2 1 4 3
2 0 0 2 1 4 2 4
Ae(t) 3 [0 |1 [3 [2 |5 |3 ]5
4 1 2 3 6 4 4 6
5 2 3 3 5 6 6 5
6 3 4 5 6 6 6 6

Table 4.7: Offspring’s-Il created after crossoveparent 1 and parent 2

e(t)

u(t)

Ae(t)

o O | Wl N | O

Wl N k| O O o ol o
Al W N| | O O Of
gl g1 W N N P P DN
gl b~ O | W W | W

o O | W N | | b
gl o b~ O B~ W Wl O
o o1 O O B~ W N O

The size of population

and the number of iteraiokept fixed at 4. The objective is to

reduce the integral time absolute error. So thegnatl time absolute error is calculated for every

rule base. The fittest rule bases are taken ford@r@rossover and the worst fit rule base (high

value of ITAE) are removed from the population.

Table 4.8: Step by step approach of optimizatioexesting fuzzy rule base

Number of generations

Ranking of population
according to ITAE

Selection of best populatio

and rejection of worst

>

1% Generation

RB1=179.7
RB4 =181.9
RB3 =183.8

RB1 and RB4 are best &
are taken to next generati

for crossover

and
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and

RB2 =184.5 RB2 & RB3 are removed

RB1 =179.7 RB1 and RB5 are best &
2" Generation RB5 =180.8 are taken to next generati

RB4 =181.9 for crossover

RB6 =182.1 RB4 & RB6 are removed

RB1 =179.7 RB1 and RB7 are best &
3 Generation RB7 =179.8 are taken to next generati

RB5 = 180.8 for crossover

RB8 = 183.5 RB5 & RB8 are removed

RB7 =178.4 RB1 and RB7 are best &
4™ Generation RB1=179.7 are taken to next generati

RB9 =182.4 for crossover

RB10 = 183.6 RB9 & RB10 are removed

After 4 generations, the chromosomes don’t meetdiraination criteria. So, apply mutation in
best chromosome (RB7). After mutation the valuéTéE for RB7 is 169.5

4.9 Limitations of the Proposed Method

Though the use of GA can produce near optimal FL@jses problems such as messy

overlapping of fuzzy sets and rules not in agre¢gméh common sense.
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Chapter

Identification, Estimation and Optimization of

Fuzzy Membership Functions

Design of an efficient fuzzy logic controller invels the optimization of parameters of
fuzzy sets (membership function) and proper chofteule base. There are several techniques
reported in recent literature that use neural ndtwaochitecture and genetic algorithms to learn and
optimize a fuzzy logic controller. The first step luild an efficient fuzzy inference system is to
identify the membership function from the experitardata. There is no pre defined rules for
calculating number of membership functions and eanfy membership functions. At this point
system identification comes in to act. With thephef system identification and estimation the
designer can determine the number of membershigtituns and ranges of membership functions.
After membership function is designed, rule baserémted. A new fuzzy rule base can be created
by neural network learning approach or else thetig rule base can be optimized by the help of
evolutionary or swarm optimization techniques, ldter aspect was discussed in chapter 4. Like
the existing rule base optimization, the pre defineembership functions can also be optimized
using evolutionary and swarm intelligence techngqukn chapter 5 different approaches of
identification, estimation of a new fuzzy membepsfunction is described and different methods
of optimization of existing fuzzy membership fumctiis also discussed.

5.1 System ldentification

System identification is the art and science ofldamg mathematical models of dynamic
systems from observed input—output data. It casde® as the interface between the real world of
applications and the mathematical world of conthaory and model abstractions [5.17]. System
identification is an essential requirement in arsash as control, communication, power system
and instrumentation for obtaining a model of a eysiplant) of interest or a new system to be
developed and for the purpose of development ofrablaw, analysis fault diagnosis, etc. Major

advances have been made in adaptive identificatioihcontrol, in past few decades for identifying
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linear time-invariant plants with unknown paramstefhe choice of the identifier structure is

based on well established results in linear systinmgry. Stable adaptive laws for the adjustment
of parameters in these which assures the globhiligteof the relevant overall systems are also
based on properties of linear systems as well &silisy results that are well known for such

systems.

The area of system identification is one of the tmogortant areas in engineering because
most of the dynamical system behavior can be obti@xploiting system identification techniques.
For identifying an unknown dynamic systems two gisiare important i.e. model structure and then
parameters. Adaptive modeling and system identifinaare prerequisite before going to design a
controller for an on-line plant, say for a scenaao on-line plant requires a controller for
improving its performance. The controller cannoiperated on the on-line plant as it may disturb
the entire production which may be cost effects@a model is required which represents the on-
line plant. If there is adaptability in modelingetie is more chance of controlling the model on-line
thus System identification concerns with the deteation of a system, on the basis of input output
data samples. The identification task is to deteema suitable estimate of finite dimensional
parameters which completely characterize the plahe selection of the estimate is based on
comparison between the actual output sample amddicped value on the basis of input data up to
that instant. An adaptive automaton is a systemsetstructure is alterable or adjustable in such a
way that its behavior or performance improves tgloaontact with its environment. Depending
upon input-output relation, the identification gstems can have two groups

1. Static system identification

2. Dynamic system identification
5.1.1 Static System ldentification

In this type of identification the output at anystant depends upon the input at that instant.
These systems are described by the algebraic eqaaffhe system is essentially a memory less
one and mathematically it is represented as yfrxé&)] where y(n)is the output at the nihstant
corresponding to the input x(n).

5.1.2 Dynamic System ldentification
In this type of identification the output at angtant depends upon the input at that instant
as well as the past inputs and outputs. Dynamitesys are described by the difference or

differential equations. These systems have memorygtore past values and mathematically
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represented ay(n) = f[x(n),x(n—l),x(n— 2)-—-—--yh- 1j where y(n)is the output at the'h

instant corresponding to the input x(n).

a(n)
Plant ) ..
IR h(n) — 1 Non linearities

x(n)

S Model

Figure 5.1: Structure of system identification
A system identification structure is shown in figus.1. The model is placed parallel to the

nonlinear plant and same input is given to the tpdesnwell as the model. The impulse response of
the linear segment of the plant is represented (ny Wwhich is followed by nonlinearity (NL)
associated with it. White gaussian noise qi®)added with nonlinear output accounts for
measurement noise. The desired output dfmjompared with the estimated output y@f)the
identifier to generate the error e(which is used by some adaptive algorithm for upaptihe
weights of the model. The training of the filter iglgs is continued until the error becomes
minimum and does not decrease further. At thisestag correlation between input signal and error
signal is minimum. Then the training is stopped #m@weights are stored for testing. For testing
purpose new samples are passed through both the ga the model and their responses are
compared. System identification is the experimerggpproach to process modeling. System
identification includes the following steps

Step 1: Experimental design

Step 2: Choice of the criterion to fit

Step 3: Parameter estimation
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Step 4: Model validation
Experiment Design Its purpose is to obtain good experimental dathiiincludes the choice of
the measured variables and of the character ohphe signals.
Selection of model structure A suitable model dtriteeis chosen using prior knowledge and trial

and error.

Choice of the Criterion to Fit: A suitable cost function is chosen, which refiebhbw well the

model fits the experimental data.

Parameter Estimation An optimization problem is solved to obtain themrerical values of the

model parameters.

Model Validation: The model is tested in order to reveal any inadetps.

Modeling is also important outside the traditioragineering discipline such as modeling
of social systems, modeling of economic systemsmaodeling of biological systems. An adaptive
filter can be used in modeling. This filter imitatthe behavior of physical systems which may be
regarded as unknown system termed as “black bdxa@ghg one or more inputs and one or more
outputs. The essential and principal property ofaalaptive system is its time-varying, self-
adjusting performance. The adaptive systems hdl@iog characteristics

1. They can automatically adapt (self-optimize) in taee of changing (non-stationary)

environments and changing system requirements.
2. They can be trained to perform specific filterimglalecision making tasks.

3. They can extrapolate a model of behavior to de#th wew situations after trained on a
finite and often small number of training signatsl gatterns.

4. They can repair themselves to a limited extent.

5. They can be described as nonlinear systems with tanying parameters.
The adaptation is of two types
1. Open-loop adaptation
2. Closed-loop adaption
The open-loop adaptive process is shown in figur2 f). It involves making

measurements of input or environment charactesiséipplying this information to a formula or to
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a computational algorithm, and using the resultsetiothe adjustments of the adaptive system. The

adaptation of process parameters don’t depend tygooutput signal.

Input / Qutput
Input / Output Signal Signal

Signal Signal
——»| Processor >

Processor ——p

( Adaptive

Adaptive Algorithm
p algorithm )
Other Performance [~  Other

data . .
calculation |[€— data

(a) (b)
Figure 5.2 (a) Open loop adaption
(b) Closed loop adaption
Closed-Loop Adaptation Close-loop adaptation (as shown in figure 5.2 @))the other
hand involves the automatic experimentation witksth adjustments and knowledge of their
outcome in order to optimize a measured systenopaénce. The latter process may be called
adaptation by performance feedback. The adaptafipnocess parameters depends upon the input
as well as output signal.
System identification techniques are two types
1. Direct Modeling
2. Indirect Modeling
Direct Modeling: In this type of modeling the adaptive model is keatrallel with the
unknown plant. Modeling a single-input, single-autgystem is illustrated in figure 5.3. Both the
unknown system and adaptive filter are driven l®yghme input. The adaptive filter adjusts itself
in such a way that its output is match with thatle unknown system. Upon convergence, the
structure and parameter values of the adaptivesystay or may not resemble those of unknown
systems, but the input-output response relationglilipmatch. In this sense, the adaptive system
becomes a model of the unknown plant. Let é&ndl y(n)represent the output of the unknown

system and adaptive model with x@s its input
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d(n)
x(n) ———3| Unknown plant
/ y(n) e(n)
» Adaptive Model 4

Figure 5.3: Direct modeling system identification
Here, the task of the adaptive identifier is toumately represent the signal d@t)its output. If y(n)
=d (n), then the adaptive identifier has accuyatebdeled or identified the portion of the unknown
system that is driven by x(rpince the model typically chosen for the adaptdentifier is a linear
identifier, the practical goal of the adaptive itiéer is to determine the best linear model that
describes the input-output relationship of the wvkm system. Such a procedure makes the most
sense when the unknown system is also a linear Inaidéhe same structure as the adaptive
identifier, as it is possible that y(n) = dfioy some set of adaptive filter parameters.

Inverse Modeling: We now consider the general problem of inverse iimogleas shown in
figure 5.4. In this diagram, a source signals s&ned into a plant that produces the input signal
x(n) for the adaptive identifier. The output of the atlap identifier is subtracted from a desired
response signal that is a delayed version of thececsignal, such that d(n) = s(A}-

HereA is a positive integer value.

The goal of the adaptive identifier is to adjust égharacteristics such that the output signal is an

accurate representation of the delayed sourcelsigna
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> Delay
Plant Noise
d(n)
+ +
] > Plant Adaptive Identifier -
Inverse Model y(n)
s(n) + x(n)

e(n)

Figure 5.4: Inverse modeling of system
Channel equalization is an important applicationnekerse modeling. In channel equalization the
inverse model of the channel is modeled and tharadaeffects of multi-path and inter symbol
interference (ISI) are reduced.
5.2 Related Works

M Delgado et.al, has studied the use of non limeambership functions in fuzzy linear
programming model [5.1].

Kit sang Tang et.al, implemented hierarchical genetlgorithm to fine tune the
membership functions and fuzzy rule base in a waessure pumping system [5.2].

J Valente de Oliveira addresses the difficultyudzy sets and points out a set of constraints
that when used within an optimization scheme obvitdie subjective task of interpreting
membership functions. To achieve this a comprekerssat of semantic properties that membership
functions should have is postulated and discus$bdse properties are translated in terms of
nonlinear constraints that are coded within a gi@ptimization scheme, such as backpropogation.
Implementation issues and one example illustratrgimportance of the proposed constraints are
included [5.4].

Sushmita Mitra et.al, proposes a novel attemptaviding an exhaustive survey of neuro—
fuzzy rule generation algorithms [5.5].

Hector Pomares et.al, presents a reliable methadbtimin the structure of a complete rule-
based fuzzy system for a specific approximatiorueaxy of the training data, i.e., it can decide

which input variables must be taken into accounthmfuzzy system and how many membership
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functions (MFs) are needed in every selected imawiable in order to reach the approximation
target with the minimum number of parameters [5.6].

Tandar Pal et.al, presents a self-organized geragorithm based rule generation
(SOGARG) method for fuzzy logic controllers. Itaghree-stage hierarchical scheme that does not
require any expert knowledge and input-output dBit. first stage selects rules required to control
the system in the vicinity of the set point. The®®l stage starts with the rules resulted from the
first stage and extends its span of operationdcetttire input space. Thus, the second stage gnds u
with a rule base that can bring the system todtgsint from almost all initial states of the inpu
space. The third stage then refines the rule badeeduces the number of rules in the rule base
[5.9].

Manish Kumar et.al, propose a method to learn gtonze the parameters of fuzzy logic
controllers with the help of neural network and gfgnalgorithm. This strategy is applied to control
inverted pendulum. It is observed that neuro-fuaggroach and GA-fuzzy approach is suitable to
train the fuzzy logic controller and optimize thentroller [5.11].

Yongshang Zhao et.al, proposes a new method agliaint colony algorithm (ACA) to
optimize the fuzzy membership function’s parametevhich overcoming the subjectivity and
blindness in the process of designing the inputootput membership functions. The fuzzy
controller, which is optimized by ACA, is applied & second order model and the simulation
results shown a better result [5.13].

H Kharrati et.al, presents a hybrid approach tcemeine fuzzy rules and membership
functions simultaneously. This approach consist&Afwhich determines the fuzzy rule base and
H filtering which fine tunes the membership funati®dutomotive cruise control is taken as a case
study to implement this hybrid approach [5.14].

Gu Fang et.al, presents the particle swarm optimizatechnique is employed to
automatically tune the MFs of a Mamdani-type ofzfwzontroller. The effectiveness of the
proposed controller is demonstrated by the comissformance of such an FLC of a nonlinear
water tank system. The results are compared falbuta a PSO tuned PID controller [5.15].

Chairul Saleh et.al, used GA to optimize the fuzmgmbership function. The fuzzy

inference system in the case study is used togirdah credit status of a bank [5.16].
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5.3 ldentification of Fuzzy Membership Function

Membership optimization problem can be reducea@ fogarameter optimization problem.
The parameter optimization problem can then be diteted as a nonlinear filtering problem. In
this chapter the nonlinear filtering problem isveal using kb state estimation theory. But this
approach has a drawback that the membership vdbrésadd up to unity. So a state constraint is
added up with the 4 filtering. Hoo is similar to Kalman filtering but it is more rokiuthan Kalman
filtering in presence of noise, modeling error anwh linearity. Membership function optimization

involves high level of non linearity sostHapproach is used.
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Chapter

Results and Discussions

In chapter 2 different conventional controller wedesigned to control the outlet
temperature of shell and tube heat exchanger sydtehapter 3 hybrid fuzzy controller was
designed to control the outlet temperature of shaetl tube heat exchanger system. This chapter
evaluates the performance of the conventional amdlligent controller. The performance
evaluation scheme is shown in figure 1.1. Perfoireaevaluation scheme of controller is done
using both time response analysis and frequen@onse analysis. In time response analysis unit
step response of the respective controller is eatband maximum overshoot and settling time is
calculated. To study the performance of the coletradifferent performance indices (IAE, ISE,
ITAE and ITSE) are calculated.

In frequency domain analysis robustness analysissansitivity analysis is performed. In
robustness analysis bode plot is studied and gangim phase margin are calculated. In sensitivity

analysis sensitivity of the controller is calcuthte

6.1 Controller Performance Evaluation in Time Doman

Control systems are inherently time domain systsuafgect to time varying inputs and are

to be analyzed and tested using time domain tgsals like unit step signal.

6.1.1 Controller Performance Evaluation Using Unit Step Response Method

In step response analysis different parameters@isidered. From those parameters there
are two most important parameters, these are peaklmot and settling time.
Peak Overshoot It indicates the normalized difference betweentime response peak and steady

clt,) ~o()

output. It is defined a%M o= o)
(0]

*100% (72)
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Settling Time: It is the time required for the response to reath stay within a specified tolerance

band of its final value. The tolerance band is tatedomly as 5%.

Comparision of unit step response of different conventional controllers
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Figure 6.1: Comparison of unit step response d&ht conventional controllers
Figure 6.1 shows the comparison of unit step respai different conventional controllers. The
PID controller shows a peak overshoot of 38%, d feeward and feedback controller reduces the
peak overshoot to 30% and the model based contr@iléC) significantly reduces the peak
overshoot and the peak overshoot of IMC is 1%s dlear from the step response analysis that the
model based controllers give a better control ttten conventional feedback and feed forward

controllers.
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Comparision of unit step response of different caonventional and fuzzy controllers

1-"-1 T T | T T
12 —— ......... ......... ......... ......... ......... ......... ..........
1
izl . e o ......... B s ......... CH—— ......... S i
# f : : : 1 : : :
S 0BH -4 — ST R LI RN — — sy ]
5 ; : ; : : ; : 1
o f : : : ; ] : :
04 H 8- e ......... et ......... RSl ........ i)
02H FID Controller
Feedback plus feedback with delay
v M. . ———IMC
-Feedback plus feedback without delay
- : : Hyhrid fuzzy

0 &0 1 I_‘IIIII 150 200 250 300 350 400 450
Time [Sec]-=
Figure 6.2: Comparison of unit step response dééaiht conventional and hybrid fuzzy controllers
Figure 6.2 shows the comparison of unit step respaif different conventional and fuzzy

controller. The model based controller IMC sigrafitly reduced the overshoot but to give some
intelligence to the controller and to get near z@rershoot, a fuzzy based hybrid controller is used
The hybrid fuzzy controller retains the linearityacacteristics of PID controller and gives a fuzzy
touch to it. The unit step response of hybrid fuzagtroller gives a near zero peak overshoot or no

overshoot. Table 6.1 summarizes all the results.
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Table 6.1: Comparison of peak overshoot and sgttime of different controllers

SI.No | Type of Controller Peak Overshoot Settlingn@&i

1 Feedback 38.38% 115.2 sec

2 Feedback plus feed forward 30.04% 91.34 sec
(No delay in disturbance)

3 Feedback plus feed forward 32.51% 86.16 sec
(Unit delay in disturbance)

4 Internal model controller 1.13% 77.79 sec
Hybrid fuzzy 0% 74.38 sec

Table 6.1 gives a comparative analysis of peakstmmt and settling time of different
controllers designed to control the outlet temperabf shell and tube heat exchanger system.

The feedback controller (PID controller) gives 3@ peak overshoot and 115.2 sec
settling time. The peak overshoot is in a highde sifo compensate the high peak overshoot, feed-
forward controller was designed. The feed forwavdtmller estimates the error and compensates
it. In this project two types of feed forward caniker is developed. In the first case it is assumed
that there is no time delay between the unit stgpiti to the process and unit step disturbance. In
this case the combined effect of feedback and feedard controller gives a peak overshoot of
30% and settling time is 91.3 sec. in the secorse,cd is assumed that there is a unit time delay
between unit step input to the process and urptditdurbance. In the second case though the peak
overshoot somewhat rises to 32.51% but the settimg reduces to 86.16 sec. but after the
implementation of feed forward plus feedback cdtercstill the peak overshoot is 30% which is
very high. To further reduce the peak overshootl@hbased controller (internal model controller)
was designed. The internal model controller redulcespeak overshoot to 1.13% and reduces the
settling time to 77.79 sec. To further improve peak overshoot, fuzzy based hybrid controller
was designed. The fuzzy based hybrid controlleegia peak overshoot of 0% (no overshoot) and
reduces the settling time to 74.38 sec.

From the table 6.1 it is clear that the model bam®sdi fuzzy based controller gives a better
control results as compared to feedback and feedafd controller when a unit step input is

applied and controller are evaluated in terms ekp®/ershoot and settling time.
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6.1.2 Controller Performance Evaluation Using Performancelndices

In section 6.1.1 the designed controllers were exibg to unit step input and their
performance were evaluated according to the peaksbhwot and settling time. In this section the
controllers will be evaluated according to the perfance indices.

A performance index is a quantitative measure efp@rformance of a system and is chosen
so that emphasis is given to the important systpectiications. A system is considered an
optimum control system when the system parametersadjusted so that the index reaches an
extreme, commonly a minimum value. To be usefuédgpmance index must be a number that is
always positive or zero. Then the best systemfigelt as the system that minimizes the index.

There are different performance indices of a cdrdystem and most common performance
indices are IAE (integral absolute error), ISE dgral square error), ITAE (integral time absolute

error) and ITSE (integral time square error).

IAE = [le(t)] ct (73)
ISE = Tez (t)ct (74)
ITAE = Tt|e(t)| dt (75)
ITSE = Tte2 (t)dt (76)

Table 6.2: Comparison of performance indices okddht controllers

SI.No | Type of Controller IAE ISE ITAE ITSE

1 Feedback 4.755 0.366 192.6 6.33

2 Feedback plus feed forward 4.441 0.311 188.1 5.569
(No delay in disturbance)

3 Feedback plus feed forward 4.456 0.305 221 5.757
(Unit delay in disturbance)

4 Internal model controller 4.37 0.27 181.9 5.15
Hybrid fuzzy 3.56 0.18 179.7 4.75
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From the table 6.2 it is clear that IAE of feedbaoktroller is 4.755 and IAE of feedback plus
feed forward controller is 4.441, the IAE of intarrmodel controller is 4.37 and IAE of hybrid
fuzzy controller is 3.56. It is observed that feack controller showed 38% overshoot, so the IAE
was a little bit higher. As the overshoot decredkesvalue of IAE also decreases. For this reason
IAE of hybrid fuzzy controller is 3.56.

ISE of feedback controller is 0.366 and ISE of fesmzk plus feed forward controller is 0.311,
the ISE of internal model controller is 0.27 ané& I& hybrid fuzzy controller is 0.18. It is obsedve
that feedback controller showed 38% overshoothed$E was a little bit higher. As the overshoot
decreases the value of ISE also decreases. Foe#sen ISE of hybrid fuzzy controller is 0.18.

From the table 6.2 it is clear that ITAE of feedbaontroller is 192.6 and ITAE of feedback
plus feed forward controller is 188.1, the ITAEiofernal model controller is 181.9 and ITAE of
hybrid fuzzy controller is 179.7. It is observedaitlheedback controller showed 38% overshoot, so
the ITAE was a little bit higher. As the overshaetcreases the value of ITAE also decreases. For
this reason ITAE of hybrid fuzzy controller is 179.

From the table 6.2 it is clear that ISE of feedbecktroller is 6.33 and ISE of feedback plus
feed forward controller is 5.569, the ISE of in@rmodel controller is 5.15 and ISE of hybrid
fuzzy controller is 4.75. It is observed that feacl controller showed 38% overshoot, so the ISE
was a little bit higher. As the overshoot decredkesvalue of IAE also decreases. For this reason
ISE of hybrid fuzzy controller is 4.75.

6.2 Controller Performance Evaluation in Frequency Doman

A control system must satisfy desired performanbaracteristics for nominal operating
conditions. In real world the model is never petfeso the controller has to be robust. Robust
controller literally means the controller shouldmeen stable, even when the true plant

characteristics are different from the process rhode

6.2.1 Robustness Analysis

Frequency response analysis is performed becausemiarily provides a measurement of
robustness of the controller tuning. It providesx@asure of the amount of model uncertainty that

can be tolerated before the controller will becamstable.
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Bode plot of systerm with and without contraller
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Figure 6.3: Frequency response of system with atitbut controller

Figure 6.3 shows the frequency response of themsystith and without controller. The frequency
response of a system consists of the magnitudeomespand phase response. Different process

disturbance is effects the stability of the syst€éminvestigate the effect of stability due to dutoh
of disturbance, bode plot is plotted.
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Bode plot of system with and without disturbance
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Figure 6.4: Frequency response of controlled systémand without disturbance

Figure 6.4 shows the frequency response of coattolystem with disturbance and without
disturbance. Table 6.3 represents the differenisttess factors of different systems.

Gain margin: The gain margin is the reciprocal of the magnit|@gw)| at the frequency at which
the phase angle is -180°. If gain margin is gre#itan unity it means that the system is stable,
where as if the gain margin is less than unityetms that the system is unstable.

Phase margin: The phase margin is that amount of additional pHageat gain crossover
frequency required to bring the system to the vefgastability.

Gain crossover frequency:The gain crossover frequency is the frequency atiwlG(jo)|, the
magnitude of open loop transfer function is unity.

Phase crossover frequencytt is the frequency at which the phase angle omoleep transfer
function is -180°.

Bandwidth: The frequency range Dw< «, in which the magnitude of the closed loop doesn't

drop -3dB is called bandwidth of the system. Thedvadth indicates the frequency where in gain
starts to fall from its low frequency values. Thhe bandwidth represents how well the system

tracks the input. A large bandwidth corresponds tmall rise time or fast response. Bandwidth
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and rise time are inversely proportional to eadment The necessary filtering characteristic is
filtering of high frequency noise.
Table 6.3: Robustness analysis of different systenfigurations

GM PM @, @,

(dB) (rad/sec)
System with controller 10.29 63.33 1.45 0.48
System without controller 32.72 | 057 | --
System without disturbance 10.29 63.33 145 048
System with disturbance -8.35 -15.33 0.28 0.38

Table 6.3 shows the comparative study of robustoésystem with different configurations, like
system with and without controller, system with amithout disturbance. The robustness factors
considered here are gain margin denoted as GM,ephsgin denoted as PM, gain crossover

frequency denoted by, and phase crossover frequency denoted)py

6.2.2 Sensitivity Analysis

S(s) is the sensitivity function, which can be dell asS(s) :; (82)
1+ G, (s)G, (s)
o o _ G(9G,(s)
Complementary sensitivity function is defined asl (s) =—— (83)
1+ G, (5)G, (s)

It should be noted that by definitidi(s) + §(s) = 1. The sensitivity function describes the
system response sensitivity to reference signahgds whereas the complementary sensitivity
function describes the system sensitivity to measent noise. Moreover, they describe the system

sensitivity to modeling errors which is importaatotice in this study.

The PID controller in frequency domain can be defiasG_(jw) =K, +%+ Kijw  (84)
J

The Ho sensitivity constraint is defined dS(jw)|, <y (85)
Here S(jw) is defined asS(jw) = - 1 - (86)
1+G, (jw)G, (jw)

v IS a positive real scalar quantity.
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Eq(84) for a SISO system for each valuexafan be re written in terms of its magnitude andgeh

angle a#‘S(ja))‘e"Ds““’)‘ <y (87)
The sensitivity specification is defined &, = max| - 1 . | (88)
s |14 G, ()G, (jw)|
Am and g, are gain margin and phase margin respectively.
M
> S 89
Sdviee (89)
.41
>2sint—— 90
@ oM (90)

S

Sensitivity of controllers is also analyzed sepeyafor category one and category two
controllers. For category one controllers the defitsi analysis is done with the help of Nyquist
diagrams and the M-circles. Controllers with gredfievalues (smaller circles) are more sensitive
to disturbances and measurement noise than onesnvéller Mvalues (larger circles).

6.2.3 Design Considerations and Sensitivity Analysis

To design a high performance control system folimysteps are considered
1. The tracking error should be small

Sensitive to modeling errors

Disturbance rejection

Stability margin

o k w0N

Sensitive to sensor noises

To improve the disturbance rejection and make ¥stem sensitive to modeling errors &@(j
should be small. To make the system sensitive ms@enoise and improve the stability margin
T(jo) should be small. Here &) is the sensitivity function and Tf) is complimentary sensitivity

function.
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Chapter

Conclusions
In this dissertation, a comparative study of peniance of different conventional and fuzzy

based controllers is studied. The aim of the preda®ntroller is to regulate the temperature of the
outgoing fluid of a shell and tube heat exchangstesn to a desired temperature in the shortest
possible time and minimum or no overshoot irrespecbf step change in load and process
disturbances, equipment saturation and non-lineafitdifferent control equipments. After time
response and frequency response based analysedcaat on different controllers it is observed
that hybrid fuzzy controller provides a satisfagtperformance in both steady state and transient
state and overcomes the drawbacks of conventiotialcBntroller, feedback plus feed-forward
controller and internal model based controller. Tpwposed hybrid fuzzy controller has
demonstrated 100% improvement in the overshoot3md3% improvement in settling time as
compared to the conventional PID controller.

The fuzzy based controller gives the best perfoea but the control engineer faces
different kind of challenges to design such a culgr. This dissertation identified the key design
challenges. The key design challenge is to genamateptimized fuzzy rule base with minimum
number of rules. An existing rule base of N numbgrules can be optimized using different
optimization techniques like genetic algorithm, RS@t colony optimization. This dissertation
proposes a genetic algorithm based optimizaticexddting fuzzy rule base of N number of rules.

The second challenge is to reduce the size ofuleebase. To reduce the size of the rule
base, optimal number of membership function hasbéochosen and the optimal width of
membership function has to be calculated. To aehigns objective system identification and
estimation approach is used. This dissertation ggep Kalman filter basedoestimation to
achieve the objective.

In future scope of the dissertation, the Kalméterfibased He estimation technique can be
used to identify and estimate the new fuzzy menfiyefsinction and optimize the existing one.
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