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ABSTRACT

Biological immune system (BIS) and Biological Evolutionary system (BES)
is a special type of control system that has shown strong robustness and self-
adaptability. In this thesis report artificial immune system algorithm and biological
evolutionary system used to develop are immune controller and evolutionary
controller. The idea of immune controller and evolutionary controller is adopted and
derived from biological vertebrate immune and evolutionary system, mimicking and
imitating of biological immune and evolutionary system which is better known as the
artificial immune and evolutionary system. Immune and Evolutionary are stochastic
optimization techniques based on the principle of natural evolution. We describe the

general functioning of EAs and BIS.

The aim of this subject is to design a speed controller for a DC motor by
selection of PID parameters using “Evolutionary and Immune.” These algorithms
come under the category of bio-inspired optimization techniques. The model of a DC
motor is considered as a second order system for speed control. Here, there is a
comparison between conventional tuning methods and optimization techniques of
parameters for PID controller. In some cases, it was found that the proposed PID
parameters adjusted by optimization technique is better than the conventional
techniques like a Ziegler-Nichols’ method. These proposed optimization methods
could be applied for higher order system also to provide better system performance
with minimum errors. It is decided to create an objective function which will evaluate
the optimum PID gains based on the controlled systems and overall error. In this
thesis we have taken into account the various configurations of PID controllers in
Evolutionary and Immune algorithm to measure the performance of the controller for

the dc motor drive system.



ORGANISATION OF THESIS

Chapter-1 In this chapter includes of the introduction of thesis

Chapter-2 It contains most of the previous work in this field which has been carried out till

date are give

Chapter-3 DC motor and DC motor transfer function has been elaborated in this chapter.
Chapter-4 Classical PID tuning method has been discussed in this chapter.

Chapter-5 It contains optimal tuning using error indices in this chapter.

Chapter-6 Optimal tuning of PID controller using Evolutionary Algorithm with different

controllers has been discussed in this chapter.

Chapter-7 Optimal tuning of PID controller using Immune Algorithm with different

controllers has been elaborated in this chapter.

Chapter-8 Thesis has been concluded with future scope in this chapter.
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CHAPTER 1
INTRODUCTION

1.1Introduction

The objectives of this thesis work are to study and analyze the mathematical model and
algorithm for speed control of separately excited DC motor drive. Here are various types of
mathematical model of applicable DC motor model can be found from different sources

books, journal, papers, internet etc.

Here test the performance of some standard PID controller on DC motor drive system.

After that compares those results.

When a separately excited motor is excited by a field current of if and an armature
current i, flows in the circuit, the motor develops a back emf and a torque to balance the load
torque at a particular speed. The armature winding is connected to an external DC source;
hence it plays the role of the current carrying conductor placed in the magnetic field. The if is
independent of the i,. Each winding are supplied separately. Any change in the armature
current has no effect on the field current. The i is much less than the i,. The direction of
rotation depends on the direction of magnetic field produced by the field winding as well as
the direction of armature current. The direction of rotation is decided by Fleming’s left hand

rule.

PID is the most common and most popular feedback controller used in Industrial Process
today. A PID controller calculates an "error" value as the difference between a
measured process_variable and a desired ‘set-point’. PID controller is also known as three-
term control:- the proportional(P), integral(I) and derivative(D). By tuning these three
parameters in the PID controller algorithm, the controller can provide control action designed

for specific process requirements.

After implementing the PID controller, now we have to tune the controller; and there are
different approaches to tune the PID parameters like P, I and D. The Proportional (P) part is
responsible for following the desired set-point while the Integral (I) and Derivative (D) part
account for the accumulation of past errors and the rate of change of error in the process or

plant, respectively.



Open loop tuning methods are where the feedback controller is disconnected and the
experimenter excites the plant and measures the response. The key point here is that since the
controller is now disconnected the plant is clearly now no longer strictly under control. If the
loop is critical, then this test could be hazardous. Indeed if the process is open-loop unstable,
then we will be in trouble before we begin. Notwithstanding for many process control
applications, open loop type experiments are usually quick to perform, and deliver
informative results. If the system is steady at setpoint, and remains so, then we have no

information about how the process behaves.

There are various tuning strategies based on an open-loop step response. While they all
follow the same basic idea, they differ in slightly in how they extract the model parameters
from the recorded response, and also differ slightly as to relate appropriate tuning constants
to the model parameters. There are four different methods, the classic Ziegler-Nichols open
loop test, the Cohen-Coon test, Internal Model Control (IMC) and Approximate M-
constrained Integral Gain Optimization (AMIGO). Naturally if the response is not sigmoidal
or ‘S’ shaped and exhibits overshoot, or an integrator, then this tuning method is not

applicable.

Evolutionary algorithms (EA) are stochastic optimization techniques based on natural
evolution and survival of the fittest strategy found in biological organisms. Evolutionary
algorithms have been successfully applied to solve complex optimization problem in
business, engineering, and science. Some commonly used EAs are Genetic algorithms
(GA’s), Evolutionary Programming (EP), Evolutionary Strategy (ES) and Differential
Evolution (DE). Each of these methods has its own characteristics, strengths and weaknesses.
In general, an EA algorithm can generate a set of initial solutions randomly based on the
given seed and population size. Afterwards, it will go through evolution operations such as
cross-over and mutation before evaluated by the objective function. The wining entity in the
population will be selected as the parents (or seed) of the next generation. The optimization
iteration continues until the termination criteria are satisfied. Typically, either the evolution
process reached users define maximum number of iteration or the improvement in objective
function between the two generations converges.

The word “immune” comes from the Latin word for “protection” your body immune
system is your built — in protection against attack by foreign substances known as antigen. An

antigen is any substance that causes an immune response or causes the body to “attack.”



Immune Algorithms is an improved algorithm based on biological immune
mechanisms. In the course of immune response, biological immune system preserves part of
the antibodies as memory cells. When the same antigen invades again, memory cells
activated and a large number of antibodies are generated so that the secondary immune
response is more quickly than the initial response. In the meanwhile, there are mutual
promotion and inhibition between antibodies. Therefore, the diversity and immune balance of
the antibodies are maintained. That is the self-regulatory function of the immune system. The
Immune Algorithm simulates the process of the adaptive regulation of the biological antibody
concentration, in which the optimal solution of the objective function corresponds to the
invading antigens and the fitness f(X;) of solution X; corresponds to the antibodies produced
by the immune system. According to the concentration of the antibodies, the algorithm
adaptive regulates the distribution of the search direction of the solutions and greatly
enhances the ability to overcome the local convergence. Example of antigens includes

bacteria or virus.

The main function of the immune system is to protect the body from pathogens and
cancer. Vertebrate immune systems are more complex than the invertebrates. They are
characterized by two important properties, which are memory and specificity. In the case of
invertebrate, the immune system consist mainly of phagocytes which are nonspecific. This
means that it will not remember any previous antigen, and will use the same attacking
strategy each time. Phagocytes has no receptors for specific pathogens, which means that
these cells will engulf and try to kill any pathogen. On the other hand, the vertebrate host has
evolved more specialized cells called lymphocytes. These Lymphocytes are pathogen
specific, which means that they have distinct receptors to interact with different pathogens.
To combat antigens nature has provided us with the immune system. The blood, lymph
nodes, and bone marrow act with the liver, spleen, thymus, and tonsils to produce and deliver
specialized cells, including B-lymphocytes, T-lymphocytes, and phagocytes. These cells limit
the severity and duration of colds, fight infections in the nose and throat, help wounds to heal,

destroy some cancers, and much more.



CHAPTER 2
LITERATURE REVIEW

The following section describes the literature survey that is relevant with the work

carried out for this thesis work.

A self-tuning PID controller is developed by Teng Fong-Chwee et al. based on pole
assignment approach to overcome fractional dead time, constant and known dead time,
plus
time varying dead time. This method showed good results in handling dead time

processes [10].

T. Back et al. present a overview of Evolutionary Algorithms for parameter

optimization [11].

Evolutionary Computation is developed by D.B. Fogel. In this literature covering
evolutionary programming, evolution strategies, and genetic algorithms from a

perspective of achieving machine intelligence through evolution [12]

Kalyanmoy Deb et al. proposed a generic parent-centric recombination operator
(PCX) and a computationally fast population-alteration model called G3 model. The
performance of G3 model with PCX operator is found better in consistency and reliability
when compared to the differential evolution technique and the quasi-Newton method. The
proposed approach is found to be consistently and reliably performing better than all
other methods used in study. A scale-up study with problem sizes up to 500 variables

shows a polynomial computational complexity of the proposed approach.

Corina Rotar developed a new evolutionary algorithm for multi-objective
optimization which is inspired by endocrine system and uses the Pareto non-dominance
concept. Multi-objective optimization problems, due to their complexity, are suitable for
interesting evolutionary approaches. Many evolutionary algorithms have been developed
for solving multi-objective problems, appealing or not to the Pareto optimality concept.
Although, evolutionary techniques for multi-objective optimization confront with several

issues as: elitism, diversity of the population, or efficient settings for the specific



parameters of the algorithm. In this paper, we propose a new evolutionary technique,
which is inspired by the behavior of the endocrine system and uses the Pareto non-
dominance concept. Therefore, the population’s members are no more called
chromosomes but hormones and even if they evolve according to the genetic principles
(selection, crossover, and mutation), a supplementary mechanism, based on the endocrine
paradigm, is connected with standard approach to deal with multi-objective optimization
problems. Moreover, the proposed algorithm, in order to maintain population’s diversity,
uses a specific scheme of fitness sharing, eliminating the inconvenient of defining an

appropriate value of sharing factor [14].

A robust tuning method for disturbance rejection of PID controller using
Evolutionary algorithm is proposed by Dong Hwa Kim et al. which tunes the gain of PID
controller using fitness value of immune algorithm. A PID Controller has been widely
used to control industrial process loops because of its implementation advantages.
However, it is very difficult to achieve an optimal PID gain with no experience, since the
parameters of the PID controller has to be manually tuned by trial and error. This paper
focuses on robust tuning of the PID controller using immune algorithm which has
function such as diversity, distributed computation, adaptation, self-monitoring function.
After deciding disturbance rejection condition for the given process, the gains of PID
controller using fitness value of immune algorithm depending on disturbance rejection is
tuned for the required response. To improve this suggested scheme, simulation results are

compared with FNN based responses and genetic algorithm [15].

Gregory S.Hornby presented a method for automated antenna design and
optimization based on Evolutionary algorithm. Whereas the current practice of designing
antennas by hand is severely limited because it is both time and labor intensive and
requires a significant amount of Evolutionary algorithms can be used to search the design
space and automatically and novel antenna designs that are more effective than would
otherwise be developed. Here we present automated antenna design and optimization
methods based on evolutionary algorithms. We have evolved efficient antennas for a
variety of aerospace applications and here we describe one proof-of-concept study and
one project that produced flight antennas that flew on NASA's Space Technology 5 (ST5)

mission [16].



A partial 3D reconstruction method based on Evolutionary algorithm is proposed
by Monica Perez-Meza et al. for various vision stereo problems. This method can be used
in a mobile robot with monocular vision for navigation tasks. When reconstructing a
scenario, it is necessary to know the structure of the elements present on the scene to have
an interpretation. In this work we link 3D scenes reconstruction to evolutionary
algorithms through the vision stereo theory. We Consider vision stereo as a method that
provides the reconstruction of a scene using only a couple of images of the scene and
performing some computation. Through several images of a scene, captured from
different positions, vision stereo can give us an idea about the three dimensional
characteristics of the world. Vision stereo usually requires of two cameras, making an
analogy to the mammalian vision system. In this work we employ only a camera, which is
translated along a path, capturing images every certain distance. As we can not perform
all computations required for an exhaustive reconstruction, we employ an evolutionary
algorithm to partially reconstruct the scene in real time. The algorithm employed is the fly
algorithm, which employ “flies” to reconstruct the principal characteristics of the world

following certain evolutionary rules [17].

Xiufen Zou et al. proposed a new Evolutionary algorithm based on Loptimality
for solving multi-objective optimization problems. In this researcher focused on the study
of evolutionary algorithms for solving multi-objective optimization problems with a large
number of objectives. First, a comparative study of a newly developed dynamical multi-
objective evolutionary algorithm (DMOEA) and some modern algorithms, such as the
indicator-based evolutionary algorithm, multiple single objective Pareto sampling, and
non dominated sorting genetic algorithm II, is presented by employing the convergence
metric and relative hyper volume metric. For three scalable test problems (namely,
DTLZI1, DTLZ2, and DTLZ6), which represent some of the most difficult problems
studied in the literature, the DMOEA shows good performance in both converging to the
true Pareto-optimal front and maintaining a widely distributed set of solutions. Second, a
new definition of optimality (namely, L-optimality) is proposed in this paper, which not
only takes into account the number of improved objective values but also considers the
values of improved objective functions if all objectives have the same importance.
Researcher proves that L-optimal solutions are subsets of Pareto-optimal solutions.
Finally, the new algorithm based on L-optimality (namely, MDMOEA) is developed, and

simulation and comparative results indicate that well-distributed L-optimal solutions can

6



be obtained by utilizing the MDMOEA but cannot be achieved by applying L-optimality
to make a posteriori selection within the huge Pareto non dominated solutions. We can

conclude that our new algorithm is suitable to tackle many-objective problems [18].

Exploring new horizons in evolutionary design of robots is proposed by Stephane
Donicieus et al. using Evolutionary algorithm and work in robotics. This introduction
paper to the 2009 IROS workshop “Exploring new horizons in Evolutionary Design of
Robots” considers the field of Evolutionary Robotics (ER) from the perspective of its
potential users: robot cists. The core hypothesis motivating this field of research will be
discussed, as well as the potential use of ER in a robot design process. Three main aspects
of ER will be presented: (a) ER as an automatic parameter tuning procedure, which is the
most mature application and is used to solve real robotics problem, (b) evolutionary-aided
design, which may benefit the designer as an efficient tool to build robotic systems and
(c) automatic synthesis, which corresponds to the automatic design of a mechatronic

device. Critical issues will also be presented as well as current trends and perspectives in

ER [20].

Evolutionary computation: An Overview and Recent Trends proposed by Gunther

Raidl. In this Gunther explained recent trends in evolutionary algorithms [22].

Dong Hwa kim, et al focuses on tuning scheme of the PID controller based on the
required reference model using immune algorithms for a process. Up to this time, many
sophisticated tuning algorithms have been tried in order to improve the PID controller

performance under such difficult conditions [23].

In this paper author Dong Hwa Kim et al uses PID controller tuned by genetic
algorithms. This paper addresses comparison of tuning method of the PID controller
using immune based tuning technique and genetic algorithm based tuning technique on

steam temperature process with long dead time [24].

This paper Researcher Dong Hwa Kim et al focuses on tuning of the PID
controller with disturbance rejection using immune algorithms. To decide the

performance of response, an ITSE is used in this paper. Up to this present time, PID



controller has been used to operate this system because of its implementation advantages

[25].

Dong Hwa Kim focuses on tuning PID controller gain/phase margin and immune
algorithms. After deciding optimal gain/phase margin specification for the given process,
the gains of PID controller using fitness value of Immune algorithm depending on error
between optimal gain/phase margin and the gain/phase margin obtained by tuning is

tuned for the required response [26].

Maryam Khoie et al focuses, a genetic-AIS algorithm is introduced for PID
controller tuning using a multi-objective optimization frame work. The auto-tuned PID
algorithm is then fused in an immune feedback law based on a nonlinear proportional
gain to realize a new PID controller. Accordingly, this leads to a more effective Immune-
based tuning than the Conventional PID tuning schemes benefiting a multi-objective

optimization prospective [27].

Tian Xiao-min et al focuses in this paper traditional PID controller is used as a

fractional order PI*D*controller . the application technology of traditional PID
controller has been very mature, but in complex industrial production, the controller

object often is non-linear or time-varying, traditional PID controller often can not reach

the desired effect, which introduced the concept of fractional order PI*D* controller is

still a problem to be resolved [28].

In this paper author Dong Hwa Kim proposed the immune network based on fuzzy
set suggested here is applied for the PID controller tuning of multi-objective process with
two inputs and one output. The result of study shows the artificial immune based on fuzzy
set can effectively be used to tune the nonlinear process or the multivariable process,
since it can more fit modes or parameters of the PID controller than that of the
conventional tuning methods, against the noise or disturbance, various inputs, and

coupling action between loops [29].

Young Jin Lee et al proposed in this paper, a adaptive PID control method based on
humeral immune algorithm and neural network identifier technique. When HIA is applied
to PID controller, there exists the case that the plant is damaged due to abrupt change of

PID parameters. Since the parameters are almost adjusted randomly.



Dong Hwa Kim focuses on tuning of controller with disturbance rejection using
immune based multi-objective approach, an ITSE is used decide performance of tuning
results. Strictly maintaining the steam temperature can be difficult due to heating value
variation to the fuel source, time delay changes in the main steam temperature, the change

of dynamic characteristics in the reheater [30].



CHAPTER 3
DC MACHINE MODEL

3.1 Introduction

When a separately excited motor is excited by a field current of if and an armature
current i, flows in the circuit, the motor develops a back emf and a torque to balance the load
torque at a particular speed. The armature winding is connected to an external DC source,
hence it plays the role of the current carrying conductor placed in the magnetic field. The i is
independent of the 1, . Each windings are supplied separately. Any change in the armature
current has no effect on the field current. The if is much less than the i,. The direction of
rotation depends on the direction of magnetic field produced by the field winding as well as
as the direction of armature current. The direction of rotation is decided by Fleming’s left

hand rule.
3.2 DC Machine Model (Separately Excited)

The design method uses the concepts of the system theory, such as signals and
systems, transfer functions, direct and inverse Laplace transforms. This requires building the

appropriate Laplace model for each component of the whole system.

In order to build the DC motor’s transfer function, its simplified mathematical model
has been used. This model consists of differential equations for the electrical part, mechanical
part and the interconnection between them. The electric circuit of the armature and the free

body diagram of the rotor are shown in figure 3.1.

Figure 3.1:-The electric circuit of the armature and the free body diagram of the rotor for a

DC motor
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The motor torque T is related to the armature current, i, by a constant factor K - The

back emf, g . is related to the rotational speed, 0 by the following equations:-

T =K,
.30

n ¢ .32

Assuming that K (torque constant) = K (electromotive force constant) = K, (motor

constant).

From figure 1 and above known values, the following equations can be written based on

Newton’s law combined with Kirchhoff’s law:

J d (1) LB doé(t)

T —-T, =
JO+BO=K,i-T, 4
i
L <+Ri=V-K @
dt .35

3.3 Transfer Function

Using Laplace transform, the above equations can be expressed in terms of s-domain.

(Js+B)6(s)=K,I(s)-T, (s) 36

(Ls+R,)I(s)=V(s)-K,s6(s) 3

By eliminating / (s), the following open-loop transfer function can be obtained, where the

rotational speed 8 is the output and the voltage V' is the input.
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3.3.1 Speed Control
a)
Assuming T, (load torque) = 0,

T, (friction torque) = 0 and,

feedback constant K =K, ;

the transfer function is:-

0 (s) _ K
V(s) (Js+B)(L,s+R,)+K,*
T .()=0 .38
The block diagram obtained from this equation is shown in figure 3.2:
1(s) >
- T,(s) =0
1
w|s) or 1 R > >
V(s) + +
K, |«
Figure 3.2: Block diagram representation for SPEED Response with 7, =0
b) Assume V(s) =0;
For Speed Control, the transfer function is given (from equations 6 and 7):-
= 2 .9
TL (S)V(s)=0 |:(JS+B)(LmS+Rm)+Km :I

The block diagram obtain for this equation is shown in figure 3.3 drawn below:-

12



- @(s) or 4(s)

v

—> —> Ls+R [ —> —> Js+ B

K

A

Figure 3.3:- Block diagram representation for SPEED Response with V(s) =0

3.3.2 Position Control:-

a) Assuming7, =0, for position control the transfer function is given as [2]:-

0 (s) K,
= .3.10
V(s)TL(S):O s|(Js+B)(L,s+R,)+K,"|
b) Assuming V(s)=0, for Position Control, the transfer function is given as:-
6 (s) -(L,s+R,)
- 311

T, (s)|, 0 S[(Js+B)(L,s+R,)+K,” |

3.4 Design requirements

Since the most basic requirements of a motor are that it should rotate at the desired

speed, the steady-state error e of the motor speed should be less than 1%. The other
performance requirement is that the motor must accelerate to its steady-state speed 6"55 as
soon as it turns on. In this case, it is desirable to have a settling time 7| in less than 2 sec.
since speed faster than the reference may damage the equipment; a peak overshoot M, of

less than 5% is wanted.
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3.5 PID control design method

Different characteristics of the motor response (steady-state error, peak overshoot, rise
time, etc.) are controlled by selection of the three gains that modify the PID controller
dynamics. Figure 3 shows how the PID controller works in the closed-loop system. The
variable e represents the tracking error; the difference between the desired input value R
and the actual output Y . This error signal will be sent to the PID controller computes both the
derivative and the integral of this signal. Therefore, the PID controller is defined by the
relationship between the controller input ¢ and computes output u that is applied to the motor

armature:

de
u=K e+ K.|edt+ K, —
P l_[ ddt .3.12

Where K - Proportional gain
K, - Integral gain
K, - Derivative gain.

The signal u will be sent to the plant and the new output ¥ will be obtained and sent back to
the sensor again to find the new error signal e. The controller takes e and computes its

derivative and it’s integral again.

This process goes on and on. By adjusting the weighting constants K, K and K, the PID

controller can be set to give the desired performance.
(PID controller is discussed in detail in Chapter 4)

Taking Laplace Transform of equation (8) gives the following transfer function:

K.
K(s):&zKp+ -+ K s
E(s) S
:de2+Kps+Ki 3
S 3.
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CHAPTER 4
CLASSICAL PID TUNING METHODS

4.1 INTRODUCTION

PID is the most common and most popular feedback controller used in Industrial
Process today. A PID controller calculates an "error" value as the difference between a
measured process_variable and a desired ‘set-point’. PID controller is also known as three-
term control:- the proportional(P), integral(I) and derivative(D). By tuning these three
parameters in the PID controller algorithm, the controller can provide control action designed

for specific process requirements.

After implementing the PID controller, now we have to tune the controller; and there are
different approaches to tune the PID parameters like P, I and D. The Proportional (P) part is
responsible for following the desired set-point while the Integral (I) and Derivative (D) part
account for the accumulation of past errors and the rate of change of error in the process or

plant, respectively.
4.2 P+I1+D CONTROLLER

As we have stated that PID controller is a sum of P, I and D controller, so now we

must also discuss the function of each.

e Proportional (P) controller calculates the term proportional to the ‘error’.

¢ Integral (I) controller calculates a term proportional to integral of ‘error’. An integral
controller gives zero SSE (Steady State Error) for a step input but reduces the speed
of a system.

e Derivative (D) controller calculates a term proportional to derivative of ‘error’. A

derivative control terms often produces faster response.

4.2.1 Proportional (P) term

Proportional term makes a change to the output that is proportional to the current
error value. The proportional response can be adjusted by multiplying the error by a

constant K, called the proportional gain.
The proportional term is given by:
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P..=K () i

4.2.2 Integral (I) term

The contribution from the integral term is proportional to both the magnitude of the
error and the duration of the error. The integral in a PID controller is the sum of the
instantaneous error over time and gives the accumulated offset that should have been
corrected previously. The accumulated error is then multiplied by the integral gain (K;) and

added to the controller output.

The integral term is given by:

[,=K [e@us

.. 4.2

4.2.3 Derivative (D) term

The derivative of the process error is calculated by determining the slope of the error
over time and multiplying this rate of change by the derivative gain K;. The magnitude of the
contribution of the derivative term to the overall control action is termed the derivative

gain, K.

The derivative term is given by:

d
D out K dEe(t)

.. 43
4.2.4 PID term
The PID controller output can be obtained by adding the three terms.
_ _ K.
G.(s)=P+1+D=K + + K 5
P .44
1
” G .=k ”[1+Tis+TdsJ .45

Where Kp= Proportional gain,
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Ki= integration coefficient,
Kd= derivative coefficient,
Ti= integral action time,

Td= derivative action time

The block diagram of PID controller is shown below:-

A 4

Y
v

SP + /L+ y
I > »  Gp(s)
=0 (s
I +

Figure 4.1: Block diagram representation of a PID control

4.3 CLASSICAL PID CONTROLLER TUNING METHODS

4.3.1 OPEN LOOP TUNING METHODS
INTRODUCTION

Open loop tuning methods are where the feedback controller is disconnected and the
experimenter excites the plant and measures the response. The key point here is that since the
controller is now disconnected the plant is clearly now no longer strictly under control. If the
loop is critical, then this test could be hazardous. Indeed if the process is open-loop unstable,
then we will be in trouble before we begin. Notwithstanding for many process control
applications, open loop type experiments are usually quick to perform, and deliver
informative results. If the system is steady at setpoint, and remains so, then we have no

information about how the process behaves.
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There are various tuning strategies based on an open-loop step response. While they all
follow the same basic idea, they differ in slightly in how they extract the model parameters
from the recorded response, and also differ slightly as to relate appropriate tuning constants
to the model parameters. There are four different methods, the classic Ziegler-Nichols open
loop test, the Cohen-Coon test, Internal Model Control (IMC) and Approximate M-
constrained Integral Gain Optimization (AMIGO). Naturally if the response is not sigmoidal
or ‘S’ shaped and exhibits overshoot, or an integrator, then this tuning method is not
applicable.

This method implicitly assumes the plant can be adequately approximated by a first order

transfer function with time delay,

B Ke™®
P Ts+1

.. 4.6

where K is gain, 0 is the dead time or time delay, and T is the open loop process time
constant. Once we have recorded the open loop input/output data, and subsequently measured
the times T and 0, the PID tuning parameters can be obtained directly from the given tables

for different classical methods.

1 s

Plant |——

mput output

Figure 4.2: First order system

The method is based on computing the times t1 and t2 at which the 35.3% and 85.3% of the

system response is obtained as shown in the figure:
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85.3%

35.3%

II l’ t

Figure 4.3: First order system response
After computing the t1 and t2 times, the time delay (8) and process time constant (T) can be

obtained from the following equations:

6=131 —0.29t,
T =0.67(t,—1,)

.47

Results

Table 4.1: Time domain analysis of DC machine open loop

Rise Time Setting Time Overshoot

0.3296 0.5902 0

Table 4.2: Servo speed control

Rise Time Setting Time Overshoot

0.0070 0.0226

10.3365

Table 4.3: Regulatory Speed Control

Rise Time

Setting Time

Overshoot

8.6457e-005

0.0271

1.9227e+003
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4.3.2 ZIEGLER-NICHOLS TUNING METHOD

The PID tuning parameters as a function of the open loop model parameters K, T and 0

from equation (4.1) as derived by Ziegler-Nichols.

They often form the basis for tuning procedures used by controller manufacturers and
process industry. The methods are based on determination of some features of process
dynamics. The controller parameters are then expressed in terms of the features by simple
formulas. The method presented by Ziegler and Nichols is based on a registration of the
open-loop step response of the system, which is characterized by two parameters. first
determined, and the tangent at this point is drawn. The intersections between the tangent and
the coordinate axes give the parameters 7 and 6. A model of the process to be controlled was
derived from these parameters. This corresponds to modeling a process by an integrator and a
time delay. Ziegler and Nichols have given PID parameters directly as functions of 7 and 6.
The behavior of the controller is as can be expected. The decay ratio for the step response is
close to one quarter. It is smaller for the load disturbance. The overshoot in the set-point

response is too large.

Table 4.4: Ziegler-Nichols Tuning Method

Controller K, T; Tyq
P T - -

Ko

Ziegler- PI 0.97 K }

Nichols ko 0.3

Method PID 1.2T 20 0.56
K6

(Open

loop)
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Results

Table 4.5: ZN comparison Transfer function and time delay forms for DC machine model

For | Gain Phase | Kp Ti Td Rise | Settln | Overshoo | Modulu | Delay
m margi | margin time | gtime |t s margin | margi
n n
T.F. | Inf 92.512 | 0.018 | 0.577 | 0.144 |2.623 | 47871 |0 - 0.0616
6 5 4 4 2 445.611
Step Response
g 1
0.3 -
0.2 -
0.1 | —
0 1 1 1 1 1 1
o 1 2 3 = 5 [ T
Time (sec)
Figure 4.4 (a): Step response for T.F form
Bode Diagram
Zmo=Inf , Pm =925 deqg (at 26.2 radizec)
30 T . — ——
20
g
= 10
=
-10
-20
45
@ u}
E_q_s o ot e e R e B S e T e e s S
B rssaisir Wi L
107 10" 10 10°

Frequency (radizec)

Figure 4.4 (b): Bode Plot for T.F form
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4.3.3 COHEN-COON TUNING METHOD

The PID tuning parameters as a function of the open loop model parameters K, T and 6

from equation (4.2) as derived by Cohen-Coon:

Cohen and Coon based the controller settings on the three parameters 6, T and K of the

open loop step response. The main design criterion is rejection of load disturbances. The

method attempts to position closed loop poles such that a quarter decay ration is achieved.

Although, one more parameter is used in this method, the results are not much better

than the Ziegler-Nichols settings, mainly because of the decay ration being too small, leading

to low damped closed-loop systems.

Table 4.6: C-C Tuning Method

Controller

Kp T; Ta
P 1 T( 6 j - -
I 1_|__
K 6@ 3T
Cohen-Coon PI 1 T(09 6 j 0(30+30/Tj -
loop) PID 17(4 &6 g[32+60/T) | 4
K 6\3 4T 13+80/T 11+268/T
Results

Table 4.7: C-C comparison Transfer function and time delay forms for DC machine model

For Gain Phase | Kp Ti Td Rise Settln | Overshoo | Modulu | Delay
m margi | margin time gtime |t s margin | margi
n n
T.F. Inf 80.249 | 0.028 | 0.441 | 0.077 1.381 2.6325 | 0 - 0.0593
8 0 4 6 2 1.8847e
+003
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Step Response

Amplituce

1
o 0.5 1 1.5 2 2.5 3 3.5 4 4.5 =]

Time [(gec)

[=]

Figure 4.5(a): Step response for T.F form

Bode Diagram
Gmo=Inf, Pm =925 deg (at 26.2 radisec)
30 e - s e

Magnitude (dE)

Phaze (deg)

Frequency (radisec)

Figure 4.5(b): Bode Plot for T.F form
4.3.4 INTERNAL MODEL CONTROL (IMC) TUNING METHOD

The PID tuning parameters as a function of the open loop model parameters K, T and 6

from equation (4.6) as derived by Internal Model Control (IMC).

The objective of the internal model control (IMC) tuning rule (Morari and Zafiriou,
1989) is to match the control performance of the PID controller with that of the IMC
controller. The FOPTD model can approximate the usual overdamped processes. The model

can be obtained by various process identification methods. The IMC tuning rule determines
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the tuning parameters using the formulas, where 4>0.256 for PID controller and 4>1.76
for PI controller. If a smaller value of A is chosen, then a faster closed-loop response is
obtained. However, too small a A value results in an oscillatory or unstable closed-loop
response. If the model is accurate, then the tuning parameters with A4>0.250 show good

control performances and robustness for the step setpoint change.

The IMC tuning rule shows excellent control performances for a step setpoint change.
Meanwhile, it shows sluggish control performances for step input disturbance rejection. Here,
the step input disturbance is the step-type disturbance added to the process input. The FODPT
model has a structural limitation in representing underdamped or high-order processes. Thus,
the IMC tuning rule based on the FOPTD model shows poor control performances for

unusual processes, such as underdamped or high-order processes.

Table 4.8: IMC Tuning Method

Controller K, T; Ty
PI -
2T +6 T4 g
IMC Method 22
(Open loop) | PID 2T +6 T4 [ T6
2(A+6) 2 2T + 6

where 4 >1.78 for PI controller
and 4>0.256 for PID controller
Results

Table 4.9: IMC comparison Transfer function and time delay forms for DC machine model

Lambda=0.0722

For | Gain Phase | Kp Ti Td Rise | Settln | Overshoo | Modulus Dela
m margi | margi time | gtime |t margin y
n n marg
in
T.F. | Inf 77.853 1 0.024 | 0.292 | 0.073 | 0986 | 1.7939 | 0 - 0.06
5 4 8 2 4 8.5047e+0 | 58
03
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Step Response
T

Ampitude

Figure 4.6(a): Step response for T.F. form

Bode Diagram
Smo=Inf , Pm =77 .9 deqg (at 20.7 radisec)
% T i T > o L R T

Magnitude (dB)

Phase (deg)

45

-30

=135

T SRR [FUPLDE PP PR 7o Y

10

10’ 10 107

Frequency [(radfzec)

Figure 4.6(b): Step response for T.F. form

4.3.5 APPROXIMATE M-CONSTRAINED INTEGRAL GAIN OPTIMIZATION

(AMIGO) TUNING METHOD

The PID tuning parameters as a function of the open loop model parameters K, T and 6
from equation (4.6) as derived by Approximate M-constrained Integral Gain Optimization

(AMIGO).
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Table 4.10: AMIGO Tuning Method

Controller K, T; Ty
AMIGO PID 1 T 0.46+0.8T 0.56T
Method (Open _(O'2+0‘45_j 9( 0+0.1T j 0.36+T
loop)

Result

Table 4.11: AMIGO comparison Transfer function and time delay forms for DC machine

model

For | Gain Phase | Kp Ti Td Rise | Settlng | Overshoot | Modulus | Delay
m margin | margin time | time margin margin
T.F. | Inf 90.935 | 0.013 | 0.77 | 0.091 |4.775 | 87130 | O - 0.0979
2 0 17 2 1 1.1013e+
004

Bode Diagram
Zm=Inf , Pm =909 deqg [at
o L R A B L P TR ;

16.2 radszec)
LA B A B

40

20

Magnitude (dB)

45

-90

Phzze (deq)

T s e e e D i st s e e st e e (e SN g g e e e Y
a5 4G 10" 10 10°
Freguency (radfizec)

Figure 4.6(c): Bode Plot for T.F. form
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Step response of system tuned with OPEN LOOP PID methods

Z-N open loop method
Cohen-Coon method
INC tuning method
CHR tuning method
AMIGO tuning method

Amplitude

Time (s&c)

Figure 4.7: Step Response for T.F. Form

4.4 CLOSED LOOP TUNING METHODS
4.4.1 ZIEGLER-NICHOLS TUNING METHOD

The Ziegler-Nichols continuous cycling method is one of the best known closed loop
tuning strategies. The controller gain is gradually increased (or decreased) until the process
output continuously cycles after a small step change or disturbance. At this point, the
controller gain is selected as the ultimate gain, K,, and the observed period of oscillation is
the ultimate period, P,. Ziegler and Nichols originally suggested PID tuning constants as a
function of the ultimate gain and ultimate period.

The control system performs poor in characteristics and even it becomes unstable, if
improper values of the controller tuning constants are used. So it becomes necessary to tune
the controller parameters to achieve good control performance with the proper choice of
tuning constants. Controller tuning involves the selection of the best values of K, Ti and TD
@if a PID algorithm is being used). This is often a subjective procedure and is certainly
process dependent. It is widely accepted method for tuning the PID controller. The method is

straightforward. First, set the controller to P mode only. Next, set the gain of the controller
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(K,) to a small value. Make a small set point (or load) change and observe the response
of the controlled variable. If K, is low the response should be sluggish. Increase K, by a
factor of two and make another small change in the set point or the load. Keep increasing K,
(by a factor of two) until the response becomes oscillatory. Finally, adjust K, until a response
is obtained that produces continuous oscillations. This is known as the ultimate gain (K,).
Note the period of the oscillations (Py). The steps required for the method are given below.
We have to set the integral and derivative coefficients are zero. Gradually increase the
proportional coefficient from O to until the system just begins to oscillate continuously.
The proportional coefficient at this point is called the ultimate gain K,. And the period of
oscillation at this point is called ultimate period P,. The K,=gain margin of the system
and the P,=(2*pi)/wcg, where, the wcg is the gain cross over frequency. Gain margin is

the reverse of amplitude ratio.

Table 4.12: Z-N Tuning Method

Controller K, T; Ty
Ziegler-Nichols | P 0.5K, - _
Method (Closed PI 045K, P /12 -
loop)

PID 0.6K, P /2 P /8
Results

Table 4.13: ZN comparison Transfer function and time delay forms for DC machine model

Form | Gain Phase | Kp Ti Td Rise | Settlng | Overshoot | Modulus | Delay
margin | margin time | time margin | margin
T.F. |9.2204 |- 0.9482 | 0.0071 | 0.0018 | 0.061 | 0.0612 | 39.3881 5.2104 | 0.0504
43.7651
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Step Response

Ampitude
°

Time (sec)

Figure 4.8(a): Step response of T.F. form

Bode Diagram

130

100

a0

Magnitude (d8)

-a0

=100

Zm =195 dB (at 273 radfzec) , Pm = -43.5 deg (at 110 radizsec)

-a0

-135

=150

Phaze (deq)

D S e R s e D

sl
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10
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10"

107

Fregquency [radizec)

Figure 4.8(b): Bode Plot of T.F. form

4.4.2 MODIFIED ZIEGLER-NICHOLS TUNING METHOD

Table 4.14: Modified Z-N Tuning Method

Controller K, T; T4
Ziegler-Nichols | No Overshoot 0.2K, P /2 P /2
Method (Closed

Some 0.33K, P /2 P /3
1 PID
00p) Overshoot
Controller
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Results

Table 4.15: Modified ZN comparison Transfer function and

machine model

time delay forms for DC

Form Gain Phase | Kp Ti Td | Rise | Settlng | Oversho | Modulus | Delay
margin | margin time | time ot margin margin
Transfer | 6.9803 | - 031 |0.00 |00 |0.013 |0.1875 |37.8173 | 0.3192 0.0768
Function 50.619 | 61 71 071 |2
2

Step Response

Magritude (dE)

Phizze (deg)

100

I
0.15
Time (sec)

I I
0.05 0.1

I
0.25

Figure 4.9(a): Step response of T.F. form

Bode: Disgram

Gim = 16.9 dB (at 137 radizec) |

0.35

Pm = -50.6 deqg (at 703 radizec)
T T — T T T

n
o

[m]

t
(=]

=100

-a0

-1335

=180

-225

Bl n ) S S R SO0 S

o At g LR S S et ok i

10

107

Frequency [(radfzec)

Figure 4.9(b): Bode Plot of T.F. form
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4.4.3 TYREUS-LUYBEN TUNING METHOD

Table 4.16: T-L tuning Method

Controller K, T, T,
P1 031K, 2.2P, -

Tyreus-Luyben

Method (Closed | T1P 0.45K, 22P, P, /63

loop)

Results

Table 4.17: Tyreus-Luyben comparison Transfer function and time delay forms for DC

machine model

Form | Gain Phase | Kp Ti Td | Rise Settlng | Overshoot | Modulus | DM
margin | margin time time margin
Transf | 1.7739 | -7.3591 | 0.711 | 0.0313 | 0.00 | 0.0104 | 0.0721 | 11.3907 0.0553 0.0777
er 2 23
Functi
on
Step Response
1.4 T
1.2 -
i §
g 0.8 |- .
g 0.6 - .
0.4 |- .
0.2} .
0O 0.61 0.62 0.63 0.64 O.‘OS O.‘OG O.‘O7 O.‘08 O.‘OQ 0.1
Time (sec)

Figure 4.10(a): Step response of T.F. form
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Bode Diagram
Zm =4 .98 dB (at 104 radfzec) |, Pm = -7 .36 deqg (at 79.2 radsfsec)
100 — : : ey B E

=1

Magnitude (dE)
m)

-50

=100
-a0

-135

Phase (deg)

-1&0

10°

Frequency [(radfzec)

Figure 4.10(b): Bode Plot of T.F. form

4.4.4 CHIEN-HRONES-RESWICK TUNING METHOD

Chien, Hrones and Reswick (CHR) changed the step response method to give better
damped closed-loop systems. They proposed to use "quickest response without overshoot" or
"quickest response with 20% overshoot" as design criteria. They also made the important
observation that tuning for setpoint response or load disturbance response are different. To
tune the controller according to the CHR method, the parameters 7 and 6 of the process
model are first determined in the same way as for the Ziegler-Nichols step response method.
The controller parameters for the load disturbance response method are then given as

functions of these two parameters.

However, when the 0% overshoot design criteria is used, the gain and the derivative
time are smaller and the integral time is larger. This means that the proportional actions, the
integral action, as well as the derivative action, are smaller. In the setpoint response method,

the controller parameters are not only based on 7 and 6, but also on the time constant 7.

a=Ko/T
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Table 4.18: C-H-R Tuning Method

Controller K, T; Ty
Chien-Hrones- | PI 047K, 1 -
Reswick

Method (Open

loop)

Results

Table 4.19: C-H-R comparison Transfer function and time delay forms for DC machine

model

Form Gain Phase | Kp Ti | Td | Rise | Settlng | Overshoot | Modulus | Delay
margin | margin time | time margin | margin

Transfer | inf 43487 07428 |1 |0 0.0115 | 0.9655 | 1.7198 0.0446 | 9.4907e-

Function 004

Step Response

Acglituce
o
o

T

|

Figure 4.11(a): Step response of T.F. form
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Figure 4.11(b): Bode Plot of T.F. form
4.4.5 ASTROM-HAGGLUND TUNING METHOD

An improvement of the Ziegler-Nichols method is given by Astrom and Haglund. They
propose to use a relay feedback. This nonlinear feedback includes a limit cycle oscillation.
The period of this oscillation is T, and a good estimate for the ultimate gain can be calculated

from the oscillation amplitude a with:

The major advantage of using relay feedback is that the system is not driven to
instability. Further, it offers the possibility to identify different points on the Nyquist curve

which gives more information about the course of the Nyquist plot

Table 4.20: A-H Tuning Method

Controller K, T; Ty
Astrom- PI 0.32K, 0.94 -
Hagglund

Method (Open

loop)
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Result

Table 4.21: A-H comparison Transfer function and time delay forms for DC machine

model

Form Gain Phase | Kp Ti Td | Rise | Settlng | Overshoot | Modulus | Delay
margin | margin time | time margin | margin

Transfer | Inf 0.0516 | 0.5057 | 0.9400 | 0 | 0.0173 | 0.8676 | O 0.0164 1.3741e-

Function 007

Anplituce

Magntude (d8)

Phage (deg)

Step response of system tuned w ith CLOSE LOOP PID tuning method
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Figure 4.12(a): Step response of T.F. form
Bode Disgram
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Figure 4.12(b): Bode Plot of T.F. form
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CHAPTER 5
OPTIMAL TUNING USING ERROR INDICES

5.1 METHOD 1

This method proposed by P.W. Murrill et. al for optimal tuning of PID controller using

integral performance indices for Servo and Regulatory response.
5.1.1) SERVO RESPONSE:

If the tuning parameters are calculated for a set-point change (i.e. for Servo Response),
the integral time will be longer and the derivative time will be shorter, and they will depend

mostly on the time constant of the process.

The relationship between the controller settings based on integral criterion and the ratio

t, / Tis expressed by the tuning relationship given in equation 5.1.1

£\
Y:A(ij 5L
T

Where Y = KK _ for proportional mode, 7/7 for reset mode; A, B=constants for given

controller and mode; f,,7 =pure delay time and first-order lag time constant respectively.

Using these equations:

B
K, =%(t—°j 512
T

l B
T, = T*A(—Oj
T ..5.14
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a) For PI Controller:

The table for coefficients A and B for PI controller optimal tuning for error indices is

given in table below:

Table 5.1: Servo Response for PI controller

ERROR Controller A B

INDICES

IAE P 0.758 -0.861
I 1.020 -0.323

ITAE P 0.586 -0.916
I 1.030 -0.165

b) For PID Controller:

The following table shows the value of coefficient A and B for PID controller

Table 5.2: Servo Response for PID controller

ERROR Controller A B

INDICES

IAE p 1.086 -0.869
I 0.740 -0.130
D 0.348 0.914

ITAE P 0.965 -0.855
I 0.796 -0.147
D 0.308 0.929

5.1.2) REGULATORY RESPONSE

With tuning parameters calculated for load rejection (i.e. for Regulatory Response), the

integral time (7;) and derivative time (7,) will depend mostly on the dead time (z,) of the

process
a) For PI Controller

Table below shows value of A and B for PI controller
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Table 5.3: Regulatory Response for PI controller

ERROR Controller A B

INDICES

IAE P 0.984 -0.986
I 0.608 -0.707

ITAE P 0.859 -0.977
I 0.674 -0.680

ISE P 1.305 -0.959
I 0.492 -0.738

b) For PID Controller:

Table below shows value of A and B for PID controller

Table 5.4: Regulatory Response for PID controller

ERROR Controller A B

INDICES

IAE P 1.435 -0.921
I 0.878 -0.749
D 0.482 1.137

ITAE P 1.357 -0.947
I 0.842 -0.738
D 0.381 0.995

ISE P 1.495 -0.945
I 1.101 -0.771
D 0.560 1.006

5.2 METHOD II

This method proposed by M. Zhuang et al. is used to obtain optimum PID controller
settings for minimizing time weighted integral performance criteria. FOPDT model is

considered here for optimization using method I.
5.2.1) SERVO RESPONSE

The FOPDT model transfer function is given by:

G(s)=Re_ 521
Ts+1

The following formulae gives the KK, , T/T,, T, /T as the functions of 7/T .
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(range of 7/T is between 0.1 to 1.0)

by
K, = ﬁ(ij 522
K\T
T, :; ..5.23
a,+b,(t/T)

by

7\
T, =a,T (;j ..5.24

a) For PI Controller

The values of coefficients for optimal PI controller tuning is given in following table

Table 5.5: Servo Response for PI controller

Parameters ISE ISTE
a, 0.980 0.712
b, -0.892 -0.921
a, 0.690 0.968
b, -0.155 -0.247
b) For PID Controller

The following table shows PID Controller optimal tuning parameter values:

Table 5.6: Servo Response for PID controller

Parameters ISE ISTE
a, 1.048 1.042
b, -0.897 -0.897
a, 1.195 0.987
b, -0.368 -0.238
a, 0.489 0.385
b, 0.888 0.906




5.2.2) REGULATORY RESPONSE:

The tuning formulae for step disturbance input (i.e. regulatory response) are:

hl
K, =ﬁ(1j 525
K\T
b2
I, T\T
by
7\
Td = a3T (;j 527
a) For PI Controller

The values of coefficients for PI controller are:

Table 5.7: Regulatory Response for PI controller

Parameters ISE ISTE

a, 1.279 1.015

b, -0.945 -0.957
a, 0.535 0.667

b, -0.586 -0.552
b) For PID Controller

The values of coefficients for PI controller are:

Table 5.8: Regulatory Response for PID controller

Parameters ISE ISTE
a, 1.473 1.468
b, -0.970 -0.970
a, 1.115 0.942
b, -0.753 -0.725
a, 0.550 0.443
b, 0.948 0.939
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Results: Optimal PID Tuning of Servo System for Speed Control

Table 5.9: Optimal PID Tuning for Servo System IAE based

Kp Ti Td Rise Settling | Phase Overshoot | Delay | Mod Marg.
time time Margin Margin
0.0183 | 0.3047 | 0.0949 | 1.3282 | 2.3597 | 85.9274 | 0 0.0766 | -
2.0507e+003

Magnitude (dB)

Fhaze (deg)

Bode Diagram
Gm = Inf , Pm=58519 deg (at 196 radfzec)

40

Frequency (radfzec)

Figure 5.1: Bode Plot of T.F. form

Table 5.10: Optimal PID Tuning for Servo System ISE based

Kp Ti Td Rise Settling | Phase Overshoot | Delay | Mod
time time Margin Margin | Marg.
0.0173 | 0.3097 |0.1310 | 1.4267 | 2.4931 91.7641 | 0 0.0698 | -
667.6337
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Phaze (deg)

Magnitude (dB)

Bode Diagram
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Figure 5.2: Bode Plot of T.F. form

Table 5.11: Optimal PID Tuning for Servo System ITAE based

Kp Ti Td Rise Settling | Phase Overshoot | Delay | Mod Marg.
time time Margin Margin
0.0165 | 0.2904 | 0.0848 | 1.3778 | 2.4397 | 84.1452 | 0 0.0844

8.6686e+003

Magnitude (d8)

Bode Diagram

Zm=Inf, Pm =541 deqg (at 17 .4 radifzec)

Fregquency [(radizsec)

Figure 5.3: Bode Plot of T.F. form
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Table 5.12: Optimal PID Tuning for Servo System ISTE based

Kp Ti Td Rise Settling | Phase Overshoot | Delay Mod
time time Margin Margin | Marg.
0.0172 | 0.2832 | 0.1044 | 1.2950 | 2.2678 | 88.2176 |0 0.0780 | -
6.6442¢-
004

Bode Diagram
Zm o= Inf , Pm = 58582 deg (at 19.7 radrisec)

Magnitude (d8)

Phise (deq)

Freguency (radizec)

Figure 5.4: Bode Plot of T.F. form

Optimal PID tuning for Servo speed response

Figure 5.5:

Optimal PID Tuning for Servo Speed Response
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5.3 Conclusion

Among the results of various error indices calculated, ISTE performs better because here
rise time and settling time is very less and overshoot is also zero. Table 5.12 and Figure 5.1

shows ISTE is more stable than the other methods.

In frequency domain only satisfied phase margin not gain margin in all four method and in

case of robustness all four method satisfied modulus margin and delay margin.
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CHAPTER 6

OPTIMAL TUNINIG OF PID CONTROLLER USING
EVOLUTIONARY ALGORITHM

6.1 Introduction

Evolutionary algorithms (EA) are stochastic optimization techniques based on natural
evolution and survival of the fittest strategy found in biological organisms. Evolutionary
algorithms have been successfully applied to solve complex optimization problem in
business, engineering, and science. Some commonly used EAs are Genetic algorithms
(GA’s), Evolutionary Programming (EP), Evolutionary Strategy (ES) and Differential
Evolution (DE). Each of these methods has its own characteristics, strengths and weaknesses.
In general, an EA algorithm can generate a set of initial solutions randomly based on the
given seed and population size. Afterwards, it will go through evolution operations such as
cross-over and mutation before evaluated by the objective function. The wining entity in the
population will be selected as the parents (or seed) of the next generation. The optimization
iteration continues until the termination criteria are satisfied. Typically, either the evolution
process reached users define maximum number of iteration or the improvement in objective

function between the two generations converges.

6.2 Aims of this topic:-

Te most important aim of this topic is to describe what an evolutionary algorithm is.
This description is deliberated based on a unifying view presenting a general scheme that

forms the common basis of all evolutionary algorithm variants.

6.3 What is an Evolutionary Algorithm?

As the history of the field suggest there are many different variants of Evolutionary
Algorithm. The common underlying idea behind all these techniques is the same: given a
population of individuals the environmental pressure causes natural selection (survival of the
fittest) and this causes a rise in the fitness of the population. Given a quality function to be

maximized we can randomly create a set of candidate solution, i.e. , elements of the
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function’s domain, and apply the quality function as an abstract fitness measure — the higher
the better. Based on this fitness, some of the better candidates are chosen to seed the next
generation by applying recombination and /or mutation to them. Recombination is an
operator applied to two or more selected candidates (the so-called parents) and results in one
candidate and results in one new candidate (the children). Mutation is applied to one
candidate and results in one candidate. Executing recombination and mutation leads to a set
of new candidates (the offspring) that compete — based on their fitness (and possible age) —

with the old ones for a place in the next generation.

In this process there are two fundamental forces that form the basis of evolutionary systems.
e  Variation operators (recombination and mutation) create the necessary diversity
and thereby facilitate novelty.

e Selection acts as a force pushing quality.

The combined application of variation and selection generally leads to improving fitness
values in consecutive populations. It is easy to see such a process as if the evolution is
optimizing, or at least “approximating”, by approaching optimal values closer and closer over
its course. Alternatively, evolution it is often seen as a process of adaptation. From this
perspective, the fitness is not seen as an objective function to be optimized, but as an
expression of environmental requirements. Matching these requirements more closely implies
an increased viability, reflected in a higher number of offspring. The evolutionary process
makes the population adapt to the environment better and better. The evaluation (fitness)
function represents a heuristic estimation of solution quality and the search process is driven
by the variation and the selection operators. Evolutionary algorithms (EA) posses a number
of features that can help to position them within the family of generate-and-test methods:

e Ea are population based, i.e., they process a whole collection of candidate solution

simultaneously.

e EAs mostly use recombination to mix information of more candidate solution into a

new one.

e EAs are stochastic.

Typically, the candidate are represented by (I.e., the data structure encoding a solution has the
form of) string over a finite alphabet in genetic Algorithm (GA), real-valued vectors in

Evolutionary Programming (EP) and trees in Genetic Programming (GP).
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Figure 6.1: The general scheme of an Evolutionary Algorithm as a Flow-Chart

6.4 Components of Evolutionary Algorithms

In this section we discuss Evolutionary Algorithm in. EAs have a number of

components, procedures or operators that must be specified in order to define a particular EA.

e Representation (definition of individuals)

¢ Evaluation function (or fitness function)

e Population

¢ Parent selection mechanism

e Variation operators, recombination and mutation

¢ Survivor selection mechanism (replacement)

6.4.1 Representation (Definition of individuals)

The first step in defining an EA is to link the “real world” to the “EA world”, that is to
set up a bridge between the original problem context and the problem solving space where

evolution will take place. Objects forming possible solutions within the original problem
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context are referred to as phenotypes, there encoding, the individuals within the EA, are
called genotypes. The first design step is commonly called representation. Here one could
decide to represent them by their binary code, hence 18 would be seen as a phenotype and
10010 as a genotype representing it. It is important to understand that the phenotype space
can very different from the genotype space. A solution — a good phenotype- is obtained by
decoding the best genotype after termination. To this hold end, it should hold that the
(optimal) solution to the problem at hand — a phenotype — is represented in the given
genotype space. It should be noted that the world “representation” is used in two slightly
different ways. Sometimes it stands for the mapping from the phenotype to the genotype
space. In this sense it is synonymous with encoding, e.g., one could mention binary
representation or binary encoding of candidate solutions. The inverse mapping from genotype
to phenotype is usually called decoding and it is required that the representation be invertible
: to each genotype there has to be at most one corresponding phenotype. The word
representation can also be used in a slightly different sense, where the emphasis is not on the
mapping itself, but on the “data structure” of the genotype space. This interpretation is behind

speaking about mutation operators for binary representation, for instance.

6.4.2 Evaluation Function (Fitness Function)

The role of the evaluation function is to represent the requirements to adapt to. It forms
the basis for selection, and thereby it facilitates improvements. It represents the task to solve
in the evolutionary context. Technically, it is a function or procedure that assigns a quality
measure to genotypes. Typically, this function is composed from a quality measure in the
phenotype space and the inverse representation. To remain with the above example, if we
were to maximize x> On this integer, the fitness of the genotype 10010 could be defined as
the square of its corresponding phenotype: 18%=324.

The evolution function is commonly called the fitness function in EC.

6.4.3 Population

The role of population is to hold (the representation of) possible solutions. A population
is a multi-set of genotypes. The population forms the unit of evolutions. For instance, the best

individual of the worst individual of the given population is chosen to seed the next
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generation, or the worst individual of the given population is chosen to be replaced by new
one. In almost all EA applications the population size is constant, not changing during the
evolutionary search.

The diversity of a population is a measure of the number of different solution present. No
signal measure for diversity exists; typically people might refer to the number of different
fitness values present, the number of different genotypes. Other statically measures, such as
entropy ,are also used. Note that only one fitness value does not necessarily imply only one
phenotype is present, and in turn only one phenotype does not necessarily imply only
genotype. The reverse is however not true: one genotype implies only one phenotype and

fitness value.

6.4.4 Parent Selection Mechanism

The role of parent selection or mating selection is to distinguish among individuals
based on their quality, in particular, to allow the better individuals to become parents of the
next generation. An individual is a parent if it has been selected to undergo variation in order
to create
offspring. Together with the survivor selection mechanism, parent selection is responsible for

pushing quality improvements.

6.4.5 Variation Operators

The role of variation operators is to create new individuals from old ones. In the

corresponding phenotype space this amount to generating new candidate solutions.

6.4.6 Mutation

A unary variation operator is commonly called mutation. It is applied to one genotype
and delivers a (slightly) modified mutant, the child or off spring of it. A mutation operator is
always stochastic: its output — the child — depends on the outcomes of a series of random
choices. It should be noted that an arbitrary unary operator is not necessarily seen as
mutation.
A problem specific heuristic operator acting on one individual could be termed as mutation
for being unary. However, in general mutation is supposed to cause a random, unbiased

change.
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6.4.7 Recombination

A binary variation operator is called recombination or crossover. The principal behind
recombination is simple — that by mating two individuals with different but desirable features,
we can produce an offspring which combines both of those features. This principal has a
strong supporting case it is one which has been successfully applied for millennia by breeders
of plant s and livestock, to produce species which give higher yields or have other desirable
features. Evolutionary Algorithm create a number of offspring by random recombination,
accept that some will have undesirable combinations of traits, most may be no better or worse
than their parents, and hope that some have improved characteristics.

It is important to note that variation operators are representation dependent. That is, for
different representations different variation operators have to be defined. For example, if
genotype are bit — strings, then inverting a 0 to a 1(1 to a 0) can be used as a mutation
operator. However, if we represent possible solutions by tree — like structures another

mutation operator is required.

6.4.8 Survivor Selection Mechanism (Replacement)

The role of survivor selection or environmental selection is to distinguish among
individuals based on their quality. In that it is similar to parent selection, but it is used in a
different stage of the evolutionary cycle. The survivor selection mechanism is called after
having created the offspring of the selected parents.

Survivor selection is also often called replacement or replacement strategy. In many
cases the two terms can be used interchangeably. The choice between the two is thus often

arbitrary.
6.4.9 Initialization

Initialization is kept simple in most EA applications: The first population is seeded by
randomly generated individuals. In principal, problem specific heuristics can be used in this

step aiming at an initial population with higher fitness. Whether this is worth the extra

computational effort or not is very much depending on the application at hand.
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6.5 Fields of application of EAs

e EAs have been thoroughly used in many domains. One of the most conspicuous fields
in which these techniques have been utilized is combinational optimization (CO)
e Telecommunication is another field that has witnessed the successful application of

EAs.

e EAs have been actively used in electronics and engineering as well.

6.6 Evolutionary Algorithms in Control System Engineering

With the increase of computational power in computers, evolutionary com-pupation has
become more applicable to complex linear and nonlinear control problems. Complex design
and optimization problems, uncertainties of the plant dynamics and lack of well known
procedures of synthesis, especially in nonlinear control, have been the key factors for the
spread of new synthesis and tuning techniques by means of evolutionary computation. A
considerable revival of PID control in the last ten years, for instance, is also caused by the
introduction of automatic tuning and new procedures to automatically optimize the
performance of a given system (Astraom,Haagglund 2001). Fleming, Purshouse (2002) say
that the evolutionary algorithm is a robust search and optimization methodology that is able
to cope with ill-behaved problem domains, exhibiting attributes such as multi-modality,

1

discontinuity, time-variance, randomness, and noise." They also explain that a control
problem rarely has a single solution and it is generally suitable for a family of non-dominated
solutions. "These Pareto optimal (PO) solutions are those for which no other solution can be
found which improves on a particular objective without detriment to one or more other
objectives'. (Fleming, Purshouse 2002) Controlled systems appear to be strongly attracted by
classes of Pareto optimal solutions. In most of the cases one solution is preferred to another
for marginal reasons. If a control problem is specified with strict constraints, it is likely to
have a unique optimum solution for the problem. Contrary, if some system specifications are
left free to vary in a certain range, several solutions might be suitable for the control problem.
Evolutionary computation has been proven to be an excellent tool to explore similar solutions
given the parallel approach of the search. A broad range of applications is captured under two

major classifications: online design and on-line optimization line application have proved to

be the most popular and successful. The reason is related to the computational effort and the
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uncertainty of the results. EAs in control engineering evolve solutions through the simulation
and evaluation of hundreds and often thousands of candidates. The process, in comparison to
other synthesis techniques, is computationally very expensive and time demanding. Industrial
controllers often require adaptive law or tuning and optimization procedures in the time scale
of seconds. In that case, tasks that require intensive computation are often executed by
dedicated hardware circuits designed for the purpose. However, EAs are in most of the cases
too complex to be implemented in hardware. An others factor that makes on-line applications
difficult is the uncertainty of the result of the search process caused mainly by the stochastic
nature of the algorithm. While standard techniques are usually designed to obtained a
solution with certain characteristic in a determined amount of time or calculations, EAs do
not guarantee neither to reach a target solution nor to do it in a fixed amount of time. For
mission-critical and safety-critical applications, such as aircraft control, navigation systems
and every kind of processes that cannot be suspended, this uncertainty in the results excluded
the use of EAs. Given this premise, it is clear how on-line computation has too strict
requirements that are unlikely met by EAs. A third weakness of solutions obtained by EAs is
related to the mechanism of synthesis itself. The solution found at the end of the computation

is evolved applying the Darwinian principle of the survival of the fittest.

6.7 Results

In this chapter all result related to evolutionary algorithm on different controller. Here

values of Kp, Ti and Td are obtained using evolutionary algorithm.

Ideal PID controller

Table 6.1: Ideal PID controller

For | Gain Phase Kp |Ti |Td Rise time | Settling | Over | Mod. Delay

m margin | Margin time shoot | margin Margin

T.F. | Inf 88.972 | .94 | .25 | .062 | 7.7878e- |0.1400 |0 -94.4513 0.0031
3 78 5 004

52




Step response of system tuned w ith OPEN LOOP PID methods

Time (sec)

Figure 6.2(a): Ideal PID controller
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Figure 6.2(b): Bode Plot of T.F.
Ideal PID controller with first order filter
Table 6.2: Ideal PID controller with 1* order filter
For | Gain Phase Kp |Ti Td Rise time | Settling Overs | Mod. Delay
m margin | Margin time hoot | margin | Margin
T.F. | inf 89.4915 | .947 | .25 0625 | 3.2597e- 0.0645 0 - 0.0016
8 004 2.3149
e+003
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Ideal

Step response of system tuned w ith OPEN LOOP PID methods
T T T T T

Time (sec)

Figure 6.3(a): Ideal PID controller with 1* order filter
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Figure 6.3(b): Bode Plot of Ideal PID controller with 1* order filter

PID controller with second order filter

Table 6.3: Ideal PID controller with second order filter

Form | Gain Phase Kp | Ti Td Rise time Settling Oversh | Mod. Delay
margin | Margin time oot margin | Margin
T.F. ]0.0483 |-9.2787 | .94 | .25 |.0625 |0.0316 0.2559 10.828 | 0.0633 | 0.1435
78 4
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Step response of system tuned w ith OPEN LOOP PID methods
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Figure 6.4(a): Ideal PID controller with second order filter
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Figure 6.4(b): Bode Plot of Ideal PID controller with second order filter

Ideal PID controller in series with a first order lag

Table 6.4: 1deal PID controller in series with a first order lag

Form | Gain Phase Kp | Ti Td Rise time | Settling | Overs | Mod. | Delay
margin | Margin time hoot Marg | Margin
in
T.F. (02711 |- 94 .25 0625 |0.0316 0.2559 10.828 | 0.093 | 0.3107
16.406 |78 4 5
3

55




Step response of system tuned w ith OPEN LOOP PID methods
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Figure 6.5(a): Ideal PID controller in series with a first order lag

Bode: Diagram
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Figure 6.5(b): Bode Plot Ideal PID controller in series with a first order lag

Ideal PID controller weighted terms

Table 6.5: Ideal PID controller weighted terms

Form | Gain Phase Kp Ti Td | Rise time | Settling | Overs | Mod. Delay
margin | Margin time hoot | margin | Margin
T.F. |inf 88.9723 947 | .25 .06 | 7.7878e- | 0.1400 |0 - 0.0031
8 25 1004 94.451
3
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Step response of system tuned w ith OPEN LOOP PID methods
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Figure 6.6(a): Ideal PID controller weighted terms
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Figure 6.6(b): Bode Plot of Ideal PID controller weighted terms

Ideal PID controller with industrial controller

Table 6.6: Ideal PID controller with industrial controller

Form | Gain Phase Kp |Ti Td Rise time | Settling | Overs | Mod. Delay
margin | Margin time hoot | margin | Marg
in
T.F. inf 9.8126 | .947 | .25 062 | 2.1270e- | 0.0348 86.86 | 0.0652 | 9.581
8 5 004 06 Se-
005
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Step response of system tuned w ith OPEN LOOP PID methods

Time (sec)
Figure 6.7(a): Ideal PID controller with industrial controller
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Figure 6.7(b): Bode Plot of Ideal PID controller with industrial controller

Series Ideal PID controller

Table 6.7: Series Ideal PID controller

Form | Gain Phase Kp Ti Td Rise time Settling | Overs | Mod. Delay
margin | Margin time hoot | margin | Margin
T.F. inf 88.518 |.947 | .25 |.0625 | 7.7034e- 0.1136 |0 - 0.0031
0 8 004 96.033
0
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Step response of system tuned w ith OPEN LOOP PID methods

Time (sec)
Figure 6.8(a): Series Ideal PID controller

Bode Disgram
Gm o= Inf , Pm = 858.5 deg (at S04 radizec)

50 LS R 2 I N e o T
o
=
L1 i}
=
=
=
[m7]
L]
=
30
‘= B0
LE]
A=k
(i}
wh
=
£ o
70k
10

Freguency (radfsec)

Figure 6.8(b): Series Ideal PID controller

6.8 Conclusion

In this chapter ideal PID controller with first order filter is better than the other controller
because its rise time and settling time is very less and overshoot s zero and robustness also
satisfied when ever frequency domain not satisfied. So by this results its better and also show

table no 6.2 and figure no 6.3(a). So for evolutionary algorithm best controller is ideal PID
with first order filter
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CHAPTER 7

OPTIMAL TUNING OF PID CONTROLLERS USING
IMMUNE ALGORITHM

7.1 Introduction

The word “immune” comes from the Latin word for “protection” your body immune
system is your built — in protection against attack by foreign substances known as antigen. An

antigen is any substance that causes an immune response or causes the body to “attack.”

Immune Algorithms is an improved algorithm based on biological immune
mechanisms. In the course of immune response, biological immune system preserves part of
the antibodies as memory cells. When the same antigen invades again, memory cells
activated and a large number of antibodies are generated so that the secondary immune
response is more quickly than the initial response. In the meanwhile, there are mutual
promotion and inhibition between antibodies. Therefore, the diversity and immune balance of
the antibodies are maintained. That is the self-regulatory function of the immune system. The
Immune Algorithm simulates the process of the adaptive regulation of the biological antibody
concentration, in which the optimal solution of the objective function corresponds to the
invading antigens and the fitness f(X;) of solution X corresponds to the antibodies produced
by the immune system. According to the concentration of the antibodies, the algorithm
adaptive regulates the distribution of the search direction of the solutions and greatly
enhances the ability to overcome the local convergence. Example of antigens includes

bacteria or virus.

The main function of the immune system is to protect the body from pathogens and
cancer. Vertebrate immune systems are more complex than the invertebrates. They are
characterized by two important properties, which are memory and specificity. In the case of
invertebrate, the immune system consist mainly of phagocytes which are nonspecific. This
means that it will not remember any previous antigen, and will use the same attacking
strategy each time. Phagocytes has no receptors for specific pathogens, which means that
these cells will engulf and try to kill any pathogen. On the other hand, the vertebrate host has
evolved more specialized cells called lymphocytes. These Lymphocytes are pathogen

specific, which means that they have distinct receptors to interact with different pathogens.
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To combat antigens nature has provided us with the immune system. The blood, lymph
nodes, and bone marrow act with the liver, spleen, thymus, and tonsils to produce and deliver
specialized cells, including B-lymphocytes, T-lymphocytes, and phagocytes. These cells limit
the severity and duration of colds, fight infections in the nose and throat, help wounds to heal,

destroy some cancers, and much more.
There are two types of immune models

1- Immune model based on the immune system theory (mainly clones choice theory
nowadays).
a- The somatic theory describes that somatic recombination and mutation contribute
to increasing the diversity of antibody.
b- The network hypothesis describe that a mutual recognition network among
antibody contributes to control of the proliferation of clones.
2- Immune network model based on the immune network theory.
a- All the continuous immune network models at present are the ordinary differential
equation of time, which conforms to the real control system.
b- The discrete immune network model is not the common discrete model based on
time control system, but it means that the immune cells or molecules are separated

among each others.

Type of immune model

Immune
Nelwork
theory

Immune
system theory

Somatic Network

) . Continuous Discrete
theory Hypothesis

Figure 7.1: Types of immune model
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7.2 Innate versus Acquired Immunity

There are two types of immunity, innate immunity and adaptive or acquired immunity.
Also, the immune system response can be divided into humoral immunity, and cell
mediated response.
7.2.1 Innate Immunity

The innate immunity can be regarded as natural resistance of the host to foreign

pathogens. There are a number of external and internal lines of defenses in the innate
immunity. As an examples we find Lysozymes in tears, and skin inflammation as a resistance
to a penetrating pathogen. The innate immunity is the first line of defense against the foreign
pathogens, and try to kill it. Some examples on the same line of defense are Macrophages,
and Neutrophils. There are other types of cells that is called Neutrophils. There are other
types of cells that is called Natural killer cells NK-cells that also use non-specific response to

protect the host against the foreign pathogen.
7.2.2 Acquired Immunity

In contrast to the innate immune system, the acquired immune system uses a specific
response to pathogens. The important advantage of the acquired immunity is the use of
memory through lymphocytes. After getting rid of the foreign pathogen the lymphocytes
change into memory cells. These memory cells will recognize rapidly the same pathogen
when it evades the host again, and eliminate it before causing any damage. The two major
types of lymphocytes are T-cells, and B-cells. B-cells have direct contact with the antigen
when interacting with it. On the other hand, T-cell can bind to the antigen only after it is
processed and presented by other cells. B-cells are the basic building block of the humoral
immunity through the production of antibodies. Cell mediated immunity is contributed by T-
cells mediated response. T-cells have many forms like the helper T-cells which helps either
B-cells, or phagocytic macrophages. Another form that the T-cell can be is the cytotoxic T-

cells, which recognize cells infected by virus or cancer, and eliminate them.

7.3 Antigens

An antigen (Ag) can be defined as a substance that triggers specific immune response.
In vertebrates, the host system does not respond to its own proteins, and that is called

tolerance. T-cells and B-cells that are capable of recognizing self-cells are eliminated during
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maturation phase. An antigen may carry several epitops, and consequently this will trigger
the production of several antibodies, see figure 7.2. Generally, T or B cells do not recognize
all of these eptopes, instead they recognize part of it. So, a single Ag may attract the attention
of several T or B cells. Also, two different antigens may carry the same cross reactive
epitopes, which means that an antibody antibody produced for that antigen can interact with

another one.

&
&
Antigen [ Marker molecule B Antibody

Figure 7.2: Antigen antibody interactions

7.4 Immune Cells

Cells destined to become immune cells are produced in the marrow. The descendants of
some stem cells become lymphocytes, while others develop into a second group of immune
cells known as phagocytes. The two major classes of lymphocytes are B cells and T cells. B
cells complete their maturation in the bone marrow. On the other hand, T cells migrate to the
thymus; an organ that lies high behind the breastbone. Each lymph node contains specialized
compartments that house a great number of b lymphocytes, capable of presenting antigen to T
cells. Thus, the lymph node brings together the several components neede to start an immune

response.
7.5 Cells and Antibodies

B-cells is one of the major arms of the immune system mechanisms, and it is
responsible for the humoral response. The name humoral comes from these fluids that
circular around the body known as humors. Each B cells is programmed to make one specify

antibody. When a B cells encounters its triggering antigen, it produces many large plasma
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cells. Every plasma cell is a factory for producing antibody. Each of the plasma cells
descended from a given b cells produces millions of identical antibody molecules and pours
them in to the bloodstream, see figure 5.3. A given antibody matches an antigen as akey

matches a lock, and marks it for destruction.

B-cell

"~
e
Y.
(ﬂ(@ <
. N

Antibody Plasma cell

Figure 7.3: production of antibody
7.6 T-Cells And Lymphokines

T-cells play two rolls in the immune system defense. B cells can not make antibody
against most substances with out regulatory T-cell help. On the other hand, Cytotoxic T-
cells, directly attack body cells that are infected. Another important regulatory T cells actvate
B cells are “helper” cells. Typically identifiable by the T4 cell marker, helper T cells activate
B cells and other T cells as well as natural killer cells and macrophages. Another subset of T
cells contributes by tuning or “suppress” these cells. T cells works by secreting cytokines or,

Lymphokines which are considered to be chemical messengers.

7.7 Macrophages

Macrophages are responsible for carrying the initial attack against an invasion launched
by antigens. Macrophages are distributed throughout body tissues, and they rid the body of
worn-out cells and other debris. Foremost among the cells that “present” antigen to T cells,
having first digested and processed it, macrophages play a crucial role in initiating the
immune response. As secretary cells, Monocytes and Macrophages are essential to the

regulation of immune response and the development of inflammation; they produce an array
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of powerful chemical called Monokines including-1 enzymes, complement proteins, and
regulatory factors such as interleukin-1. Sometimes antigen change themselves, and that is

why we continue to get sick.
7.8 An Overview of the Immune System

When foreign antigen enters the body, it triggers b-cells to produce antibodies, which
bind to the antigen and clear it from the body; this is called humoral immune response. The
cells-mediated response involves helper T-cells and T cytotoxic (CTL) cells. Helper T-cells
(Th) can be divided into two sub fields: Thl and Th2. Thl cells help B-cells activate

macrophages. CTL cells kill virtually infected or Cancer cells, see figure 7.4.
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Figure 7.4: An overview of an Immune System

7.8.1 Humoral Response

When the B-cells proliferates, all of its descending will make this uniquely rearranged
set of antibodies. B-cells continue to multiply, various mutants arise; these allow for the
natural selection of antibodies that provide better and “fits” for antigens elimination. The
result of this entire process is that a limited number of B-cells can respond to an unlimited
number of antigens. Antibodies are triggered when a B-cells encounters its matching antigen,
and digest it. Antigen fragments are displayed on B-cells distinctive markers. The
combination of antigen fragments, and marker molecules attract the mature matching helping

cells. T-cells secrete Lymphokines allow B-cells to multiply and mature into antibody
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producing plasma cell. Antibodies are released into the blood stream, and they lock into
matching antigens. These antigen-body complexes are soon overcome either by the

complement cascade, or by the liver and spleen, see Figure 7.5.

Marmory
Calls
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Lymphkines

Antibodies % e
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L]
Py Complemant

Cascade Cells

Figure 7.5: Humoral response
7.8.2 Cell Mediated Response

Macrophages initiate the cell mediated response, or by other antigen-presenting cell.
The antigen-presenting cell digest the antigen, and then displays antigen fragment on its own
surface. Bound to the antigen fragment is an MHC molecule. These fragments capture the T

cell’s attention. A T cell whose receptor fits this antigen binds to it.

0
(®)
® DOO

Interleukins () OO

Figure 7.6: Cell Mediated Response
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7.9 Immune PID Control
Introduction of immune PID controller are describe in the following section.
7.9.1 Feedback principle of Immune System

Immune is a characteristic physiological reaction of biological Immune system of
biology could produce relative antibody to resist invading anti-source from extraneous. After
antibody combines with anti source, a serial reaction will be brought to destroy antibody by
swallowing effect or producing special enzyme. In immune system, there is a feedback
mechanism that enables human survival of infection and disease. Fig. 7.7 presents the
principle of feedback mechanism. The basic cells that are involved in the process are antigens
Ag, antibodies Ab, B-cells B, helper T-cells Ty and suppressor T-cells Ts. According to Fig.
7.7, we know that antigens will be recognized by APC (Antigen Presenting Cell) when they
invade into organisms, then, the message will be sent to T-cells. After receiving the message,
B-cells will be stimulated by T-cells and create antibodies immediately to eliminate the
antigen. When the number of antigens is increasing, the number of Ty-cells will increase and
the human body can create more B-cells to protect itself. Along with the decrease of antigens,
the amount of Ts-cells in the body would increase and the number of B-cell would reduce
accordingly. After a period of time, the immune system inclines to balance. Table 1

summarizes the regulation action of T-cells in the process of the above immune response.

Antigen %

Antibody

Figure 7.7: Schematic diagram of immune humeral response
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Table 7.1: Regulation actions of T-cells in immune response

Immunity response | Antigen Antibody T-cells consistency
process Consistency Consistency

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

As aforementioned, the Tg cells have the function of restraining the Ty cells and B-cells.
This paper mainly focuses on the suppression action of the B-cells. For the invasion of the
antigen, the B-cells are activated and restrained by the Ts cells. Therefore, the consistency of

the kth generation B-cells can be given by

Bk)=Tuk)-Tsk). ........ooooiiii i 7.1
Tuk)=Kle®). ...... ..o i 7.2
Ts(k)=K2{f[ABk-d)]}ek). . .. ... 7.3

Where ¢(k) is the consistency of antigen at the kth generation; K1 is the helper gene of Ty;
K2 is the suppressor gene of Ts; AB(k) is the change of B-cell’s consistency AB(k-d)=B(k-d-
1), and d is the delay-time of immune response; f(x) is an nonlinear function that represents

the interaction between antibody which emerge from B-cells and antigen.

From (7.1)~(7.3), we can obtained the relationship formula about the consistency of

B-cells and antigen. It is shown as follows:
B(k)=Ke(k)-K{f[AB(k-d)] }e(k)
=K{1- nf[AB(k-d)]}e(k). . . .. ... ... 7.4

Where n=K»/K; denotes the proportional coefficient of effecting between Ty and Ts.
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Table 7.2: Comparison between artificial immune system and control system

Immune System Control System
1) The kth generation reproduction of 1) The kth sampling time discrete
antigens and antibodies. system.
2) E(k) is the antigen concentration of 2) e(k) is the deviation of the set value
the kth generation. and output value at the kth sampling
instant.
3) B(k) is the B cell concentration of
the kth generation. 3) Uk) is the output value of the
controller at kth sampling instant.

7.10 Immune PID Controller Design

The principal function of the appropriate immune response lies in ensuring the stability
of the immune system and simultaneously responding to the antigen invasion in fast way,
sinvce all the antigens attacking the biological body have to be removed. On the other hand, a
high antibody consistency also does harm to the body, and must be controlled. Therefore, the
general target of the immune system is to minimize the total injury of the biological body. In
the dynamic regulation of a control system, it is requested that deviation should be slaked on
the promise of the system stability, which is actually consistent with the target of immune
system. Table 7.2 summarizes the comparison between the immune system and control

system.

It is obvious that immune controller (IC) is a nonlinear P controller, its proportional gain
will transform with the transformation of the output of controller. Therefore, immune P
controller cannot compensate noises and errors arose by nonlinear disturbance. Thus, the
fusion of the immune controller and conventional PID controller, namely immune PID
controller, can learn from each other’s strengths and overcome the weaknesses to improve the

system performance.
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Figure 7.8: The structure of immune PID controller
7.11 Immune Algorithm Step
In general, the Immune Algorithm includes:

1. Antigens definition: Abstract the problem to the form of antigens which the immune
system deals with and the antigen recognition to the solution of problem.

2. Initial antibody population generation: The antibody population is defined as the
solution of the problem. The affinity between antibody and antigen corresponds to the
evaluation of the solution, the higher the affinity, the better the solution.

3. Calculation of affinity: Calculate the affinity between antigen and antibody.

4. Various immune operations: The immune operations include selection, clone
variation, auto-body tolerance, antibody supplementation and so on. The affinity and
diversity are usually considered to be the guidance of these immune operations.
Among them, select options usually refer to the antibody population selected from the
population. Clone variation is usually the main way of artificial immune algorithm to
generate new antibodies. Antibody supplementation is the accessorial means of the
population recruitment.

5. Evaluation of new antibody population: if the termination conditions are not satisfied,
the affinity is re-calculated and the algorithm restarts from the beginning. If the
termination conditions are satisfied, the current antibody population is the optimal
solution.

6. Evaluation of the antibody using standard genetic algorithm: crossover and mutation.
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Figure 7.9: Flow chart of Immune algorithm

7.12: Results

In this chapter all result related to immune algorithm on different controller
configurations are discussed. Here values of Kp, Ti and Td are obtained using immune

algorithm.

Ideal PID with 1% order filter
Table 7.3: Ideal PID with 1% order filter

Form | Gain Phase | Kp | Ti Td Rise time Settling | over | Mod. Delay

margin | Margi time shoo | margin | Margin
n t
T.F. |0.0205 |90.00 |23.8|.0000 |1.77 | 3.8986e- 6.9416¢e | 0 -0.0298 | 2.1861e
05 52 |67 33 007 -007 -006
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Figure 7.10(a): Ideal PID with 1* order filter

Bode Diagram

EFm = -33.5 dB (at 91.7 radifzec) | Pm = 90 deg (at 7.1 92+005 radfzec)
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Figure 7.10(b): Bode Plot Ideal PID with 1% order filter
Ideal PID controller
Table 7.4: Ideal PID controller
Form | Gain Phase Kp Ti Td Rise time | Settling | over | Mod. Delay
margin | Margin time shoo | margin | Margi
t n
T.F. 0.0410 |[90.001 |23.8 |.000 |1.773 | 7.7985e- 1.3892e- | O - 4.3723
0 52 067 |3 007 006 0.0366 | e-006
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Figure 7.11(a): Ideal PID controller

Bode Diagram
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Figure 7.11(b): Bode Plot Ideal PID controller
Ideal PID controller with 2" order filter
Table 7.5: Ideal PID with 2™ order filter
Form | Gain Phase | Kp Ti Td Rise time | Settling | over | Mod. | Delay
margin | Margin time shoo | margi | Margi
t n n
T.F. 0.1122 | 0.4185 |23.85|.0000 | 1.773 | 3.5332¢- 0.0258 | 85.5 |0.023 | 6.698
2 67 3 004 273 |4 2e-
006
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Figure 7.12(a): Ideal PID with 2" order filter

Bode Diagram
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Figure 7.12(b): Bode Plot Ideal PID with 2" order filter

Series Ideal PID controller

Table 7.6: Series Ideal PID controller

10t

Form | Gain | Phase | Kp Ti Td Rise time | Settling | overs | Mod. | Dela
margi | Margin time hoot | marg |y
n in Marg
in
T.F. | Inf 87.624 | 23.852 | .00006 | 1.773 | 7.6769e- 1.3149e | 0.495 | - 4.25
2 7 3 007 -006 2 0.00 | 30e-
87 006
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Figure 7.13(a): Series Ideal PID controller

Bade Diagram
Zm = Inf , Pm=57.6 deg (ot 3.5e+005 radfsec)
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Figure 7.13(b): Bode Plot of Series Ideal PID controller

Ideal PID controller with weighted terms

Table 7.7: Ideal PID controller with weighted terms

Form | Gain | Phase | Kp Ti Td Rise time | Settling | Ove | Mod. | Dela
margi | Margi time rsho | margi |y
n n ot n Mar
gin
T.F. 0.041 | 90.001 | 23.852 | .00006 | 1.773 | 7.7985e- 1.3892e- | O - 4.37
0 0 7 3 007 006 0.036 | 23e-
6 006
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Step response of system tuned w ith OPEN LOOP PID methods
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Figure 7.14(a): Ideal PID controller with weighted terms

Bode Diagram
Zm o= -27.7 dB (at 91.7 radfsec) , Pm = 90 deqg (at 53 .592+005 radisec)
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Figure 7.14(b): Bode Plot of Ideal PID controller with weighted terms

7.13: Conclusion

In this chapter ideal PID controller with 2" order filter type controller is most efficient
other then the controller. By table number 7.5 shows better result other then controller and
also figure no 7.12(a) shows better results. Here mostly controller satisfied robustness and
some frequency domain. Here K,,, T; and T4 values concluded according immune algorithm.
In table no.7.3 rise time and settling time is very less. So by these values ideal PID controller

with 2™ order filter is best suitable for immune algorithm.
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CHAPTER 8
CONCLUSION AND FUTURE WORK

In this thesis it is concluded that out of the different controllers considered using
evolutionary and immune algorithms, ideal PID controller with first order filter performs best
for DC motor speed control. Here all results show that evolutionary algorithm is good for
different configuration of PID controller. The performance of a control system is not
expressed only in terms of rapidity: the behavior of the control variable is as important as one
of the output variable and the frequency response to disturbance might highly affect the
feasibility. The EP method has the advantage of being flexible in evolving any controller
structure. In this case, however, the method evolved a controller structure that makes use of a
second derivative. In control engineering, the use of a first derivative is often avoided
because of the sensitivity to noise. For this reason, the use of a second derivative is even

more unlikely.

The EP and BIS approach is extremely computationally expensive and provides
solutions of questionable quality. The EA and BIS approach was developed with the aim of
using saturation and bang-bang control to achieve the best time domain performance, i.e. the
maximum rapidity of control. The merit of the method is not given only by the quality of one
solution, but also by the robustness proved in the statistical analysis of multiple runs. Two
important aspects in the effectiveness of the search process were identified by the quality of
the initial population and the application of heuristics. The quality of the initial population,
that can be enhanced with seeds or randomized seeds, highly affects the speed of the search
process and the quality of the results. The improvement of the standard EA and BIS by means
of heuristics was studied. The heuristics implemented in this work do not rely on the domain
knowledge. The purpose was to enhance GA with intelligent genetic operators without
specializing it to a specific domain. The experimental results proved that the use of intelligent

operators increases both the speed of the search and its robustness.

Each intelligent genetic operator that has been introduced in this work has proved to
produce unsteadily high quality off-springs. However, the combination of all of them proved
to be the key factor of a steady and enhanced performance of the overall algorithm. In
particular, the global directional mutation provided high quality off-springs that justify. The

good performance of the application was therefore achieved by combining the right choice of
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the controlled structure, the advantageous initialization with randomized seeds, and the use of
heuristics such as randomization of the population and intelligent genetic operators. It can be
concluded that the application of EA and BIS to the design of a control system is an approach

that requires a certain effort in order to make it robust and reliable.

Future Works

The work and results presented in this thesis comprise a specific set of issues chosen in a
wide range. During the progress of the work, as the study of the topic became more detailed,
several directions of research were unfolding, making difficult the priority of keeping the
work focused. For this reason, this section was written during the development of my work
and was meant to keep track of the increasing list of new possible directions of investigation.
Until the very last, none of the points listed below was excluded from being dealt in one
section of the thesis. However, I had to compromise and leave the following points open for

future works.

Testing on Different Control Problems

The application used for the experiment of this thesis is design to be used with different
typologies of plant. The simplicity of the plant ordered a good bench mark to test the
effectiveness of evolutionary and immune in the synthesis. To prove the effectiveness of the
methods under more general conditions, it would be useful to use a more complex plant.
Among them, it would certainly interesting testing the application for high order linear plants,
plants that can be unstable for certain values of parameters, intrinsic nonlinear unstable
plants. In particular, GAs have proved to be suitable to optimize highly nonlinear control

systems.

Optimization of neural or fuzzy control
Evolutionary and immune computations are widely used to optimize neural network and
fuzzy control. Hence, the method used in my thesis that has given good results on traditional

control, can be applied and verified for other kind of control structures.
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Interactive Computation

The task of defining an a priority fitness function might be complex and extremely
problem dependent. Hence, the human interaction during the computation can substitute the
initial laborious problem of the evolutionary and immune parameter tuning. For example, the

quality and performance of a controlled system can be improved by interactive computation.
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