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ABSTRACT

The control of linear and nonlinear systems is of paramount importance when it comes
to improvement of the plant performance. Many industries employ different modes of
control when it comes to the proportional integral and derivative parameter tuning.
Tuning control systems, whether for linear or nonlinear systems, can be a complex
and challenging task. The challenges associated with tuning Linear Systems are Model
Accuracy, Controller Selection, Parameter Tuning, System Variability while
Challenges in Tuning Nonlinear Systems are Model Complexity, Multiple
Equilibrium while for Nonlinear Control Strategies the challenges are Traditional
linear control strategies may not be directly applicable to nonlinear systems, Input
saturation, Uncertainty and Disturbances: Computational Complexity, Experimental
Tuning: Safety Concerns: Overall, tuning control systems, whether for linear or
nonlinear systems requires advanced tools and techniques such as particle swarm
optimization. The effect on changing inertia weight so as to reduce the error was
examined. The purpose of using Improved Particle Swarm Optimization is to
understand its impact while tuning the Proportional Integral and Derivative
parameters. The research used a standard nonlinear system depicting the real life
situation, then using improved particle swarm optimization algorithm to analyze and
compare the improved behavior on the MATLAB/Simulink tool box as applied to the
proportional integral and derivative parameters. Finally it was logically realized that
the improved particle swarm optimization algorithm system response was much better
in comparison with the standard particle swarm optimization tuned system. It was
noted that as the iteration was changed from 10, 50 all the way to 100, there was a
significant reduction in integral time absolute error from 0.054806 to a minimum of
0.01900, which was far better than the standard particle swarm optimization
algorithm. Standard particle swarm optimization reduced the error from 0.065143 to
0.020476.1t is noted that the error is reduced from 5.4% to 1.9% which is significant
achievement by the improved particle swarm optimization. The simulated system
addressed the problem faced in dealing with the challenges in the conventional tuning
of the proportional, integral and derivative parameters. The improved particle swarm
optimization was proved to perform better compared to the standard particle swarm
optimization and therefore is recommended for application in the industry.
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CHAPTER ONE

INTRODUCTION

1.1 Background of the Study

Real-world systems are inherently nonlinear in nature at least when a wide operating
range is considered. Primary reasons behind the growing interest in nonlinear control
include the improvement of linear control systems, analysis of hard non-linearity, and
the need to deal with plant model uncertainties and design complications. A nonlinear
controller through robustness or adaptability can handle the consequences due to
model uncertainties. As the study moves from linear to nonlinear systems a more
difficult situation is met [1]. The superposition principle no longer holds, and analysis
tools necessarily involve more advanced mathematics. Most importantly since the
superposition principle does not hold, we cannot assume that an analysis of the
behavior of the system either analytically or via simulation may be scaled up or down

to tell us about the behavior at large or small scales.

The first step when analyzing a nonlinear system is usually to make it linear about
some nominal operating point and analyze the resulting linear model. However, it is
clear that linearization alone will not be sufficient. We therefore must develop tools
for the analysis of nonlinear systems. There are two basic limitation of linearization.
First, since linearization is an approximation in the proximity of an operating point, it
can only predict the local behavior of the nonlinear system in the vicinity of that point.
Secondly, the dynamics of a nonlinear system are much richer than the dynamics of a
linear system. There are essentially nonlinear phenomena that can take place only in
the presence of non-linearity; hence they cannot be described or predicted by linear
models. The following are examples of nonlinear phenomena [2]: -Finite escape time:
The state of an unstable linear system can go to infinity as time approaches infinity.
A nonlinear system’s state, however, can go to infinity in finite time, Multiple isolated
equilibrium points: A linear system can have only one equilibrium point, and thus only
one steady-state operating point that attracts or repels the state of the system
irrespective of the initial state. A nonlinear system can have more than one equilibrium

point, Limit cycles: A linear system can have a stable oscillation if it has a pair of



eigenvalues on the imaginary axis. The amplitude of the oscillation will then depend
on the initial conditions. A nonlinear system can exhibit an oscillation of fixed
amplitude and frequency which appears independently of the initial conditions, Chaos:
A nonlinear system can have a more complicated steady-state behavior that is not
equilibrium or periodic oscillation. Some of these chaotic motions exhibit
randomness, despite the deterministic nature of the system, Multiple Modes of
behavior: A nonlinear system may exhibit very different forms of behavior depending
on external parameter values, or may jump from one form of behavior to another

autonomously.

These behaviors cannot be observed in linear systems, where the complete system
behavior is characterized by the eigenvalues of the system matrix A. To achieve the
stated control aspect described in background the use of Proportional Integral and
Derivative (PID) control algorithm is introduced to the plant or process. PID is used
due to its robustness, simplicity and very good and reliable control effect. Due to the
stated factors it has become the most widely used control algorithm in many industries.
However as far as PID is concerned, there is need to achieve better performance and
for that matter the PID parameters need to be technically adjusted as per the real
working environment and condition. This brought up the need for tuning either

manually or automatically. [3]

The PID parameters is the core of this research work as applied in engineering design
and application. Among the theoretical tuning there is root locus and frequency
response method attenuation curve, critical proportional band among others. As far as
performance and application is concerned some tuning methods require long term
experience and far too many experimental analysis in order to succeed in the
implementation, [4]to overcome the above teething problem researchers embarked on
research on the possible use of automatic tuning of the PID Algorithm controller
parameters. Some of the soft tuning methods which have been undertaken are back
propagation neural network and the fuzzy logic self-tuning PID controller .Study
revealed that there is improvement in the over shoot and response time compared to

the conventional PID.



The study came up with a standard plant model as the objective system to be controlled
using improved Particle swarm optimization (IPSO) Algorithm technique. The system
step response is IPSO Algorithm. While comparing the manual tuning methods of
conventional PID controllers, it is noted and concluded that the former is more reliable

and efficient.

The manual PID controllers’ tuning methodology suffers from non-linearity and also
has very large settling time and overshoot [5].The core area of the research is to
analyze the overall performance of an IPSO algorithm as utilized in the process of

tuning the PID controller parameters with the sole objective of optimizing plant

behavior [6].

The use of Ziegler Nichols process control technique tuning mechanism was found to
be too cumbersome and unpredictable hence a more efficient technique was required
to ensure good response and for that matter improved PSO algorithm was used. PSO
came as a result of the study of bird movement in nature, the process or plant
optimization problem is tackled by the simple behavior of individual and their

interaction within the group set up.

The PSO algorithm is basically used in various areas as function optimization, image
processing and other fields, this is due to the fact that it is simple in operation and have
very fast convergence time. In order to prove the effectiveness of the proposed
method, a standard plant or process is used as the control object, then simulation
models used on MATLAB Simulink platform to compare the performance effect with

the conventional PID.

In this research, the problem statement was stated, the general and specific objectives
were specified well, the research question guiding the research which forms the basis
of the study was well adhered to, the significance and scope of the study were tackled
in detail. The delimitation of the study and theory conceptual frame work clearly

1llustrated.



1.2 Statement of the Problem

In many industrial control systems, the performance of Proportional-Integral-
Derivative (PID) controllers plays a critical role in achieving precise and stable control
of various processes. The challenge often lies in selecting appropriate PID controller
parameters (Kp, Ki, and Kd) to optimize the system's performance. Conventional
tuning methods, such as trial-and-error or heuristic approaches, can be time-

consuming and may not always yield optimal results.

This research aims to address the problem of PID controller tuning by employing the
Improved Particle Swarm Optimization (IPSO) algorithm. The goal is to design and
implement an efficient and automated PID tuning framework that leverages IPSQO's

capabilities to find optimal or near-optimal PID parameters for a given control system.

Particle Swarm Optimization (PSO) is a popular optimization algorithm that has been
successfully applied to various control problems. However, the standard particle
swarm optimization (SPSO) algorithm has limitations in handling non-linear systems
with complex dynamics. Therefore, there is a need to develop IPSO algorithm that can

effectively optimize PID parameters for non-linear systems.

The IPSO method aims to improve control performance, reduce human effort, and
increase the robustness of the control system. The results of this study will contribute
to the development of efficient and effective methods for PID tuning in non-linear
systems.

1.3 Objectives of the Study

1.3.1 Main Objective

The objective of this research is to develop a novel method for optimizing PID

parameters in non-linear systems using an IPSO algorithm.

1.3.2 Specific objectives
The specific objectives of this research are:-

i.  To determine Controllability status of the non-linear plant

4



ii.  To design a controller system based on PID control in the
MATLAB/Simulink platform

iii.  To optimize the PID parameters using the standard PSO and improved
PSO algorithms

iv.  To validate the findings of the improved PSO algorithm by comparing the
simulation results with the PID and the standard PSO algorithm results

1.4 Research Questions

The research questions tackled were as follows:-
i.  What makes a nonlinear plant controllable?
ii.  How can the nonlinear plant be designed based on PID control in the
MATLAB/Simulink platform?
iii.  When Optimizing the PID parameters using the standard PSO and improved
PSO algorithms, what parameters are of importance and actual values?
iv.  How do you compare the improved PSO algorithm, the PID and the standard

PSO in terms of performance?

1.5 Significance of Study

Significance of studying the optimization of PID parameters based on the improved
Particle Swarm Optimization (IPSO) algorithm for non-linear systems are as follows:
Improved control performance: The optimization of PID parameters using the PSO
algorithm can lead to improved control performance of non-linear systems. By fine-
tuning the PID parameters, the system can achieve better stability, faster response, and
reduced overshoot, which can result in more accurate control of the system, Cost
savings: Optimization of PID parameters can lead to significant cost savings in
industrial applications. By achieving better control performance, the system can
reduce the waste of resources, improve energy efficiency, and increase production
output, which can result in lower operational costs, increased reliability: Optimizing
the PID parameters using the PSO algorithm can increase the reliability and robustness
of the control system. By fine-tuning the parameters, the system can adapt to changes
in the system dynamics, environmental conditions, and other disturbances, which can

result in more consistent and reliable control, Easy implementation: The PSO



algorithm is easy to implement and can be applied to various non-linear systems. By
using a simple and efficient optimization method, engineers and researchers can
quickly optimize the PID parameters for different applications, which can save time
and effort. Advancement of research: Studying the optimization of PID parameters
using the PSO algorithm can contribute to the advancement of research in control
theory and optimization. By exploring new optimization techniques, researchers can
develop more efficient and effective methods for controlling non-linear systems,

which can lead to new discoveries and innovations in various fields.

Finally studying the optimization of PID parameters based on an IPSO algorithm for
non-linear systems can lead to significant improvements in control performance,
reduced human effort, increased robustness, and wider adoption of the PID controller.
The application of the improved PSO Algorithm in tuning the PID controller is highly
relevant and significant to the study of control systems in Kenya. Conducting this
research will significantly contribute to realizing the most efficient and cost-effective
method of tuning the PID control parameters using the auto-tuning PSO method. One
of the major advantages of tuning the PID parameters using the proposed method is
its specificity, precision, and accuracy in operation. The selected approach of using
the IPSO Algorithm to tune the PID parameters makes this application in process

control to be of great importance in ensuring optimal performance.

1.6 Scope of the Study

The scope of the research on the optimization of PID parameters based on the IPSO
algorithm for non-linear systems involved:-.Development of IPSO algorithms: The
research focused on developing new and IPSO algorithms that are specifically
designed for optimizing the PID parameters of non-linear systems. The algorithms
was modified to account for different types of non-linearity’s and system dynamics,
leading to better performance and faster convergence. Implementation of the PSO
algorithm: The research involved the implementation of the PSO algorithm on real-
world non-linear systems in this case chicken .Sensitivity analysis: The research
involved conducting sensitivity analysis to study the effect of different inertia weight

on the PID controller's parameter tuning, this will helped in identifying critical system



parameters that can significantly impact the control performance and can aid in

selecting appropriate PID parameters for different operating conditions.

1.7 Delimitation of the Study

The research concentrated on the performance analysis of a plant or process using both
PID, SPSO and IPSO PID parameter tuning. The following factors will not be used in
the research: Study of linear systems due to their simplicity and low application, Meta
rustics Algorithm such as Genetic Algorithm, Anti Colon Optimization and Fire Fly

techniques, and third order functions and above

1.8 Contributions of the Study

The study made the following contributions:-Improved Control Performance: By
optimizing the PID parameters using an IPSO algorithm, the control performance was
significantly improved, leading to better stability, faster response, and reduced
overshoot and settling time, Reduction in Human Effort-by using the IPSO, the tuning
process is automated, saving time and effort while improving the overall control
performance, Robustness: by using an improved PSO algorithm, the PID controller
was tuned to a more robust to disturbances leading to better control performance under
different operating conditions, IPSO algorithm was used to optimize the PID
parameters for a wide range of non-linear systems making it a versatile and general

approach for PID tuning.

Finally studying the optimization of PID parameters based on an IPSO algorithm for
non-linear systems led to significant improvements in control performance, reduced
human effort, increased robustness, and wider adoption of the PID controller. Further
the research will contribute to advancing the field of control theory and optimization
and can have practical applications in various industries where non-linear systems are

prevalent

1.9 Organization of the Thesis

The general organization of a thesis on the optimization of PID parameters based on

an improved PSO algorithm for non-linear systems includes the following sections:



Introduction: This section provide an overview of the research problem, the
motivation for the study, and the objectives and scope of the thesis. It provide a brief
overview of the PID controller, the PSO algorithm, and their applications in control

systems.

Literature Review: This section present a comprehensive review of the existing
literature related to the optimization of PID parameters using PSO algorithm for non-
linear systems. It highlight the gaps in the literature and identify the research questions

that will be addressed in the thesis.

Methodology: This section describes the methodology used in the study, including the
mathematical models used to describe the non-linear system, the PID controller, and
the PSO algorithm. It also provide details on the experimental setup, simulation tools,
and performance metrics used to evaluate the performance of the optimized PID

controller.

Results and Discussion: This section present the results of the study, including the
performance of the optimized PID controller under different operating conditions and
disturbance levels. The results should be analyzed and interpreted to provide insights
into the effectiveness of the proposed method in improving the control performance

of the non-linear system.

Conclusion: This section summarize the key findings of the study, including the
contributions to the field, the limitations of the study, and the future research
directions. It also provides recommendations for the application of the proposed

method in practical control systems.



CHAPTER TWO
LITERATURE REVIEW
2.1 Introduction
In this section, the literature review on different tuning techniques is discussed with
emphasis on the theory behind the particle swarm optimization, plant controllability
principles, PID theory and the effect of improved particle swarm optimization in

solving system response for nonlinear system.

The section also focuses on related literature review from various researchers
conducted on different tuning techniques. The chapter collects relevant information
from the past literature in order to narrow the research gap left by the past researchers.
The current trends in PID tuning are also discussed and gaps identified. Most
processes or plant in either domestic or industrial set up require some control element
and if the control component cannot be effected stably, it will end up causing serious
damage to the electronics circuits and the entire equipment. The same can result into
injury and fatality hence it is very significant to ensure the performance of the process
up to the expected level. To achieve the desired performance a detailed explanation is
done on the Particle swarm optimization (PSO) Proportional Integral Derivative (PID)

system and various tuning approaches.

2.2 Plant Controllability

Controllability is a fundamental concept in control theory and engineering,
particularly in the context of dynamic systems. It refers to the ability to control a
system's state (or trajectory) from an initial state to a desired final state using control
inputs or actuators. A system is said to be controllable if it can be driven from any
initial state to any desired state within a finite amount of time, given appropriate

control inputs.

2.2.1 Key points about controllability:

The following are Key points about controllability (a) State-Space Representation:
Controllability analysis is often performed in the state-space representation of a
dynamic system. Where the system's behavior is described by a set of first-order
differential equations, typically represented as: x” (t) =Ax (t)+Bu(t)

Where:



e x(?) represents the state vector of the system at time .

e A is the system's state matrix, describing how the system evolves
autonomously.

e B is the control input matrix, describing how the control inputs affect

the system.

(b) Controllable vs. Uncontrollable Systems: A system is considered controllable if,
for any initial state X, and any final state x; , there exists a control input u (f) over a
finite time horizon that can drive the system from X, to xy , Conversely, if there are
some initial and final states for which there is no control input that can connect them
within a finite time, the system is considered uncontrollable,(c) Controllability Matrix:
Controllability analysis often involves calculating the controllability matrix, denoted
as C. [7] The controllability matrix is a function of the system's state and input matrices
A and B. A system is controllable if and only if the controllability matrix has full rank,
meaning its rank is equal to the dimension of the state vector x.,(d) Applications:
Controllability analysis is crucial in control system design, especially for ensuring that
a system can be effectively controlled to meet desired performance specifications. It
is used in the design of controllers, such as state feedback controllers and optimal
control strategies. (e) Physical Systems: Controllability is applicable to a wide range
of physical systems, including mechanical systems (e.g., robotic arms), electrical
circuits, chemical processes, and more. Understanding whether a system is
controllable is essential for designing control strategies for these systems. (f)
Observability: Controllability is related to observability, another important concept in
control theory. Observability refers to the ability to estimate the internal states of a
system based on the system's outputs. Controllability and observability are often

considered together when designing control systems. [8§]

In summary, controllability in this study is a key property of dynamic systems that
shows whether a system can be effectively controlled from any initial state to any
desired state. It plays a critical role in chosen plant design, helping the findings so as

to ensure that control strategies achieve desired performance objectives.
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2.2.2 Non Linear systems

Non-linear systems are systems whose mathematical equations that do not follow a
straight line. These equations are complex and can be difficult to solve. Non-linear
equations examples can be found in various fields such as physics, engineering,
economics, and biology. In this section we will explore some non-linear equations in

relation to different applications.

2.2.2.1 Examples of nonlinear system

Nonlinear System of Equations: A nonlinear system of equations is a set of equations
that do not follow a straight line. These equations can have multiple solutions or no
solution at all. Nonlinear systems of equations can be solved using numerical methods
such as Newton’s method or the bisection method, Differential Equation: A
differential equation is a non-linear equation that involves derivatives. These
equations are used to model physical phenomena such as motion, heat transfer, and
fluid flow. Differential equations can be solved using numerical methods or analytical
methods, Nonlinear Optimization: Nonlinear optimization is a mathematical
technique used to find the maximum or minimum value of a function that does not
follow a straight line. Nonlinear optimization can be used in various fields such as
economics, engineering, and physics, Chaos Theory is a branch of mathematics that
studies the behavior of nonlinear systems. Chaos theory is used to understand complex
systems such as weather patterns, stock markets, and biological systems. [9].For this
study the nonlinear transfer function is derived from [10] and for the plant application

is from [11] .

Nzasured System
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Figure 2.1 Feedback block diagram
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2.3 PID Tuning

PID parameter tuning is an active research area in process control applications. Proper
tuning of the three parameters (proportional, integral, and derivative) is essential for
effective performance improvement as applied to industrial processes or biomedical
instrumentation systems.

When selecting a PID system the following assumptions should be stated: the plant
must be controllable and observable, and there should be a wide range of knowledge-
including basic engineering logic, a data set for input/output, and the controller
analytical model (which can easily be implemented). Additionally, a solution should
be available for the task at hand, however, the control engineering designer should
work towards an appropriate solution not necessarily an optimized one. The controller
used in the design should be able to perform as per specifications within an acceptable

range of precision.

It should be well noted that stability and optimal are ongoing problems in PID
controller. The purpose of parameter tuning is to achieve desired performance and
meet set design requirements as well as to set the PID values to get the best possible
control for a particular process [5]. The following terminologies will be used in
achieving the research objectives: Proportional Band — the band expressed in % of
scale within which the controller proportional action takes place. The wider the PB,
the greater the area around the set point in which the proportional action takes place,
sometimes referred to as the gain 1/PB, Integral — reset adjusts the PB with respect to
the set point to compensate for offset droop from the set point. It adjusts the controller
temperature to the set point after the system stabilizes, Derivative — rate senses the rate
of rise or fall of system temperature and automatically adjusts the PB to minimize the

overshoot or undershoot

In order to obtain the required output the PID controller must be properly tuned. This
means that the optimal gains of the proportional, integral, and derivative terms are
adjusted to achieve the ideal system response. The device is tuned to prevent
disturbances which means that when the set point is changed the controller's output
adjusts to the new set point. When the PID controller is appropriately tuned the system
output will automatically adjust to a new set point with minimal oscillations and
damping.
12



2.3.1 PID mathematical presentation
A Proportional-Integral-Derivative (PID) controller is a widely used feedback control
algorithm that is used to regulate a system by adjusting its output based on the error
between a desired set point and the actual output. The amplitude and period of the
output waveform are then calculated using the mathematical equation for a controller
in Eq 2.1 [12].

u(t) = Kpe(t) +K; [ edt +Kq =2 2.1)
This equation is written in the continuous/analog domain whereas many of the
controllers implemented these days are in digital form. To compute the output at time
t it takes the error value multiplying it by a coefficient (Kp), and that is it. When
applying it to Integral control action the proportion is very straightforward though
prone to problematic situations. Finally, the Derivative control action is the least
frequently used component. Most systems can make do with just P and I with the
derivative bringing only slight improvements. In most industrial situations the
derivative component is the only one that would never reach the set point on its own.
The proportional and integral control actions respond to an error with a minimum

output at the same time the error doesn’t change the derivative which is set at zero.

i
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0
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Y

Figure 2.2 PID parameters block diagram
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The block diagram of a Proportional-Integral-Derivative (PID) controller in Fig 2.2
describes the various parameters as illustrated with the following constants consisting
of several components that work together to regulate a system. The block diagram

includes the following components:

Error signal: The error signal is the difference between the set point and the actual
output of the system. The error signal is fed into the PID controller, which calculates
the control output based on the error, Proportional (P) block: The P block multiplies
the error signal by a proportional gain, Kp, to produce a proportional term output. The
proportional term output is directly proportional to the error signal, and it determines
the immediate response of the system to changes in the error. A high proportional gain
will produce a larger control output for a given error, resulting in a more responsive
system, integral (I) block: Integrates the error signal over time to produce an integral
term output. The integral term output accumulates the past errors and compensates for
any steady-state error that may exist in the system. The integral gain, Ki, determines
the rate at which past errors are accumulated. A high integral gain will produce a larger
integral term output for a given error, resulting in a more aggressive response to
steady-state errors, Derivative (D) block: The D block calculates the rate of change of
the error signal over time to produce a derivative term output. The derivative term
output dampens the system response to rapid changes in the error signal, reducing
overshoot and oscillations. The derivative gain, Kd, determines the sensitivity of the
derivative term output to changes in the error rate. A high derivative gain will produce
a larger derivative term output for a given change in the error rate, resulting in a more
sensitive system response, Summing junction: The summing junction combines the
proportional, integral, and derivative term outputs to produce the control output, u (t).
The control output is the sum of the three term outputs and it represents the corrective
action that needs to be applied to the system to reduce the error, the tuning of the PID
gains Kp, K, and Ky, is crucial to achieve optimal system performance. The tuning
process involves adjusting the gains to minimize the error and achieve the desired

system response characteristics, such as settling time, overshoot and stability.

2.3.2 History of tuning
The history of tuning began with Ziegler-Nichols in 1942, followed by Cohen-Coon
in 1953, Astrom and Hagglow in 1984, De Paor and Umally in 1989, Zhuang and
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Atherton in 1993, Venkatashanker and Chidambaram in 1994, Pouline and Pomerleav
in 1996 and finally Huang and Chan in 1996. The main focus of the above tuning
methods was the dynamical behavior under closed-loop conditions. Even though
novel, effective theory and design methodologies are continually being developed in
the digital control field the PID automatic tuning remains the most preferred technique
used to solve problems both in the domestic and industrial sectors [13]. Linear control
systems can be easily tuned using conventional tuning techniques such as Ziegler-
Nichols and Cohen-Coon tuning formulae, but the results often show unsatisfactory
performance and involve more trial and error. To overcome these tuning obstacles for

meta-heuristic approaches is embraced

2.3.3 Tuning Approaches

Proportional-Integral-Derivative (PID) Tuning is very common in any engineering
application and the methods used has strength and weaknesses but generally the
Strengths are :Simplicity: PID controllers are relatively simple to implement and
understand, Versatility: They can be applied to a wide range of systems and are
effective for many control tasks, Stability: Properly tuned PID controllers can provide
stable control while weakness noted are :-Trial-and-Error: Tuning PID controllers can
be time-consuming and often relies on trial-and-error methods, Limited for Complex
Systems: PID controllers may struggle with highly nonlinear or complex systems,
Sub-optimal for Some Systems: They may not provide optimal control for systems
with significant time delays or varying dynamics. There are various tuning
methodologies available to make a PID controller operate with proper tuning. A few
of these methods are explained below: [14].

a. Trial & Error — This is a manual tuning approach that involves increasing the
proportional value until the controller reaches the point of oscillating response
without losing stability, with integral and derivative terms set to zero. Next,
the integral value is adjusted to end the oscillation, followed by adjusting the

derivative value to provide a quick response. as shown in Figure 3
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Figure 2.3 Trial and Error tuning method

b. Ziegler-Nichols — In this method, the integral and derivative terms are set to
zero initially, and the proportional term value is gradually increased until the
point of ultimate gain is reached (the point where the output loop begins to
oscillate). Using the ultimate gain and oscillation period, the PID controller's
gain can be determined as in Figure 2.3.

c. Process Reaction Curve — Also known as the Cohen-Coon tuning
methodology, this approach involves generating a process reaction curve with
respect to disturbance. The curve provides information on the controller gain,
derivative, and integral times. This curve can be observed when the system
operates in an open-loop step test, and the slope, dead, and rise time of the

curve correspond to the proportional, integral, and derivative values as shown

in Figure 2.4
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Figure 2.4 Cohen coon tuning method
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d. Software — Various software packages are available for loop optimization and

controller tuning. These software packages collect information and prepare

corresponding mathematical models. PID Tuner provides a fast and widely

applicable single-loop PID tuning method for the Simulink® PID Controller

blocks. With this method, you can tune PID controller parameters to achieve

a robust design with the desired response time as described in Figure 2.5.
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Figure 2.5 Software tuning technique

Relay — Also known as the Astrom-Hugglund technique of tuning the PID

controller, [15] this method involves switching the output between two

control variable values, which exceed the set point values. The output wave-

form's amplitude and period are calculated to determine the oscillation period

and ultimate gain. as described in Figure 2.6

Relay (active)

Figure 2.6 Astrom-Hugglund technique
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2.3.4 Strength and weakness of tuning methods

Ziegler-Nichols Method (PID Tuning Method):has the following Strengths: Quick
Estimation: Ziegler-Nichols provides a quick initial estimate of PID controller
parameters, Applicable to Various Systems: It can be applied to various processes
without detailed system knowledge while the weaknesses are :-Conservatism: The
Ziegler-Nichols method can lead to conservative (overshoot) control settings, which
may not be suitable for all systems, Lack of Optimal: It does not guarantee optimal

performance or robustness

Model-Based Tuning (e.g., Pole Placement): has the following Strengths: Optimal:
Model-based methods can achieve optimal control performance when the system
model is accurate, Customization: Controllers can be tailored to specific performance
criteria, Applicable to Complex Systems: Effective for complex systems with known
models while it has the following weaknesses: Model Requirement: Requires an
accurate system model, which may not always be available, Sensitivity: Sensitivity to
model inaccuracies and parameter uncertainties ,Complexity: Model-based methods

can be computationally complex and may require specialized software.

Frequency Response Analysis (e.g., Bode Analysis): Has the following Strengths:
Frequency Domain Insight: Provides insights into system behavior at different
frequencies, Robustness Analysis: Useful for robust controller design. While the
weaknesses are as follows: Limited for Nonlinear Systems: Less effective for highly
nonlinear systems and Labor-Intensive: Requires system measurements and frequency

response experiments.

Optimization-Based Tuning (e.g., Gradient Descent, Genetic Algorithms):this is the
mostly used currently and has several strengths :Optimal: Can find optimal or near-
optimal controller parameters, Customization: Controllers can be tailored to meet
specific performance criteria, Applicable to Complex Systems: Effective for complex
and nonlinear systems while the major weaknesses are: Computationally Intensive:
Optimization-based methods can be computationally expensive and time-consuming,
Model Requirement: May require an accurate system model for optimization,
sensitivity to Initialization: Results may depend on the initial guess or population in

optimization algorithms. [16]
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2.4 PSO PID system

The use of IPSO algorithm in tuning PID parameters in a domestic or industrial plant
is suitable for any selected environment. For this study the plant or process will be
considered standard, as has been previously studied in different research work. PSO
is a computational optimization technique that can be used to tune the parameters of a
PID control system. A PID controller is a feedback control system that is commonly
used in industrial control systems to regulate the behavior of a dynamic system. It
works by continuously measuring the output of the system, comparing it to a desired
set point and adjusting the input to the system to minimize the difference between the

set point and the actual output.

PSO is a population-based optimization method first proposed by Eberhard and
colleagues. Some of the attractive features of PSO include the ease of implementation
and the fact that no gradient information is required. It can be used to solve a wide
array of different optimization problems like evolutionary algorithms the PSO
technique conducts a search using a population of particles corresponding to
individuals. Each particle represents a candidate solution to the problem at hand. In a
PSO system, particles change their positions by flying around in a multidimensional
search space until computational limitations are exceeded. This new tuning approach
features many advantages such as simplicity, fast in response and coding require few
lines. Moreover, this approach is advantageous over evolutionary and genetic
algorithms in many ways: PSO memory. That is, every particle remembers its best
solution (global best), Initial population of the PSO is maintained and so there is no
need for applying operators to the population a process that is time wastage and
memory storage-consuming, PSO is based on constructive cooperation between
particles in contrast with the genetic algorithms which are based on the survival of the

fittest. [17]

2.4.1 PSO Background

The nature-inspired algorithm can be based on either evolution or particle swarm
optimization. Evolution can be either genetic algorithm or differential evolution while
for swarm optimization we have particle swarm optimization (PSO) for birds or ant

colony optimization (ACO). PSO works based on the collective behavior of animals
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is given by Qi1 = Ziwi*f= Ziwif/ Ziwi, A swarm of n particles flies over a system’s
space to locate a global optimum. It is best designed to communicate directly or
indirectly with one another using search direct gradient descent. During an iteration
of PSO, each particle updates its position according to its previous exposure, as well

as the experience of its neighbors.

A particle is composed of write-up vectors, modeling records, the current position of
the particle in the search space, the vector is known as best (records the location of
the best solution found so far by a particle), and the vector containing a gradient
direction in which a particle will travel if not disturbed.

In PSO each particle moves towards the best position found by it, that is the pbest so
that the best global (gbest) is obtained so far by any particle with a random weighted
acceleration at each time step [18].

This is done by adding a v-vector to the x vector to get another x vector (xi= xi+ vi).
Once a particle computes the new xi it then evaluates its new location. If x fitness is
better than p-fitness then pbest =xi and p-fitness. Factors that swarm depends on are:
Swarm size, Position of particle, Velocity of the particle, Maximum number of
iterations

2.4.2 PSO Algorithm

The PSO algorithm is a stochastic approach based on the principles of natural selection
and search algorithms. There is much evidence to support the theory behind this
investigation such as animal movement and plant growth including ants foraging,

birds flocking, fish schooling and bacterial chemistry.

The main goal of PID tuning is to control parameters that meet the closed-loop system
performance specifications and improve them over a wide range of operating
conditions. PID adjustments result in better transient response to set point changes,
while poor adjustments result in a sluggish response to disturbances [19].Choosing
conservative values of the control parameter can result in slow closed-loop response

to set point changes.

PSO is a stochastic optimization algorithm based on a social simulation model whose
development is inspired by the concept and rules of collision-free, synchronized

moves that govern socially organized populations in nature such as bird flocks, fish
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schools and animal herds. The traditional tuning method provides data for the tuned

parameters which are then used with the PSO system [20].

2.4.3 Advantages of PSO

The following are major advantages related to PSO: The algorithm does not use the
gradient information of objective function but uses its real value, Ease of
implementation, Can be applied to solve nonlinear, multiple optimum, and high-
dimensional problems. Solutions hardly depend on the initial state of the particles,
Low a computational time, High global convergence speed, Does not need gradient
information and therefore can minimize naturally defined cost functions without the
use of complex mathematical operations, Does not require gradient information and
basic mathematical operations, Uses very few parameters, making analysis easy,
Easily applicable to nonlinear, non-convex, continuous, discrete, and integral
variables, Review and discussion of the most established results in PSO algorithms

are well tackled.

However, the method suffers from the difficulty in the evaluation of the first derivative
for many functions in discontinuous spaces. It also suffers from partial optimism
which degrades the regulation and the lack of diversity thus injecting random chaos.
A swarm can be defined as an apparently disorganized collection of moving particles
or a population that tends to cluster together while each particle seems to be moving
in a random direction [18§].

2.4.4 Designing code for PSO

As [21] referred in the above statements the assumption are:-

No of particles swarm = swarm (n)
Movement in space = inertia (W)
Response in group = correction factor ( ci/c2)

Velocity and position update equation Eq 2.2, Eq2.3 and Eq 2.4 is given by:

Vij = wvij + c;r; (pbest — xij) + c,r,(gbest —  xij) (2.2)
Xij = vij + xij (2.3)
W = wmax - (iter/max iter) (wmax — wmin) (2.4)
Where

Winax = final weight
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Wmin = initial weight

MaxXier = maximum iteration number
Iter = current iteration number

1 /12 = random numbers (0-1)

Vi = previous velocity

P = personal best

G = global best

2.4.5 Procedure for Optimizing PSO

The standard procedure for optimizing a plant process typically involves the following
steps: Define the objective: Clearly define the goal of the optimization process, which
could be to maximize production, minimize energy consumption, reduce waste, or
improve product quality, among others., Identify the variables: Identify the key
variables that affect the process and determine the optimal set points for these
variables, Gather data: Collect data on the current performance of the process,
including measurements of the variables and other relevant parameters, such as flow
rates, temperatures, pressures, and compositions, Develop a model: Develop a
mathematical model of the process using the collected data and other relevant
information. The model should be able to predict the process behavior under different
operating conditions, Simulate the process: Use the model to simulate the process
behavior and optimize the set points of the variables to achieve the defined objective,
Validate the model: Validate the model by comparing the simulation results with the
actual performance of the process. Adjust the model as necessary to improve its
accuracy, Implement the optimized process: Implement the optimized set points and
monitor the process to ensure that it is running smoothly and meeting the defined
objective, Continuously monitor and improve: Continuously monitor the process
performance and make adjustments as necessary to maintain or improve the

optimization.

[20] Particle swarm optimization is inspired by social behavior of birds flocking where
it searches for optimum by updating generations. The Swarm refers to populating the
moving particle as per the number of iterations, it further solve problems by having
population called swarms of candidate solutions. Each particle movement is

influenced by its local best known position guided by known position in the search
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space, therefore when any particle exceeds the search space, the value will be re

initialized so as to arrive at the best optimum value.

The controlled parameters are in a range in which the algorithm computes the optimal
control variable. As per practical experimental work the particle swarm optimization
technique Algorithm do not guarantee an optimal solution however it is Easy to
implement and utilizes very few parameters. The Fitness function is used in meta-
heuristic algorithm for optimization where conditions are best and most favorable.
Most systems use objective function so as to obtain the maximum or minimum value
of the controlled conditions. Each particle searches optimum value by updating the
generation changes effected by the process. In each iteration every particle is updated
by following the two best values, First best one is the best solution fitness and the

second best value tracked by PSO.

Objective function is a multi-modal that is more than one function, this implies that a
process can have more than one optimal but can either have a single or more than one
global optima .Finally the local optimum lack global perspective as will be seen in the
optimization results. Particle swarm optimization usually provide better results
however Genetic Algorithm are better it is only that the results are not definite
[22].With a modified particle swarm optimization algorithm it can be used to tune the
PID parameters [23].

2.4.6 PSO implementation procedure

For effective implementation of the particle swarm optimization the following
sequence of activities were strictly followed: Initialize the swarm P(f) of particles such
that the position x; (t) of each particle P; €P(t) is random within the hyperspace with t-
0,Evaluated the performance F of each particle using its current position X;
(t),Compared the performance of each individual to its best performance thus far : if
F(x1)<pbest then this results into F(xi(t) then Xppest= Xi(t),

Compared the performance of each individual to the global best particle :if F(xi(t) <
gbest then gbest is equal to F(xi(t) hence Xgbest = Xi(t),Change the velocity vector
for each vi(t)=vi(t-1)+p1(Xpbest- Xi(t))+ p2(Xgbest- Xi(t)) whereby p1/ p2 are random
variable and second term(t) is the cognitive component while the last term is the social

component, Move each particle to a new position xi(t) =x (t-1) +vi (t) and
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t=t+1,Procedure reverted to (b) and action done and re done until convergence is

achieved.

The random variable pi/ p2 are defined as p1=ric1 while p2 is given by r2c2 with 11, 12
lies between 0 and 1 and normally ¢; and ¢ are positive acceleration constant .NB:
c1 +co must be less than or equal to four to guarantee stability in the use of particle
swarm optimization. Parameters are initialized randomly in first step and then are
being updated using particle swarm optimization algorithm, in each iteration one of
the parameters set are being updated on each iteration sequence signified by a; and the
second iteration is by b and the sequence repeated.

2.4.7 Tuning of PID using Particle Swarm Optimization

Particle swarm optimization (PSO) can be defined as an optimization technique based
on evolutionary computation. It was developed through the simulation of simplified
social systems and is robust in solving continuous nonlinear optimization problems.
PSO is a population-based stochastic optimization technique where individuals,
referred to as particles, are grouped into a swarm. Every particle in the swarm
represents a candidate solution to the optimization problem. Each particle is flown
through a multidimensional search space, adjusting its position in search space
according to its own experience and that of neighboring particles. Therefore, a particle
makes use of the best position encountered by itself and that of its neighbors to
position itself toward an optimal solution as described in Figure 7.

The effect is that particles fly toward a minimum, while still searching a wide area
around the best solution. The performance of each particle is measured using a
predefined objective (fitness) function, which encapsulates the characteristics of the

optimization problem [24].

Each particle is treated as a point in a j-dimensional space. The i" particle is
represented as Xj = (Xi,x12...x1J). The best previous position (giving the minimum
fitness value) of any particle is recorded and represented as PI = (pi1,piz...pij), this is
called pbest. The index of the best particle among all particles in the population is
represented by the symbol g, the velocity for the particle 1 is represented as Vi =
(Vi1...Vio. Vij).The Particle Swarm Optimization (PSO) algorithm is a computational

optimization technique that can be used to find the optimal solution to a problem by
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simulating the behavior of a swarm of particles moving in a multidimensional search
space. The following is a brief description of the flow chart for the PSO algorithm:

Initialization: The algorithm starts by initializing a population of particles, each
representing a possible solution to the problem. The particles are randomly initialized

within the search space, and their position and velocity are defined.

Evaluation: Each particle's fitness is evaluated based on its position and velocity in the
search space. The fitness function measures how well the particle satisfies the problem

constraints and is used to determine the quality of the particle's solution.

Update particle's personal best: Each particle maintains its personal best position,
which is the best position it has found so far. If the particle's current position is better

than its personal best, the personal best position is updated.

Update swarm's global best: The swarm's global best position is the best position found
by any particle in the swarm. If a particle's personal best is better than the current

global best, the global best is updated to the particle's personal best.

Update velocity and position: The particles' velocity and position are updated based
on the current position, velocity, personal best, and global best. The new position and
velocity are calculated using mathematical equations that determine the direction and

magnitude of movement.

Check for termination: The algorithm checks if the termination criterion has been met.
If the criterion is met, the algorithm stops, and the best solution found by the swarm
is returned. Otherwise, the algorithm goes back to step 2 and repeats the process until

the termination criterion is met.

Output: Once the algorithm has converged, the best solution found by the swarm is

returned as the output of the algorithm.
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Figure 2.7. PSO flow chart

The particles are updated according to the following equations [22] Eq 2.5 and Eq 2.6
VI = w x Vi +re (P — X5 + e (P — X1 (2.5)
XiH=xn vt (2.6)
Where w is the inertia weight, c; and c> are acceleration coefficients, 11 and r; are
random numbers uniformly distributed between 0 and 1, and n represents the iteration
number.is used to calculate particle’s new velocity according to its previous velocity
and the distances of its current position from its own best experience (position) and

the group’s best experience. Then the particle flies toward a new position.
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The performance of each particle is measured according to a defined objective
function (performance index), which is related to the problem to be solved. ¢i and c»
represent the weighting of the stochastic acceleration terms that pull each particle
toward pbest and gbest positions. Low values, allow particles to roam far from the
target regions before being tugged back. On the other hand, high values result in abrupt
movement toward, or past, target regions. Hence, the acceleration constants c¢; and ¢
were set to be 2.0 according to past experiences. Suitable selection of inertia weight
w provides a balance between global and local explorations thus requiring less
iteration on average to find a sufficiently optimal solution [19].

As originally developed often decreases linearly from about Wimax = 0.9 to Wmin = 0.4

during a run. In general, the inertia weight w is set according to the following Eq2.7.

wmax—wmin
W = Whax - ; X iter (27)
1termax

Where iter max is the maximum number of iterations (generations), and iter is the
current number of iterations, the termination criterion used here is when the maximum
number of iterations is reached which is 100 iterations. Considering that there are 15
and 30 individuals (particles) in the population. Since there are three parameters ( K,
, K; and Kp )to control, position and velocity are represented by matrices with the
dimension of 2x2. The values of ( K, , K; and K}, )are assumed to be from 1 to 100.
The position represents the PID controller gains (( K , K; and K, ) [25]. Normally to
reduce the overshoot problem derivative action is added and mostly when solving an
optimization problem the PSO Algorithm always searches for the optimum solution
by adjusting the past moments and current search direction. However, if the optimizer
needs to frequently change the descending direction and the present error is
insignificant the history momentum will cause the overshoot problem.

2.4.8 Performance index

Quantitative measure to depict the system performance of the designed PID control.
Using the PID optimum system can be designed and set of parameters adjusted to meet
the desired specification. The major objective is to achieve minimum performance
index. Performance index is the quantitative measure to depict the system performance
of the designed PID controller which is tuned using PSO based on an improved
algorithm where by the optimum system can be designed through parameters can be

adjusted as per the specification [22].
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2.4.9 Evaluation of the Objective Function

The performance of the control system is usually evaluated based on its transient
response behavior. To design an efficient controller the objective is to improve the
system response by minimizing the error between the input signal u (t) and the output
y (t). In general, the error signal is expressed as:

e®=u®-y®. (2.8)

The error signal defined by Eq 2.8 is widely used in the integral performance criteria
in the frequency domain such as the integral square error (ISE), integral absolute error
(IAE), integral time square error (ITSE), and the integral time absolute error (ITAE).
The ISE and IAE weigh all errors equally and independent of time. Consequently,
optimizing the control system response can result in a response with a relatively small
overshoot but a long settling time or vice versa. To overcome this problem the ITSE
and ITAE criteria weigh the error such that late error values are considerably taken
into account. The performance criteria formulas are as indicated in Eq 2.9 -2.14 [22].

a) Integral Absolute Error-

IAE=[ le(t)|dt (2.9)
b) Integral square Error-ISE=/ Ot le(t)]?dt (2.10)
¢) Integral Time Absolute Error=ITAE= Ot tle(t)|dt (2.11)
d) Integral Time Square Error-ITSE= Ot tle(t)|?dt (2.12)
e) Mean square Error-MSE ZM (2.13)
f) Integral Error-IE=/ Ot e(t)dt (2.14)

However ITSE and ITAE can result in a multiple minimum optimization problem. In
addition, all the integral performance criteria attempt to minimize only the error which
does not necessarily mean minimizing all the basic evaluation parameters such as the
maximum overshoot (Mp), rise time (tr), settling time (ts), and the steady-state error
(Ess). A performance criterion in the time domain where the aforementioned
parameters are evaluated and minimized was proposed) as shown in Eq 2.15 [24].

Fun = (1 — e—f).(Mp + Ess) + e —.(ts — tr) (2.15)
Where B is the weighting factor and can be set greater than 0.7 to reduce the overshoot
and steady-state error or less than 0.7 to reduce the rise time and settling time. For this

system, it has been found that setting  to 1.5 yields the best result.
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Therefore, for tuning a PID controller based on the PSO technique, the performance
evaluation indices ITSE, ITAE, and Fun will be used as the objective function and
their responses will be compared with each other to find the optimal set of the PID
controller gains. The structure of the PSO PID controller with its performance is
evaluated using the objective function System error can be used as an evaluation index
of its control effect. This study selected ITAE as the objective function. The fitness

function controls the error which is given by the ITAE equation [26]
ITAE=F (e, t) =J=[ |e [tdt (2.16)
ISE results in poor settling time while ITSE is the best method for getting minimum

index. The objective function provides a measure of how individuals have performed

in the main problem domain [19].

ITSE=; te?(t)dt (2.17)
Where e (t) is the error signal
Ve=Kpet (1) + Kif) et(t)dt +Kd == (1) +Ke[) t(et)?(t)dt (2.18)

The modified PID controller gain and the constant K are used to optimize the system's
total error. The following listed parameters represent values for each as stated:
i=1,2,3...n

m=1,2,3...d

n = number of particular population in a group-

d = dimension of space or number of tuning parameters

t = current iteration value

vim= velocity of a particle I at iteration t

w= inertia weight factor

c1/co= learning factors

Random number r between 0 and 1 while xiq represent current position of particle 1 at
t iteration and pbest is the best particle position of ith particle and finally gbest is the
best particle position among all the particles in the whole population.

[22]The objective of performance index is to seek a set of PID parameters such that
the feedback control system has minimum performance index .PSO tune parameters
Kp and others using a standard model equation .PSO produces initial swarm of
particles in search space represented by a matrix. Each particle represents a conditional

solution for the PID parameters where the values are set in the range of 1 to 100.For
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the three dimensional problem position /velocity are represented by matrices with
dimension of 3 times swarm size. Step response of the performance is evaluated based

on the rise time and settling time.

Reasons why PSO is preferred in tuning simple architecture is due to acceptable
performance and ease of use. PID controllers do not require the use of extensive back
ground in mathematics, control theory engineering to understand however the
goodness of the traditional methods is that it provides us with initial PID values for
optimal tuning. PSO tuning is basically used to handle the following types of
problems: nonlinear, on differentiable, multiple optimum and high dimensional. [25]

2.4.10 Improved PSO

Introduction of inertia weight ensures reduced velocities over time, control
exploration, exploitable abilities of the swarm, converge the swarm more accurately

and guarantees convergence as per Eq 2.19 [17]

Jrae=YE; X [ tlel(D)]dt (2.19)

To improve performance of PSO the use of linear decreasing inertia weight
constriction factor approach is undertaken. Introduction of inertia weight ensures
reduced velocities over time, P is number of controllers. Factors that determine the
effectiveness of PSO 1is the searching capability, computational efficiency and
convergence property. Each member is defined as a particle while the population is
referred to as the swarm. Methods used to achieve convergence is velocity clamping,
inertia weight, and constriction coefficient. The impact of inertia weight is on search

capability however there are situations where the inertia rule does not apply.

As an intelligent optimization algorithm, PSO can be applied to determine the optimal
parameters of different industrial or domestic functions. The major task is to look for
the solution via collaboration and sharing information within the individual group’s

particle velocity update as provided by Eq 2.20 [27]:
VE=wVE T cin(Pi-XK 1)+ cora(Gia-XK 1) (2.20)

Where by
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W = inertia weight

ci/c2 = acceleration factor —ranging from 0 to 1

ri/r, = random numbers
Particle position update is given by Eq 2.21

xK=xKt 4+ vk (2.21)
The purpose of PID parameter optimization is to find a set of parameters to make the

PID achieve optimal control effect as per Eq 2.22 [19]

de(t)
dt

Ut= Kpe (t) +Kif; e(t) dt + Ko (2.22)
Where e (t) is the system error brought by the fluctuations of plant dynamics.

Alternatively, the new position can be obtained from Eq 2.23
Vi =WV HCI VI [Pl ese-Xij] + CaV3* T (2.23)
Where weights was added which resulted into Eq 2.24 [20]

Vi =X [WVij+ ¢1j(Poest-X'i) + 02 (Ghest=X'i) (2.24)
Where

X —constriction factor

W=inertia weight

d1/ ¢= random values

The combined Eq 2.23 and Eq 2.24 results into Eq 2.25 with the addition of the

constriction factor.
Vi§+1:WV1tj+ C1X§j [€2Gpest-Xij] (2.25)

2.4.11 Empirical analysis of PSO characteristics

The following factors show the analysis of Particle Swarm Optimization: Improved
convergence speed, Control exploration trade off, Overcoming stagnation problem,
Avoiding premature convergence, Velocity clamping technique, Boundary value

problem, Initial and stopping conditions.
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Normally Vmax = E (Xmax - Xmin) which gives the maximum velocity. From
experience it was noted that a poorly chosen Vmax can lead to extremely poor
performance. If a particle's personal best position and the neighborhood best position
are far apart from each other the particle may follow a wider cycle leading to non-

convergence.

Steps taken to achieve effective optimization using the PSO algorithm include particle
initialization, particle selection, iteration, function evaluation, and stopping condition.
It is worth noting that PSO is good at solving robust nonlinear optimization problems
[19].

2.4.12 PSO Design analysis

To use PSO to tune the parameters of a PID system, the following steps were taken:
in this study:-Defined the optimization problem: The first step was to clearly define
the optimization problem, which in this case is to find the optimal values of the PID
controller parameters, Defined the fitness function: The fitness function is a metric
used to evaluate the performance of the PID controller. It can be defined as the integral
of the squared error (ISE), the integral of the absolute error (IAE), or another suitable
metric, initialized the particles: Initialize a population of particles, each representing
a set of PID controller parameters. The particles can be initialized randomly or
according to a specific distribution, evaluated the fitness of each particle: Calculate
the fitness of each particle based on its set of PID controller parameters. This involves
simulating the PID control system using the particle's parameters and evaluating its
performance using the fitness function, updated the particles: Update the position of
each particle based on its current position, its velocity, and the position of the best-
performing particle in the swarm. This involves updating the parameters of the PID
controller based on the position of the particle and its velocity, repeated steps 4 and 5
until convergence: Continue to evaluate the fitness of each particle and update their
positions until the swarm converges on an optimal set of PID controller parameters.
This involves repeating steps 4 and 5 for a specified number of iterations or until the
fitness function reaches a minimum, implemented the optimized PID controller: Once
the PSO algorithm has converged on an optimal set of PID controller parameters, the
optimized controller can be implemented in the system. The performance of the

system should be monitored to ensure that it meets the desired specifications.

32



Overall, using PSO to tune the parameters of a PID controller can be an effective way
to optimize the performance of a control system. However, the success of the approach
depends on the selection of appropriate parameters and the choice of fitness function.
Additionally, PSO can be computationally expensive and may require significant

computational resources to achieve optimal results.

Initial
parameters
PSO Objective
algorithm function
i | ]
R(s) . e v ¥ U.(s) Y (s)
PID Process

Figure 2.8 PSO/PID block diagram
Finally, the system is observed for the effectiveness in terms of process
performance andresponse on the MATLAB/Simulink platform. The Figure 8
above shows the domestic plant unitfor the PID controller gains (Kp, Ki & KD)
obtained using Ziegler-Nichols (ZN) method and the gains obtained using PSO
with ITSE, ITAE and Fun performance assessment indices Comparative results
for the plant response performance in the time domain are evaluatedbased on
the rise time (tr), the settling time (ts), the maximum overshoot (Mp), and the

peaktime (tp) [20].

It is clear from the responses that the PSO based controller has greatly reduced
the overshootand the settling time compared to the Ziegler-Nichols tuned
controller. Furthermore, the PIDcontroller tuned using the PSO evaluated using
the Fun assessment criterion (PSO - Fun) gives the best response as it reduces
the overshoot to almost zero and has the fastest rise, settling and peak times.
[25]The PSO global best (Best Cost) solution is selected for the particlewhich
has the smallest value based on the Fun performance assessment criterion for
the 100iterations as shown above It can be seen that global best value is

minimized throughout the iterations, and thus, the solution is optimized.

33



The PID controller gains obtained using PSO with its objective function
evaluated using the Fun equation (PSO - Fun) are used to simulate the plant
model. First, the original position and velocity of PSO are initialized and the
fitness values of each particle are calculated. Then, for each particle, the fitness
value is compared with the fitness value of Pbest. If the current value is better,
the position is renewed with the current position and the fitness value is updated
simultaneously. [18]After that, the best particle of the group with the best
fitness value is determined. If the fitness value is better than the fitness value
of gbest, then the gbest and its fitness value are updated with the position. The
finalizing criterion is checked, and if satisfied, the iteration process is ended.
Finally, the position and velocity of PSO are updated, and the procedure returns
to step 2 above. Suitable selection of the inertia weight provides a balance

between global and local searching capability.

To achieve process optimization, the use of a computation strategy is employed
for self-tuning or automatic tuning of PID controller parameters. There are
several ways to tune the PID parameters, such as analytical methods brought
up by Lyaponov/root locus, heuristic methods worked on by Ziegler-Nichols
& Cohen-Coon and frequency response method. An alternative is the adaptive
tuning method, which is an online real-time tuning method involving the use of
automated online mechanisms to tune the PID controller parameters. The
complexity of the plant dynamics determines the difficulty of tuning the

controller parameters [28].

Sometimes the plant faces tuning problems which are normally a result of
difficulties dueto environmental or operational uncertainties and perturbations,
these features contribute tothe difficulty of obtaining appropriate or suitable
controller parameters geared towards the achievement of set performance
objectives. Additionally, existing applications require meeting numerous
performance conditions or requirements at once and are usually in conflictwith
the parameters selected. [17] Meta-heuristic methods have the following
advantages: they are concurrent, have a simple implementation, can handle

large and complex problems at reduced computational cost, and have wide
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usage in many areas. The Teaching of Learning-based Optimization (TLBO)
[20] is a simple concept but lacks an exact algorithm variant. However, the
method is easy to implement and has fast convergence. The BAT met heuristic
algorithm method is used for PID tuning and can solve realistic real-world
problems with a unique ability to handle optimization problems. Bacteria
Foraging Optimization (BFO) is a nature-inspired optimization method that
imitates a swarm of Escherichia bacteria. For continuous monitoring and
maintenance of plant dynamics in real-time the chosen controller should be
highly sensitive to parameter variations and require lower processing time for

a quick response.

We also have the fuzzy method [22] but its applicability to real-time systems is
a major problem, and it also requires high human expertise because it is based
on artificial intelligence. The major difficulty in parameter tuning arises when
the controlled variables need to be tuned to achieve the following objectives:
closed-loop control system stability, durability, performance tracking,
measurement and noise reduction, disturbance rejection, and robustness against
environmental changes. Generally, given a set of objective functions, there are
several types of tuning strategies for the PID controller, such as model-free,

non-parametric model, in-depth data method, and parametric model.

Modify
Design
Variables

Initial - - =
Design h 4 3 (e].] ject!:res gtl:nal
Variables met? paie

Figure 2.9 Particle swarm optimization design
The Figure 2.9 Above describe the process which was taken in ensuring correct
optimization sequence:-The setting of the design variables and from there the system
is set with the desired variables to see if the objectives are met if yes get the optimized

design if not kindly modify the variables. Using the time domain requirement the

35



plant input model was designed for its use in the Simulink model [11].To improve on
the process performance some parameters were set as follows:-the final value was set
as 1 while the settling time was designed to 1, the initial condition was set to 0, the
time domain set to continuous mode and finally the parameters Ki, K, and Kq were

initialized.

The procedure for initialization was done as follows:-On the MATLAB platform
select Modelling, then go to model work space, assign values to the variables Kj, K,
then finally save the data as step response. The design variable set was added in order
to affect the real optimized process of the plant. The variables Kj, and K, were selected
and transferred to the Simulink workspace model. The minimum value was set to be

0 for each variable and then OK button pressed to run the optimization.

2.4.13 Applications of PSO

The particle swarm optimization is used in wide areas such as antennae design, signal
processing, networking, biomedical, digital circuits, electrical and robotics

2.5 PID Tuning works

Most plant control mechanisms are highly nonlinear and strongly coupled Multi-Input
and Multi-Output (MIMO) systems that are largely influenced by external
environmental conditions. To achieve the control objective, the use of conventional
PID control techniques is applied. However, this strategy may not guarantee the
desired performance, as determining the combination of desired settings for the
parameters to be tuned is normally cumbersome and complex. Due to the
disadvantages inherent in linear control methods researchers have resorted to utilizing
advanced control techniques to deal with amorphous conditions in any domestic or

industrial setup.

The PID tuning by using human beings as the main controllers of the process has a lot
of human errors resulting in poor performance. Different plants usually require
controller timers, counters, relays, and assorted controllers which in reality do not
provide optimum performance. The change from the static state of the process to the
dynamic condition causes significant variation in the process state which in turn
produces inaccurate final poor output. The highlights and overview of the literature

review are discussed below from different global authors:
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After evaluating various techniques it was noted that the relay-based PID controller
provided the optimal response using the Ziegler Nichols technique [29].The control
of the temperature in a heat ex changer was analyzed in the studies [30] - [31] where
the system took 45 seconds to reach the set point and 20 seconds to achieve stability
during oscillation. The implementation of new controllers demonstrated a reduction
in switching and the model predictive controller resulted in a smoother temperature
control. The application of a simplified thermal model and optimal temperature
control using feedback and feed forward techniques accurately predicted the thermal
characteristics with average mean square errors of 11.14% and 12.82%, respectively

[32].

Ant colony optimization (ACO) and PSO techniques were used in designing a plant
control where ACO was proved to be slightly better than PSO. Distancing function
technique was implemented and the method was found to be easy, very fast and easily
implementable however [26] worked on the latest PID adjustment technique by using
PSO-SCALF(Sine Cosine Algorithm and Levy flight) form optimization which
resulted in Overshoot decreasing from 25% to 10% respectively. Optimal tuning of
PID controller gain based on PSO method using the integral time square error (ITSE)
performance index and the efficacy of the controller is tested with trio-loop error at

different transient conditions [28] - [33] where it was noted that ITSE is fairly reduced.

The use of Fuzzy Logic Control /Genetic Algorithm and GA-PID schemes for
stability control of nonlinear systems was examined [34]- [35] and the researchers
could not determine which controller was superior to the other. Simulated results
showed an improvement in system performance compared to previously employed
systems with faster steady-state error control output achieved through Genetic
Algorithm-GA determined PID tuning parameters. A study on the determination of
optimal performance of a temperature control system using PID Fuzzy Controllers is
undertaken [29][36]and it is realized that the temperature control using the fuzzy PID
controllers had better performance based on transient response and error integral

criteria. The problem of tuning required solution to achieve concise control.
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A controller was tuned manually which lead to trial and error and could not meet the
desired target compared to utilizing the Self-tuning PID controllers [37] [38]. In the
context of Hybrid fuzzy control [29] [36]was fully studied and the effectiveness of
each controller in performing specific tasks was noted, taking into account factors
such as the fractional order rate of the error signal. Focus was then turned to
conventional factors for the PID controller, whereas attempt to optimize the controller
using a Genetic Algorithm resulted into slow response when it came to settling time,
However the use of PLC for control functions showed poor performance in terms in

terms of settling time.

The implementation of fuzzy proportional integral and derivative (FPID) was found
to significantly enhance the step response characteristics of the system, improving rise
time, overshoot, and settling time, as shown in studies conducted by [39]Additionally
it was demonstrated that automatic control was superior to human control. Despite
various studies investigating different plant models and control methods the unique
structure, conditions, equipment requirements, environmental factors and operating
conditions of individual plants make it difficult to obtain a universal control model for

the process. [40] .

Fuzzy logic self-tuning PID controller for a ball mill grinding circuit using an
improved distance observer was studied however the system suffered from instability
problems. Another researcher investigated bumping switching methods for PID
controllers in a nuclear power DCS control system and concluded that the PID tuning
resulted in excessive overshoot. Finally a study was conducted [34] - [41] on
simulation study on controller design for temperature control of a heat ex changer
system and it was revealed that the system had a long heating time due to poor control

mode.

Fuzzy self-tuning based their study on the design on an intelligent temperature
controller of furnace system using the, however the system suffers from parametric
reform complications, their effort to reduce over shoot, settling time, and raising time
worked well hence showing that fuzzy method was capable of providing more
accurate results with robust performance and very stable response compared with the

conventional PID controller [3].
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Improved back propagation (BP)neural network PID controller for greenhouse
environment control was studied and focus was also directed to network traffic
prediction using PSO with Elman mode which resulted into significantly improved
performance compared to conventional tuning methods [42]- [43] . Neural network
control system of unmanned auto vehicle attitude dynamic and its comparison with
the PID control system was investigated [31] and it was realized that the neural
network control was more superior in terms of performance. Another researcher [27]
developed a tuned PID controller for speed control of DC motor using soft computing

techniques and after analysis the soft computing method produced better results.

Root locus was used in designing a decentralized PID controller based on inverted
decoupling for a Two Input Two Output (TITO) system and it resulted in achieving

proper parameter control and regulation of process variable [44].

Big Bang Big Crunch (BB-BC) algorithm [13] was used to design a fast tuning of
PID controller in a Heating Ventilation Air Conditioning (HVAC) while applying it
to a second order system and noted that there was high speed achievement resulting

into improvement in optimization, accuracy and high convergence speed.

Mathematical modelling and application of PSO was studied and it was concluded
that optimization is a mathematical technique that ensures the finding of maxima or
minima of some functions in some feasible region. Classical PSO Algorithm
MATLAB codes was Developed [45]- [46] and it could solve three variable
optimization problem easily and finally research on proportional integral derivative
PID controller tuning for inverted pendulum using PSO Algorithm was undertaken

and it was concluded that rate of convergence was extensively improved by

3.17seconds. [47].

Investigation on the use of a PSO tuned PID controller to monitor the camera position
in a UAV with a two-axis gimbals was undertaken and it demonstrated stable
convergence and good computational -efficiency, which outperformed the
conventional PID controller [17]. A position control system was developed for a servo

system using a PID controller tuned with soft computing optimization techniques and
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the later provided better results compared to the PID controller alone. A novel PSO
algorithm with adaptive inertia weight was proposed under different inertia weight
strategies such as constant time, time-varying and adaptive inertia weight. A flexible
inertia weight particle swarm optimization algorithm was developed, where the PSO
performance depended on appropriate parameter selection strategies for fine-tuning
the parameters with the introduction of a new nonlinear strategy for selecting the
inertia weight. However identifying the appropriate parameter values can be

challenging, and improper settings may lead to sub optimal results. [25]

Researchers [19]- [48].investigated a systematic clustering method based on PSO and
compared it to other clustering techniques discussed in the literature plus the
development of a novel optimization algorithm called Direct Bee Colony Algorithm,
which was inspired by group decision making process of honey bees. This approach
was found to produce unique optimal solutions and could be a suitable option for real-
time online optimization problems when compared to other nature-inspired
algorithms. However the method has limitations in that performance of PSO based
clustering can be sensitive to the initial placement of clusters. If the initialization is

not well-balanced, it may lead to sub optimal solutions.

High resolution PID temperature control was designed for use in low cost therm-
luminescence system and it noted for its simplicity in structure and applicability to
variety of process work was also done on a simple PID based strategy for PSO

Algorithm [49] - [50] and the method suffered from premature convergence.

Meta heuristic algorithm for PID parameter tuning review of different approaches for
various scenarios was undertaken and they noted quite improvement in the settling
time in terms of performance, however authors [51]- [52]worked on modelling and
simulation of temperature control system of farm products baking equipment, the
author concentrated more on micro controller based control and not tuning for

optimum performance

Fuzzy self-tuning PID  based research was used [53] - [54]on the design of an
intelligent temperature control system while [14]concentrated on temperature control

of water bath system using PID controller, further work was carried out on the design
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of fuzzy based PID algorithm for temperature control of an incubator and they proved
the effectiveness of the fuzzy logic controller as superior to PID. Many fuzzy self-
tuning PID controllers require initial training data to establish the fuzzy rule base and
membership functions. Gathering and reprocessing this data can be time-consuming

and may not always be feasible.

In the Hybrid fuzzy control [36] [55] such as the fractional order rate of error signal
the ability of each controller to effectively perform specific task was noted. [56]
Worked on PID controller based conventional factors while [57]tried to use Genetic
Algorithm and the PID, however [58]used the PLC for its control functions and the
results were not good when it came to settling time. [59] Researched on Genetic
Algorithm based PID controller tuning approval for continuous storage tank reservoir
and observed that the Genetic Algorithm to be of better response compared to the
conventional PID controller. GAs explore a large search space, which means they may
require a significant number of evaluations (i.e., fitness function calculations) to

converge to a satisfactory solution. This can lead to a time-consuming tuning process.

A study on PSO based tuning of PID controller for load frequency control in a two-
area power system showed that using the PSO technique for tuning the PID controller
resulted in less overshoot and a less sluggish system with reduced Integral Absolute

Error (IAE) [24].

PID controller was applied for MIMO process using an PSO to a multi-variable
process with two inputs [60]- [61] and two outputs was investigated and a of PSO
Algorithm for PID controller tuning was studied and the research concluded that it

yielded the best results with a value of ITSE found as 0.5673. [62]

After examining the literature on optimizing PID parameters using I[PSO algorithm
for non-linear systems, it was observed that several researchers have worked on using
the PSO algorithm for PID tuning in various applications such as greenhouse
environment control, network traffic prediction, ball mill grinding circuit and
temperature control of a heat ex changer system. However little in road has been
achieved on comparison of performance index at various iterations, number of swarm

particles and the variation of inertia weight by applying the right algorithm. The basic
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performance of the plant needs further improvement in comparison to other research
studies found in the literature review. From the above literature review many
researchers focused on the application of PSO for PID tuning, but lack of
comprehensive comparative analysis to existing systems such as PID and SPSO. A
research gap is in the systematic comparison of improved PSO variants in the created

algorithm for standard plant transfer function as done by [10].

2.6 Summary

This chapter outlines the comprehensive review of the existing literature related to the
optimization of PID parameters using PSO algorithm for non-linear systems. It
highlight the gaps in the literature and identify the research questions that will be

addressed in the thesis.
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CHAPTER THREE

METHODOLOGY
3.1 Introduction
This chapter discusses the approach taken to achieve the set specific objectives of the
study. Also discussed in detail are the Controllability status of the non-linear plant,
Selection criteria for simulation software used in the study discussed, how to Design
a controller system based on PID control in the MATLAB/Simulink platform, and
Process Optimization of the PID parameters using the standard PSO and improved

PSO algorithms. Limitations and assumptions are made with stated references.

3.2 Research Design

In this section there is the plan on how data shall be collected and evaluated to achieve
research objectives, literature is review is done as described in detail in chapter two
and the problem statement guiding the study is also explained. For the study there is
need to have the MATLAB software 2022 version and knowledge of PSO. The study

period is one year which shall cover events described in the flow chart in Figure 3.1

3.2.1 Data Collection

MATLAB/Simulink Simulation data were used to achieve the set objectives of the
study. Journal articles, conference proceedings, textbooks and web pages were the
main sources of secondary data used to review the study on Optimization of
Proportional Integral Derivative Parameters based on Improved Particle Swarm

Optimization algorithm for non-Linear Systems.

3.2.2 Study Hypothesis

This section predicts what the study will yield at the end of everything. The following
two hypothesis will be tested: a) the plant under study is controllable is it true or false?
b). IPSO Algorithm performs better than SPSO and PID in terms of ITAE, is it true or

false?
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Figure 3.1 Study Flow chart
3.3 Controllability status

In this section the controllability status of the plant is determined from the plant
transfer function as used in [10] as stated in Eq 3.12 .It always is important to
determine if the process is controllable [ 7] before carrying out any process simulation.
The system parameters are checked and thorough calculations done. Let the state
matrix be stated as follows for the controlled process: A, B and C, where Mc = (B
ABA%B............ A™!B) but since it is a 2x2 matrix n=2, the value of Mc = (B AB)
and AB is obtained by making  Mc= (B AB A2B).Note that for the process to be
controllable the determinant should not be 0 for any matrix elements. The determinant

is calculated from the solution of final the matrix [7] .
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The second stage is to obtain the plant transfer function which is given by G=C (SI-

A)'B after getting the inverse and the determinant.

G
TF= 3.11)
1+GH
Y)s 12.8
D) (3.12)

S U(s) 16.752 +s+1

After cross multiplying
(16.7s% + s + 1)Y(s) =12.8 U (s) Getting Laplace Transform for both sides

16.7 y + y(t) +1y =12.8u (t) (3.13)
This can be approximated to 17 y + y(t) +y =13u (t) (3.14)
Note that
X1 = y
X2 = y
x o=
X = y
Also
X2 = X1
X3 = X2
X4 = X3

Hence x3-13/17 u (t) -x1/17x2(t)-1/17x1(t)
Now getting the space equation

[ﬁ% - [_1617 —1(}17] [2] * [13917] u

- o]

From the above

_1617 —1(}17] B= [13(/)17] €= [10]
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For the system to be Controllable

Qc= [B AB A2B ... ]

We need to find the matrix AB

:[_1617 —1317] [130/7]:[—13(}289]
Therefore
Qe = [13617 —13(}289]

Getting the Determinant of Qc which is |Qc|

=13/17x -13/289 =-169/4913

The system has rank n = 2 which shows the matrix is non-singular and also the
determinant is not equal to zero hence the plant used in the improved particle swarm
optimization is fully controllable and hence can be further used to study the

performance analysis.

3.4 Selection of Simulation software.

Engineers worldwide over use MATLAB to analyze and design the systems and
products transforming our world to a more technological environment. The MATLAB
toolbox is the most efficient platform to express computational mathematics in the
modern world. Since it is built-in graphics it easy to visualize and gain more insights
from data. To model and simulate a multi domain physical system, the platform
enables rapid creation of a model’s physical system within the Simulink work space
.With the software, physical component models can be built based on physical

connections that directly integrate with block diagrams and other modeling paradigms.
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Simulink, integrated with MATLAB, supports system-level design, automatic code
generation, simulation and continuous test and verification of embedded systems. It is
a block diagram environment for multi domain simulation and Model-Based Design
and it exports simulation results to MATLAB for further analysis. Simulink is used to
model algorithms, linear and nonlinear physical systems using block diagrams. With
Simulink, the modeled system can be simulated and the results viewed on the scopes
and other graphical displays. Configuring the models to run in real time enables the
use of hardware-in-the-loop simulation to test the controller. Design changes can be
made earlier in the development process and hence reducing costs and shortening in
the design cycle. Simulators are very useful in our day-to-day life since they have
significant advantages as they can result into quick solution to industrial problems

without getting the real components in place.

The need for a high level of accuracy implies that the equations are usually technically
too complex to solve and comprehend. To achieve the above the use of high-capacity
computers to perform very complex simulations come as a quick technical solution.
The bigger the capacity of the computer the better it can serve a specific purpose.
Normally, simulations take a long time and end up consuming a lot of mental energy
and produce varying amounts of results which can make analysis cumbersome and
tedious. Additionally it is very difficult to use simulations to conduct 'what-if'
experiments as they sometimes take too long to run and can be expensive. Simulations
only tend to work in problems where the basic engineering science and technology are

well understood such as IPSO.

3.5 The plant system
This section consist of the MATLAB Simulation, operation procedure, the plant
design work and finally the Algorithm development and testing so as to validate

results.

3.5.1. MATLAB Simulink operation procedure

MATLAB is usually started from the MATLAB tool strip then Simulink button is
clicked, after that the blank model template is clicked, simulation editor open. Create
the desired circuit components from the Simulation library. To save the project, select

the save as with a name of the project.
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3.5.2. Plant design work

This section covers the design work of the system and how the components will be
connected to achieve desired plant operation .From the study and analysis done from
different circuits which working towards PID parameter optimization, the following
components are used: PID controller block, MUX block, Clock, Integrator, Step input,
sum block, product, scope, clock, Abs block, square block, and ITAE, ISE and IAE
display blocks. To achieve the desired task of parameter tuning using PID, SPSO and
IPSO the following blocks shall be connected in ITAE, ISE and IAE block as shown
in Figure 3.2 (a),(b) and (c) .

=nin HHE

hE

(a).ITAE circuit (b) ISE circuit (c) IAE circuit
Figure 3.2 ITAE, ISE and IAE circuit blocks
The fourth block of the design is the PID/Plant which consist of the summer PID, plant
(second order function), MUX and Scope as described in Figure 3.3.In the diagram
the MUX block transfer a combined signal to the scope while the sum compares the

input with the feedback resulting into the error or deviation.

-

I 1§
4t PIDs| y T b
. 0)r 4541

Figure 3.3 PID/ plant block diagram
The four blocks were then connected to come up with the circuit diagram described in
Figure 3.3 which displays the arrangement of several components that will give results

for analysis when run on MATLAB/Simulink with the standard and improved particle
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swarm algorithms. The product block performs matrix multiplication while the clock

outputs the current simulation time at each simulation step [64].
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Figure 3.4 Combined block diagram
The PID block diagram consist of the process, Proportional integral and derivative
blocks which acts on the error. The input is provided to the proportional, integral, and
derivative sections simultaneously, and their corresponding outputs are added using
an adder. The summed input is then provided to the process, which determines the
corresponding parameters that are applied to the system. The process variable input
and the actual input are compared to generate an error, and the system's output is
adjusted accordingly. This process continues until the error signal reaches zero or until
the process variable value equals the set point [65]. The purpose of PID parameter

optimization is to find a set of parameters to make the PID achieve optimal control

3.5.3. Study Algorithm

3.5.3.1 PSO Algorithm background.

This section covers the development of the Algorithm that was used to come up with
the codes which enabled solution to the specific objective. An algorithm is a finite
sequence of rigorous instructions, typically used to solve a class of specific problems

to perform a computation. The Algorithm adopted a set of particles flying over a
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search space to locate the optimum point where the error is minimal. The background
of PSO was discussed as explained in Figure 3.5 before coming up with the code,

more details are fully covered in section 2.3 in chapter 2.

» >

£ %% ’ Personal best location

% ’ Team’s best location

Figure 3.5 PSO swarm movement

The formulae adopted as the code is created is as shown in Figure 3.6 which consist
of current velocity, personal best solution and the global best solution. Initial
parameter of choice are the swarm size, position of the particle, velocity of the particle,

acceleration coefficient and the maximum number of iterations.

_

vt = 2n Ve 4 an ([P | XE)+ 2n (|67 | - X)

Next @ , ’
velocity

(tomorrow) Personal Global

best best

solution solution

Distance to the Personal best Distance to the Global best

Figure 3.6 Velocity parameters
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3.5.3.2 Phases of Algorithm coding

At the beginning objective function is defined, PSO parameters are noted, the Position
and Velocity are initialized ,objective function is evaluated, the value of Pbest and
Gbest are computed, the velocity and position are updated then finally the best value
of the optimal value of ITAE,IAE and ISE is stored. The detail coding are in the
Appendices.

3.5.3.3 Acceleration coefficient, Inertia weight analysis and random number
There are two types of acceleration coefficients that is Cognitive and social
acceleration .The Cognitive Acceleration Coefficient (C1)-This coefficient controls
the extent to which a particle is influenced by its personal best (individual learning).
A higher value of C; makes the particle give more weight to its own best-known
position when determining its next move while Social Acceleration Coefficient (Cz)-
This coefficient governs the degree to which a particle is influenced by the best-known
position among all particles in the swarm (global or collective learning). A higher
value of C> makes the particle place greater emphasis on the global best-known
position. Summery is illustrated in Figure 3.7.For this study the value of C; and C; are
set at 2 for PID, SPSO and IPSO.

C, larger 00— Greater Global Search Ability
than C,

C2 larger o= Greater Local Search Ability
than C1

Figure 3.7 Effect of acceleration coefficient on search ability

Inertia weight is a crucial parameter in this study.It influences the balance between
exploration and exploitation during the optimization process. In PSO, particles
(representing potential solutions) move through a search space to find the optimal
solution, and their movement is influenced by their own experience (personal best)
and the experience of the entire swarm (global best). Inertia weight controls how much

particles retain their previous velocity when updating their positions as explained in
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Figure 3.8.in this study the inertia weight is set to 0.8 for SPSO while for IPSO it

varies from 0.1 to 10 as iterations are run.

Larger W ln—= Greater Global Search Ability
Smaller W n—= Greater Local Search Ability

Figure 3.8 Effect of inertia weight on search ability

In the developed algorithm random numbers play a crucial role in introducing
stochastic into the algorithm. Random numbers are used in various parts of PSO to
ensure diversity in particle movement and to explore the search space effectively. One
important use of random numbers in PSO is in the update equations for particle

velocities and positions. For this study the random numbers was set between 0-1.

3.5.3.4 PID parameter setting at different iterations

Setting PID (Proportional-Integral-Derivative) controller parameters using Particle
Swarm Optimization (PSO) involves optimizing the three gains, namely the
proportional gain (Kp), integral gain (K1), and derivative gain (Kd) to achieve desired
control performance for a specific system. For Iterations set at 10: PID (Kp =2 ,Ki=
0.1708, Kp =2),SPSO(Kp = 100, Ki = 37.11 Kp = 100) and finally for IPSO
(Kp=100,Ki =15.27,Kp =100 ).For the second run the iterations was set at 50:PID
(Kp =2,Ki=0.1708 Kp = 2), SPSO:(Kp = 100,Ki =15.67,Kp = 100) and finally
IPSO:(Kp =100 Ki = 15.24,Kp = 100) and finally for Iterations 100:PID (Kp =2 Ki
=0.1708 Kp =2),SPSO(Kp =2.61,Ki =3.09 ,Kp = 100) and for IPSO:(Kp =
5.93,Ki =5.99,Kp = 100).The circuit was then tested in MATLAB SIMULINK
together with the code which is in the appendices section. The results for each run was
recorded and is discussed chapter four. Furthermore, the results obtained using
different performance evaluation indices for the PSO tuned PID controller are shown

and compared [26] [66].

52



3.6 Ethical issues

Research involving PID (Proportional-Integral-Derivative) tuning using improved
particle swarm optimization (PSO) was conducted with the goal of optimizing control
systems for various applications. The following ethical issues were considered while
collecting and handling data: - Consent for Data Collection: Data Privacy and
Security-Safeguarded collected data to protect the privacy and confidentiality of
individuals, Bias and Fairness: Mindful of potential biases in the algorithms created,
Transparency and Reproducibility: Ensured that the research methods, data, and
algorithms were well-documented and stored, Publication Ethics: Adhered to ethical
guidelines while publishing research Conflict of Interest: Disclosed all conflicts of
interest, Environmental Impact: Considered related the environmental impact on the
research . Dual-Use Concerns: Considered whether the knowledge gained could
potentially be used for harmful purposes. However PID tuning research itself is not
typically associated with dual-use concerns. Regulatory Compliance: Ensured
compliance with NACOSTI regulations and laws governing research conduct in
Kenya, Permission to conduct research was obtained from Murang’a University. The
stated ethical considerations were fully addressed while conducting research on PID
tuning using improved particle swarm optimization thereby contributing to the

advancement of knowledge while minimizing potential harm.

3.7 Summary

This chapter outlines the methodology used in this research to achieve the intended
objectives. The chapter continues to outline the framework that was used to show the
research process, which explains how the research started which describe the
mathematical models used to describe the non-linear system, the PID controller, and
the PSO algorithm. It also provide details on the experimental setup, simulation tools,
and performance metrics used to evaluate the effectiveness of the optimized PID

controller.
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CHAPTER FOUR
RESULTS AND DISCUSION

4.1 Introduction

This chapter presented the results obtained following the methodology adopted to
achieve the set specific objectives of the study. This chapter deals with the testing,
simulation, and discussion of different tuning techniques using MATLAB/Simulink.
Simulink [52] is a software toolbox extension of the MATLAB program that is
capable of simulating dynamic systems. Its major advantage is the ability to compute
very complex dynamic systems simultaneously in a graphical environment with real-

time visual programming.

The MATLAB graphical interface platform allowed for the selection of function
blocks, interactive placement of functional parameters on the worksheet, and the
description of signal flow just by a click of the computer mouse. The system is capable
of simulating both analogue and discrete digital systems. The test bench used to realize
the results consisted of MATLAB software, designed circuit, SPSO and IPSO
Algorithm.

4.2 Controllability

As explained in section 3.2 and illustrated by Eq 3.11-3.14 the determinant was found
to be -169/4913 which is the results after calculating the determinant of the matrix.
For the system to be controllable the determinant should not be equal to zero. On
observing the results the plant under study is controllable hence further analysis can

be done.

4.3 PID, SPSO and IPSO Simulation results

The number of particles taken was assumed to be thirty and this was indicated in the
algorithm so as to be automatically operated while the number of iterations was varied
from 10, 50 then 100.The PID was set as described in section 3.4.3.3.The results are

discussed in the following sections

4.3.1 Simulation at 10 iterations
The optimization process of PID involves tuning the proportional, integral, and

derivative  gains to achieve the desired system response. [IPSO and SPSO are
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optimization techniques that were used to automate this tuning process. IPSO used a
hybrid approach that combined the standard PSO update equation with the gradient-
based update method, while SPSO included a self-organizing mechanism and a
mutation operator. Both IPSO and SPSO resulted in faster convergence and improved
performance compared to the standard PSO algorithm and PID, as revealed by the
results in Table 4.1.

Table 4.1: Comparison of performance indices at 10 Iterations at 30 Particles

ITEM Kp Ki Kb ITAE ISE IAE

PID 2 0.170800° 2 2.795100 031840 0.92270
SPSO 100 37.10776 100 0.061543  0.01141  0.03459
IPSO 100 15.26855 100 0.054806  0.01155 0.03159

Table 4.1 shows that the Integral Time Absolute Error (ITAE) is very high for PID
with a value of 2.7951 and very low at 0.054806 for Improved Particle Swarm
Optimization (IPSO). However, the Standard Particle Swarm Optimization (SPSO) is

also better in terms of error reduction compared to the conventional PID.

For the case of integral square error (ISE), PID performed dismally with a value of
0.31840, while Standard PSO performed better compared to IPSO. For integral
absolute error (IAE), the error is further reduced as the system runs from PID to SPSO
and finally to IPSO.

The system response curve, as shown in the Fig 4.1, clearly shows that IPSO behaves

much better compared to SPSO and the conventional PID. The magnified caption

shows that the overshoot is much higher for SPSO as compared to IPSO. This directly
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shows that the behavior of IPSO has improved the system behavior as a result of the

improved algorithm.
For 10 iterations, convergence is achieved faster with [IPSO compared to SPSO. IPSO

settles much faster, while SPSO takes longer, as can be seen in the graphic
representation in Fig 4.2.The inner zoomed graphic has system response in the vertical

axis and the time in seconds in the horizontal axis,
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Figure 4.1 System response verses time for 10 iterations
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Figure 4.2 Convergence behavior for 10 iterations

4.3.2 Simulation at 50 iterations

Table 4.2: Comparison of performance indices at 50 Iterations and 30 Particles

ITEM Kp Ki Kb ITAE ISE IAE

PID 2 0.170800 2 7.326000  0.32080 1.14900
SPSO 100 15.66876 100 0.054696 0.01140 0.03200
IPSO 100 15.23772 100 0.054806 0.00155 0.03158

The Table 4.2 above shows that the Integral Time Absolute Error-ITAE is very high
for PID with a value of 7.326000 and very low at 0.054696 for standard particle swarm
optimization. However, the improved particle swarm optimization is better in terms
of error reduction compared to the conventional PID, with a value of 0.054806.

For the case of ISE, PID performed dismally with a value of 0.32080. However, the
improved PSO performed better compared to SPSO with values of 0.00155 and
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0.01140 respectively. For IAE, the error is further reduced as the system is run from
PID to SPSO and finally to the improved particle swarm optimization with values of
1.14900, 0.03200, and 0.03158 respectively. Overall, standard SPSO has better results
compared to PID and IPSO while considering ITAE, however, for IAE, IPSO worked

well compared to the rest.

The system response curve, as shown in the Fig 4.3, clearly shows that IPSO behaves
much better compared to SPSO and the conventional PID. The magnified caption
shows that the overshoot is much higher for SPSO as compared to IPSO. This directly
shows that the behavior of IPSO has improved the system behavior as a result of the
improved algorithm.

For 50 iterations, convergence is achieved faster with IPSO compared to SPSO. IPSO
settles much faster while SPSO takes longer, as can be seen in the graphic

representation in the Fig 4.4
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Figure 4.3 System response verses time for 50 iterations
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Figure 4.4 Convergence behavior for 50 iterations

4.3.3 Comparison of performance indices at 100

Table 4.3: Comparison of performance indices at 100 Iterations and 30

Particles
ITEM Kr Ki Kb ITAE ISE IAE
PID 2 0.1708 2 7.710200  0.32050 1.15500
SPSO 2.610987  3.09485 100 0.020476  0.01145 0.09648
IPSO 5.93141 5.991576 100 0.019001 0.01151 0.01869

The Table 4.3 above shows that the Integral Time Absolute Error-ITAE is very high
for PID with a value of 7.710200 and very low at 0.020476 for standard particle swarm

optimization. However, the improved particle swarm optimization is far better in
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terms of error reduction compared to the conventional PID and SPSO, with a value of

0.019001.

For the case of ISE, PID performed dismally at 0.32050. Still, standard PSO performed
better compared to IPSO at values of 0.011450 and 0.011510, respectively. For IAE,
the error is further reduced as the system is run from PID to SPSO and finally to the
improved particle swarm optimization, with values of 1.15500, 0.09648, and 0.01869,
respectively. Overall, standard PSO has better results compared to PID and TIPSO
while considering ISE, but for ITAE and TAE, IPSO worked well.

The system response curve, as shown in the Fig 4.5, clearly shows that IPSO behaves
much better compared to SPSO and the conventional PID. The magnified caption
shows that the overshoot is much higher for SPSO as compared to IPSO. This directly
shows that the behavior of IPSO has improved the system behavior as a result of the
improved algorithm.

For 100 iterations, convergence is achieved faster with [IPSO compared with SPSO.
IPSO settles much faster, while SPSO takes longer, as can be seen in the graphic
representation in Fig 4.6.The figures shows the response to step input and the settling

time for each of the tuning method simulated.
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Figure 4.5 System response verses time for 100 iterations.
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Figure 4.6 Convergence behavior for 100 iterations
4.3.3.1 Comparison of performance indices at 10, 50 & 100 Iterations

Table 4.4: Comparison of performance indices at 10, 50 & 100 Iterations

ITERATION 10 50 100

ITEM ITAE ISE IAE ITAE ISE IAE ITAE ISE IAE
PID 7.326000 031840 092270 | 7.326000 032080 1.14900 | 7.7710 0.32030 1.1550
SPS0 0054696 0.01141 003439 | 0054696 0.01140 0.03200 | 0.0203 0.01130 0.05860
IPSO 0.054%06 0.01135 0.03139 | 0054806 0.00135 0.03138 | 0.0190 0.01130 0.0187

When the number of iterations is changed from 10 to 50, as shown in Table 4.4, it can
be seen that ITAE for PID, SPSO, and IPSO remain constant. However, there is a
significant improvement in ISE and IAE under SPSO. It is noted that the error is
reduced from 0.03159 to 0.03158 on IAE under IPSO. The finding that an increased

number of iterations improves ISE and IAE is thus realized.
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For 100 iterations, ITAE for PID increases to 7.7710, while for ITAE-SPSO, the error
is reduced to 0.0205, which shows that ITAE is significantly improved. The same
effect is realized with IPSO. The same is seen in SPSO-ISE and IAE, where there is
significant improvement in the parameters. Therefore, this justifies the theory that an

increase in iterations improves the error factor.

4.3.3.2 Comparison of performance indices at 15 and 30 particles

The Comparison of performance indices at 15 and 30 particles was tabulated for PID,
SPSO, and IPSO respectively and different values for ITAE, ISE, and IAE were noted
as illustrated on Table 4.5

Table 4.5: Comparison of performance indices at 15 and 30 particles

PARTICLES 15 30

ITEM ITAE ISE IAE ITAE ISE IAE
PID 2.795100 0.31840 0.92270 | 2.79510 0.31840 0.92270
SPSO 0.056296 0.01139 0.03210 | 0.055119 0.01140 0.03294
IPSO 0.054806 0.01155 0.03150 | 0.054806 0.01155 0.03151

From Table 4.5 it can be noted that increasing the number of particles from 15 to 30
while maintaining other parameters does not affect the PID errors in terms of ITAE,

ISE, and IAE. Which are maintained at 279%, 32% and 92% respectively.

However, it has a significant impact on SPSO-ITAE (5.6% to 5.5%) which is a
reduction of 0.1%, where it reduces the error on ITAE while increasing the error on
ISE and IAE (.3.2% to 3.3%).For IPSO, ITAE, ISE and IAE .remain the same at
5.48%, 1.16% and 3.15 % respectively. The study has clearly shown that IPSO, using
the improved algorithm, can outperform SPSO and PID, and can be used in plant

optimization in either an industrial or domestic setup.
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4.4 Discussions

4.4.1 Effect of modified inertia weight

Particle Swarm Optimization is a nature-inspired optimization algorithm that is based
on the social behavior of birds and fish. In a standard PSO, a population of particles
moves through the search space with the aim of finding the optimal solution to a given
problem. Particles adjust their positions based on their own best-known positions and

the global best-known position within the swarm.

Improved or modified versions of PSO was developed to address some of the
limitations and challenges associated with the standard PSO algorithm. These
improvements as used in this study involved modifications to the inertia weight at
different iterations and number of particles, this was done to enhance convergence and

robustness.

The effectiveness of these modifications can be seen from the results indicated above
from Fig 4.1 to 4.6 where the performance of the above improved PSO variants is
compared against standard PSO on nonlinear system for a standard plant

[11].Performance metrics included the rate of convergence and response time .

4.4.2 Effect of Iterations change on performance

As was realized from the study the performance of both standard Particle Swarm
Optimization (SPSO) and its improved variants was influenced by the number of
particles in the swarm and the change in iterations. The number of particles was a
crucial parameter in SPSO as it affected the balance between exploration and
exploitation. A smaller number of particles lead to more exploration, as each particle
had a larger influence on the swarm's overall movement. This was beneficial in
searching a larger portion of the solution space but suffered in terms of convergence

to a precise solution as seen in the convergence curves Fig 4.2, Fig 4.4 and Fig 4.6.

4.4.3 Effect of large number of particles
A larger number of particles often enhances exploitation, making it more likely to
converge to a good solution. However, it might also lead to premature convergence

and the possibility of getting stuck in local optima. The optimal values for PSO
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parameters (such as inertia weight and acceleration coefficients) was found to differ
when using a smaller swarm hence for larger swarm needed parameter adjustment so
as to maintain a good balance between exploration and exploitation. Generally a
smaller swarm is associated with faster convergence but might suffer in terms of
solution quality while a larger swarm may take longer to converge but has a higher

chance of finding a better solution.

4.5 Summary

This chapter present the results of the study, which include the performance of the
optimized PID controller under different operating conditions and disturbance levels.
The results are analyzed and interpreted to provide insights into the effectiveness of
the research in improving the control performance of the non-linear system using

improved particle swarm optimization
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CHAPTER FIVE
CONCLUSION, RECOMMENDATIONS AND FUTURE WORK

5.1 Conclusion

In this thesis, the plant transfer function was checked for controllability and from the
mathematical calculation the determinant was not zero, therefore it was concluded that
the plant can be further controlled using various methods. A standard domestic-
industrial plant was taken as the objective function, IPSO and SPSO optimization
methods were used to set up the PID parameters as per the created algorithm. In the
PID controller parameter setting process, in addition to applying empirical formulae,
it was necessary to tune the PID controller in combination with the actual site
conditions and site experiences to achieve the most suitable parameters for the site
conditions. Simulated results showed that SPSO and IPSO have a good effect on PID
controller parameters tuning. The PID controller parameter tuning method based on
the IPSO Algorithm improves the situation while the traditional tuning method
requires multiple attempts to select the optimum parameters compared to IPSO and
SPSO, which select the parameters automatically as per the algorithm within a short
time. This study successfully developed an Al automatic PID tuning scheme using
IPSO algorithm that can automatically acquire or readapt the PID parameter during
plant operation in a routine way. The results showed the effectiveness of IPSO as a
modern optimization technique and also to study the plant performance at different

iterations and number of particles.

The simulation was performed on the plant transfer function using the
MATLAB/Simulink platform at various parameter choices and situations, and
realizations made from the data obtained. As the iteration was increased from 10 to 50
and then to finally 100, there was a significant reduction in ITAE error from 0.054806
to a minimum of 0.01900(5% to 1.9%in terms of percentages), which is also far better
than the SPSO algorithm. SPSO reduced the error from 0.065143 to 0.020476(6.5%
to 2%). When considering ISE, it was noted that PID increased the error factor
significantly; however, SPSO and IPSO reduced the error at iteration 50 from 10 and
then reduced the error further at 100. For IAE, the PID error gap increased from
0.92270 to 1.1550; however, for SPSO and IPSO, the error factor was drastically

reduced as the iteration was raised.
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It can thus be concluded that the number of iterations improves the error both for SPSO
and IPSO hence ensuring that the plant performance is at the optimum point. From the
data obtained from the simulation and after analyzing the graphs, it was noted that the
performance of IPSO was found to be much better than SPSO and the conventional

PID which justifies our main objective of this study.

While studying the degree of convergence, IPSO performed better than SPSO,
however an increase in population from 15 to 30 while maintaining other parameters
did not in any way affect the PID errors in terms of ITAE, ISE, and IAE performance
indices. However, it had great impact on SPSO-ITAE, where it reduced the error on
ITAE while it increased the error on ISE and IAE. The study has clearly found out
that IPSO using the improved algorithm can perform wonders compared to SPSO and

PID; hence, it can be used in plant optimization as a means of improving performance.

Future researchers will use this work as a springboard for quality research in areas that
have not been deeply undertaken by my study. The work contributes to the study on
PID controller tuning methods and limitations while using Meta Heuristic algorithms

that have not been deeply explored in PID parameter tuning in industrial applications.

5.2 Recommendations

Based on my study on optimization of PID parameters using improved PSO algorithm
for non-linear systems, the following recommendations can be made: Collect and
analyze relevant data to accurately determine the behavior of the system, including
identifying any non-linearity and disturbances, Consider incorporating additional
control strategies, such as model-based control or adaptive control, to further improve
the performance of the system and finally Continuously update and refine the
optimization algorithm and control strategy as needed to adapt to changes in the

system operating conditions.

5.3 Future Works
Some potential areas for future work on optimizing PID parameters using improved
PSO algorithms for nonlinear systems include: Investigating the performance of

different types of PSO algorithms, such as hybrid PSO algorithms, on PID parameter
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optimization for nonlinear systems and the use of higher order function as the

objective function in the improved particle swarm optimization.

Difficulties in mathematically proving why these algorithms are able to achieve the
optimization process exist. Convergence of any other method has not been developed
using mathematical models. Therefore, research can be done on developing more
effective variants of the algorithm. Additionally, work can be done on the effect of the
inertia weight on the performance and seeing the system behavior with more

iterations, possibly more than 200.

Inventive approaches can be demonstrated by constructing new algorithms that
combine distinct components of heuristic and meta-heuristic interactions in an
intelligent and stable manner to provide effective algorithms that aggregate under
specified conditions. Although the essential components of most algorithms are well

understood, how they interact to achieve efficiency remains like a black box.
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Appendix 1. Algorithm
The Algorithm for the program is as shown in the following codes

Iteration 10

close all

cle

% Define the details of the table design problem

nVar = 3; % number of variables

ub =[1000 1000 1000]; %upper Bound
Ib=[000]; % lower bound

fobj = @tuning; % Objective function Name

% Define the PSO's paramters

noP = 15; % number of particles for initialization
maxlIter = 100; % maximum iterations

wMax = 1;

wMin = 0.1;

cl=2;

c2=2;

vMax = (ub - 1b) .* 0.2;

vMin = -vMax;

% The PSO algorithm

% Initialize the particles

fork=1:noP
Swarm.Particles(k).X = (ub-1b) .* rand(1,nVar) + Ib;
Swarm.Particles(k).V = zeros(1, nVar);
Swarm.Particles(k).PBEST.X = zeros(1,nVar);
Swarm.Particles(k).PBEST.O = inf;

Swarm.GBEST.X = zeros(1,nVar);
Swarm.GBEST.O = inf;
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end

% Main loop

for t =1 : maxlter

% Calcualte the objective value
for k =1: noP
currentX = Swarm.Particles(k).X;

Swarm.Particles(k).O = fobj(currentX);

% Update the PBEST

if Swarm.Particles(k).O < Swarm.Particles(k).PBEST.O
Swarm.Particles(k).PBEST.X = currentX;
Swarm.Particles(k).PBEST.O = Swarm.Particles(k).O;

end

% Update the GBEST

if Swarm.Particles(k).O < Swarm.GBEST.O
Swarm.GBEST.X = currentX;
Swarm.GBEST.O = Swarm.Particles(k).O;

end

end

% Update the X and V vectors

w = wMax -t .* (wMax - wMin) / maxIter);

fork=1:noP
Swarm.Particles(k).V = w .* Swarm.Particles(k).V + cl .* rand(1,nVar) .*
(Swarm.Particles(k).PBEST.X - Swarm.Particles(k).X) ...
+ ¢2 .* rand(1,nVar) .*

(Swarm.GBEST.X - Swarm.Particles(k).X);

% Check velocities
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index1 = find(Swarm.Particles(k).V > vMax);
index2 = find(Swarm.Particles(k).V < vMin);

Swarm.Particles(k).V(index1) = vMax(index1);
Swarm.Particles(k).V(index2) = vMin(index2);

Swarm.Particles(k).X = Swarm.Particles(k).X + Swarm.Particles(k).V;

% Check positions
index1 = find(Swarm.Particles(k).X > ub);
index2 = find(Swarm.Particles(k).X < Ib);

Swarm.Particles(k).X(index1) = ub(index1);
Swarm.Particles(k).X(index2) = Ib(index2);

end

outmsg = ['Iteration# ', num2str(t) , ' Swarm.GBEST.O = '
num2str(Swarm.GBEST.O)];
disp(outmsg);

cgCurve(t) = Swarm.GBEST.O;

end
semilogy(cgCurve);
xlabel('Iteration#')
ylabel("Weight')
Iteration 50

clear all

close all

clc
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% Define the details of the table design problem

nVar = 3; % number of variables

ub =[1000 1000 1000]; %upper Bound
Ib=[000]; % lower bound

fobj = @tunning; % Objective function Name

% Define the PSO's paramters

noP = 15; % number of particles for initialization
maxlIter = 20; % maximum iterations

wMax = 0.5;

wMin = 0.1;

cl=2;

c2=2;

vMax = (ub - Ib) .* 0.2;

vMin = -vMax;

% The PSO algorithm

% Initialize the particles

fork=1:noP
Swarm.Particles(k).X = (ub-lb) .* rand(1,nVar) + 1b;
Swarm.Particles(k).V = zeros(1, nVar);
Swarm.Particles(k).PBEST.X = zeros(1,nVar);
Swarm.Particles(k).PBEST.O = inf;

Swarm.GBEST.X = zeros(1,nVar);

Swarm.GBEST.O = inf;

end

% Main loop

for t =1 : maxlter
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% Calcualte the objective value
fork=1:noP
currentX = Swarm.Particles(k).X;

Swarm.Particles(k).O = fobj(currentX);

% Update the PBEST

if Swarm.Particles(k).O < Swarm.Particles(k).PBEST.O
Swarm.Particles(k).PBEST.X = currentX;
Swarm.Particles(k).PBEST.O = Swarm.Particles(k).O;

end

% Update the GBEST

if Swarm.Particles(k).O < Swarm.GBEST.O
Swarm.GBEST.X = currentX;
Swarm.GBEST.O = Swarm.Particles(k).O;

end

end

% Update the X and V vectors

w =wMax - t.* (wWMax - wMin) / maxlter);

fork=1:noP
Swarm.Particles(k).V = w .* Swarm.Particles(k).V + cl .* rand(1,nVar) .*
(Swarm.Particles(k).PBEST.X - Swarm.Particles(k).X) ...
+ ¢2 . * rand(1,nVar) .*

(Swarm.GBEST.X - Swarm.Particles(k).X);

% Check velocities
index1 = find(Swarm.Particles(k).V > vMax);
index2 = find(Swarm.Particles(k).V < vMin);

Swarm.Particles(k).V(index1) = vMax(index1);
Swarm.Particles(k).V(index2) = vMin(index2);
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Swarm.Particles(k).X = Swarm.Particles(k).X + Swarm.Particles(k).V;

% Check positions
index1 = find(Swarm.Particles(k).X > ub);
index2 = find(Swarm.Particles(k).X < 1b);

Swarm.Particles(k).X(index 1) = ub(index1);
Swarm.Particles(k).X(index2) = Ib(index2);

end

outmsg = ['Iteration# ', num2str(t) |,
num2str(Swarm.GBEST.O)];
disp(outmsg);

cgCurve(t) = Swarm.GBEST.O;

end

semilogy(cgCurve);
xlabel('Iteration#')
ylabel("Weight')

Iteration 100
clear all
close all

cle

% Define the details of the table design problem

nVar = 3; % number of variables

ub =[1000 1000 1000]; %upper Bound
Ib=1000]; % lower bound

fobj = @tunning; % Objective function Name
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% Define the PSO's paramters

noP = 15; % number of particles for initialization
maxlIter = 20; % maximum iterations

wMax = 0.5;

wMin = 0.1;

cl=2;

c2=2;

vMax = (ub - Ib) .* 0.2;

vMin = -vMax;

% The PSO algorithm

% Initialize the particles

fork=1:noP
Swarm.Particles(k).X = (ub-lb) .* rand(1,nVar) + 1b;
Swarm.Particles(k).V = zeros(1, nVar);
Swarm.Particles(k).PBEST.X = zeros(1,nVar);
Swarm.Particles(k).PBEST.O = inf;

Swarm.GBEST.X = zeros(1,nVar);

Swarm.GBEST.O = inf;

end

% Main loop
for t =1 : maxlIter
% Calcualte the objective value
fork=1:noP
currentX = Swarm.Particles(k).X;
Swarm.Particles(k).O = fobj(currentX);
% Update the PBEST
if Swarm.Particles(k).O < Swarm.Particles(k).PBEST.O
Swarm.Particles(k).PBEST.X = currentX;
Swarm.Particles(k).PBEST.O = Swarm.Particles(k).O;

end

% Update the GBEST
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if Swarm.Particles(k).O < Swarm.GBEST.O
Swarm.GBEST.X = currentX;
Swarm.GBEST.O = Swarm.Particles(k).O;
end

end

% Update the X and V vectors

w = wMax -t .* (wMax - wMin) / maxlter);

fork=1:noP
Swarm.Particles(k).V = w .* Swarm.Particles(k).V + cl .* rand(1,nVar) .*
(Swarm.Particles(k).PBEST.X - Swarm.Particles(k).X) ...
+ ¢2 .* rand(1,nVar) .*

(Swarm.GBEST.X - Swarm.Particles(k).X);
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