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Abstract

In this paper, we present a comprehensive and in-depth investigation on the optimization of Proportional-Integral (PI) controller tuning for
achieving stability and desired overshoot in the step response. The main objective of this study is to compare the effectiveness of Genetic
Algorithm (GA) and Particle Swarm Optimization (PSO) techniques in finding the optimal parameters for the PI controller. The PI controller is
a widely used control algorithm that plays a crucial role in many industrial processes. Its tuning greatly affects the system's performance,
particularly in terms of stability and overshoot. Therefore, finding the optimal tuning parameters is of utmost importance. To address this
optimization problem, we propose the utilization of two popular metaheuristic algorithms, GA and PSO. These algorithms are known for their
ability to efficiently search through large solution spaces and find near-optimal solutions. By applying these algorithms to the PI controller
tuning problem, we aim to determine which technique yields better results in terms of stability and overshoot tuning. In our comparative study,
we provide a detailed explanation of both GA and PSO algorithms, focusing on their working principles and mathematical formulations. We
also describe how these algorithms can be applied to the PI controller tuning problem. Furthermore, we highlight the key differences between
GA and PSO, shedding light on their strengths and weaknesses. To assess the performance of GA and PSO, we conduct several experiments
using different benchmark functions and step response models. We measure the stability and overshoot metrics for various parameter settings
obtained through GA and PSO. By thoroughly analyzing the obtained results, we draw meaningful conclusions regarding the effectiveness of
each technique. Our findings demonstrate that both GA and PSO exhibit promising results in optimizing PI controller tuning. These
observations provide valuable insights and guidelines for choosing the appropriate algorithm based on specific control requirements. In
conclusion, this comparative study is thought to contribute to the field of control systems engineering by offering a comprehensive analysis of
GA and PSO techniques in the context of PI controller tuning. By highlighting their strengths and weaknesses, it is aimed to provide
researchers and practitioners with valuable information for making informed decisions when optimizing control parameters for stability and
overshoot reduction purposes.
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1. Introduction

The study and examination of electronic systems, also known as system analysis, plays a vital role in various industries. One
of the essential aspects of this process is understanding the step response. The step response is a crucial parameter that provides
valuable insights into the behavior and performance of a system. In system analysis, the step response refers to the output of a
system when a step input is applied to it. A step input is an abrupt change in the input signal, typically from zero to a constant
value. By studying the step response, engineers and analysts can gain valuable information concerning the system's stability,
transient response, and overall performance [1-3].

System stability plays a vital role in the efficient functioning of any given system. It is of utmost significance to ensure that a
system remains stable and performs optimally over time. When a system lacks stability, it becomes susceptible to various issues,
such as crashes, errors, and malfunctions. These issues can lead to significant disruptions in productivity, data loss, and even
financial losses for businesses. One of the main reasons why system stability is crucial is its impact on user experience. A stable
system provides a smooth and reliable platform for users to perform their tasks without interruption. Whether it's using software
applications, accessing online services, or managing complex operations, a stable system ensures that users can complete their
activities efficiently and effectively [4-6].
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The step response exhibits several significant characteristics that make it an invaluable tool in system analysis. One of these
characteristics is the overshoot [7]. Overshoot refers to the temporary excursion of the system output beyond the desired value
before reaching stability. Understanding the magnitude and duration of overshoot is crucial in applications where precise control
and stability are essential.

In control systems, the Proportional-Integral (PI) Controller holds great significance as it plays a crucial role in achieving
precise control. This article aims to provide an exhaustive and comprehensive analysis of this controller, elucidating its
functioning and impact on control systems. The Proportional-Integral (PI) Controller combines the proportional and integral
control concepts to ensure improved control performance. By utilizing the proportional control aspect, the controller can respond
to deviations in a system's output proportional to the error magnitude. This proportional action aids in minimizing steady-state
errors and reducing overshoots. Apart from the proportional action, the PI controller incorporates the integral action to address
accumulation of error over time, also known as integral windup. The integral control component continuously integrates the error
signal, allowing the PI controller to effectively handle system disturbances and eliminate long-term steady-state errors [8-11].

The importance of metaheuristic methods in control theory lies in their ability to revolutionize the field of control systems.
With their innovative approaches and powerful algorithms, these methods have proven to be invaluable in solving complex
control problems that traditional methods fail to address. By harnessing the principles of optimization, search, and exploration,
metaheuristic methods open up a whole new realm of possibilities for control theorists and practitioners. Whether it is enhancing
the performance of autonomous systems, optimizing resource allocation, or designing robust controllers, metaheuristic methods
provide a powerful toolkit for tackling real-world control challenges. From genetic algorithms to particle swarm optimization,
these methods offer a diverse set of techniques that can be tailored to meet the specific needs of different control applications.
With their ability to handle non-linear, multi-objective, and dynamic control problems, metaheuristic methods have become a
cornerstone of modern control theory. As the complexity of control systems continues to grow, the importance of metaheuristic
methods will only increase, helping us push the boundaries of what is possible in the world of control theory [12-15].

The Genetic Algorithm in controller tuning is a powerful and versatile method used to optimize the parameters of a controller
[16]. By mimicking the process of natural selection and evolution, the Genetic Algorithm searches through a vast solution space
to find the optimal set of controller parameters that maximizes the performance of the system. This algorithm works by
iteratively generating a population of candidate solutions and evaluating their fitness based on a specified objective function. The
fittest individuals are then selected to produce offspring, which inherit characteristics from their parents through crossover and
mutation operations. This process continues for multiple generations until a satisfactory solution is found [17]. The Genetic
Algorithm's ability to explore multiple possibilities simultaneously and find near-optimal solutions makes it an essential tool in
controller tuning for complex and nonlinear systems [18, 19].

The Particle Swarm Optimization (PSO) algorithm is a popular technique used for controller tuning in various fields [20].
PSO is inspired by the natural behavior of bird flocking or fish schooling, where individuals coordinate their movements based
on the collective knowledge of the group. In controller tuning, PSO is utilized to find the optimal parameters for a given control
system. By using an iterative process, the algorithm explores the search space and adjusts the controller parameters to minimize a
specified performance metric, such as error or overshoot. This iterative process continues until the algorithm converges to a set
of parameters that yield the best control performance [21, 22].

This paper implements the advantages of the above mentioned optimization algorithms to shape the step response of a time
delay plant controlled by a PI controller. The aim in shaping is to satisfy the overshoot of the step response towards researchers’
desire as well as to achieve stability. The literature surrounding step response shaping using PI controllers is rich with insights
into the evolution, design, and optimization of PID control systems. The study in [23] discusses the optimization of Proportional-
Integral (PI) and Proportional-Integral-Derivative (PID) controllers to satisfy certain transient performance standards. This work
presents tuning approaches that, akin to the Ziegler—Nichols technique, need just parameters derived from the plant's step
response. The authors enhance the methodology to include plants with underdamped step responses and present a systematic way
for adjusting the controller gain to meet specified transient performance criteria, including less overshoot and enhanced settling
time. The foundational work in [24] highlights the integral role of the PID controller in industrial applications, emphasizing its
ability to stabilize system outputs through manipulation of the error signal. Hill articulates the significance of the proportional,
integral, and derivative gains, with particular emphasis on the integral term, which is crucial for driving the error signal to zero—
a key aspect for achieving accurate step response shaping. Furthermore, Hill notes that while the derivative term can enhance
transient response shaping, its tendency to amplify high-frequency noise poses challenges in practical applications. This early
exploration sets the stage for understanding the complexities involved in tuning PID controllers effectively. In the valuable study
in [25], an analytical approach for optimizing Proportional-Integral (PI) controllers in the Field Oriented Control (FOC) of
Permanent Magnet Synchronous Motors (PMSMs) is presented. The authors analytically define the attributes of the closed-loop
response to ascertain PI controller gains that satisfy specified dynamic criteria, including maximum overshoot and rising time.
Due of the nonlinear characteristics of the resultant equations, the Newton-Raphson numerical approach is utilized for their
resolution. The suggested method guarantees that, through the use of decoupled models of the PMSM, the closed-loop system
operates linearly, ensuring stability throughout an extensive operational range. Building upon this foundation, [26] addresses the
critical challenge of controller tuning in process control systems. He underscores the importance of optimizing PID controller
parameters to enhance system performance, particularly in the face of inherent difficulties such as system nonlinearity and
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unstable open-loop systems. Practical methods for near-optimal tuning of Proportional-Integral (PI) and Proportional-Integral-
Derivative (PID) controllers were studied in [27]. The authors present simple methods for adjusting PI and PID controllers to
attain a balance between output performance and control activity, hence providing resilience in the mid-frequency range. For
systems with all poles located on the negative real axis, a singular step response is enough for plant characterization. In systems
exhibiting integral action, doing an impulse response or relay experiment is advisable. [28] introduces an improved gravitational
search algorithm aimed at automating the tuning process, thereby providing optimized parameters for settling time, percentage
overshoot, and steady-state error. This contribution not only complements [25] 's findings but also reflects the ongoing need for
innovative solutions to improve the performance of widely used PID controllers, particularly given that a significant proportion
remain poorly tuned in practice. Further advancing the discourse, [28] provides a contemporary perspective on the design of
classical controllers, noting that over 95% of control loops in process control are of the PID type, with a predominant focus on PI
control. He elaborates on the operational principles of the proportional, integral, and derivative actions, detailing how each
component contributes to overall system stability and error correction. This article emphasizes the straightforward structure and
ease of implementation of PI controllers, reinforcing their popularity in industrial settings. [28] also highlights the ongoing
development of new tuning methods, which are critical for enhancing the design and effectiveness of these classical control
systems.

The organization of this paper is as follows. Second chapter introduces the PI controller and briefly reminds the step
response. The third chapter briefly recalls the GA and PSO methods. A case study is given in the fourth chapter and the fifth
chaptr includes the conclusions.

2. PI Controller and The Step Response

The literature on the structure and design of Proportional-Integral (PI) controllers reveals a rich history of development and
refinement, particularly in the context of industrial applications. The work in [29] establishes a foundational understanding of
fixed structure controllers, specifically focusing on the integration of a PI velocity feedback controller with a PI outer tension
loop to effectively regulate web tension and velocity. Their investigation into systematic design methods highlights the
importance of satisfying pre-specified performance criteria through parametric approaches. This paper underscores the versatility
of these design techniques, suggesting their applicability extends beyond tension control to various control loops, thereby
enriching the discourse on fixed structure controller design that has evolved since the 1960s. Building on this foundation, [24]
shifts the focus to the broader category of PID controllers, which incorporate proportional, integral, and derivative elements. The
author articulates the significance of the integral term within the PID framework, emphasizing its role in driving the error signal
to zero and thus ensuring system stability. Hill’s analysis traces the historical development of PID controllers, from their origins
in mechanical devices to their modern digital implementations, illustrating the evolution of tuning methods that have
accompanied this progression. The simplicity of the PID structure, which requires only three gain parameters, is highlighted as a
key advantage, making it a popular choice in various industrial applications. This exploration into real-time optimal auto-tuning
further complements the understanding of controller structures, emphasizing the need for efficient manipulation of error signals
to stabilize system outputs.

The transfer function of the PI controller is given as follows.
k,
C(s)=k, +—~ (1
s

As known, k, is the proportioal coefficient and k; is the integral coefficient. The plant used in this study is a classical first

order plus time delay plant which has the following structure.

P(s) = TSK+ et @)

Here, K is the gain constant, T is the time constant and L is the time delay. After this brief introduction, an explanation about
the step response should be benefical. First-order plus time delay (FOPTD) systems are among the most important and widely
used dynamic processes in various major industries, such as power systems, automotive and aerospace systems, biological
systems, and chemical processes, as well as refinery industries, to model their dynamic processing. Different technological
innovations and rapid advances in computational power lead to faster, smarter, and more innovative control systems that require
less energy, time, and effort to improve the dynamic quality of processing systems. Due to this ever-evolving technology, control
systems are now mandatory for the vast majority of process industries. A control system is an essential part of an industry used to
manage, automate, and regulate workflow. If any dynamic processing system is not under control, it is not possible to obtain
accurate, steady-state, and reduced-error controlled outputs. During a control design, the operating plant is first investigated to
find its dynamic characteristics. After determining its dynamic characteristics, the details of the operating plant are considered
for selecting a suitable controller. During the investigation of a plant, it is often represented by a first or second-order dynamic
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response plus a time delay. The dynamic system defined by the first-order plus time delay (FOPTD) system is an essential part of
modern control theory. Many controllers have been designed for this type of dynamic system, which is quickly and efficiently
applied in many engineering control and automation applications. The step changes and transfer functions of FOPTD systems are
used in numerous fields, such as medicine, chemical processes, refinery batch process productions, servo mechanisms, machine
tools, biosystems, agriculture, aircraft, marine, and automotive industries. In many engineering control and automation
applications, the input-output time response and transfer function equation of a first-order plus time delay (FOPTD) system are
important and necessary. Even so, no single tool or method is used effectively to achieve the major control system objectives
simultaneously for this practical class of dynamic control systems [30-33].

The literature review provides a detailed examination of step response analysis within the framework of control systems,
particularly emphasizing the role of classical feedback control. A critical element of the analysis is the use of the frequency
response function (FRF) to represent the system's behavior accurately. This approach allows for a more realistic assessment of
system performance under operational conditions, moving beyond reliance on estimated transfer function models. The findings
indicate that proper tuning of the PID controller can ensure that the system meets essential specifications related to gain and
phase margins, peak sensitivity, and overall stability. The authors also highlight the classical PID controller's versatility across
various industrial applications, demonstrating its effectiveness in improving both steady-state error and transient response
through the integration of PI and PD components. In conclusion, the literature emphasizes the importance of step response
analysis in control systems, particularly in relation to the performance of classical feedback controllers like the PID controller
[34]. A sample illustration of the step response is given in Fig. 1 [35].
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Fig. 1. The step response

This paper deals with the point named as “Peak” in the figure. The aim is to tune the overshoot (peak) value towards our
desire using the well known optimization algorithms. Next section gives information about the genetic algorithm and particle
swarm optimization.

3. Genetic Algortihm and Particle Swarm Optimization
3.1.  The Genetic Algorithm

Originally proposed in the early 1960s, genetic algorithms (GAs) are a popular evolutionary algorithm designed to solve
large, complex search and optimization problems that are difficult to model and solve propositionally using conventional
methodology. Inspired by the Darwinian process of natural selection, GAs are based on the approach used by nature for the
evolution of organisms on Earth. Genetic algorithms are based on these phenomena observed in the natural world, and these
concepts were employed to solve technological problems. A search in GAs evolves a population of strings, under the process of
natural selection and genetics, to optimize or solve a certain problem that requires optimization or search. One important aspect
of using genetic algorithms is that no domain knowledge is assumed to solve the problem at hand, and only a set of primitive
operations is applied to evolve a population of strings until a criterion is satisfied. The underlying principle of GAs is simple: the
most fit will survive and propagate to the next generation, and it is believed that the long-term survival of a population in a
complex environment will result in the evolution of a population. A diverse range of machine learning applications often makes
use of genetic algorithms at some stage in their process. This adaptive process has been found to be successful, often when
humans were unable to develop optimal methodologies due to lack of inherent knowledge or when most of the problem was
uncertain and subjective. Key features of GAs are listed below.

e Evolution: The search technique is inspired by the natural selection process.
e  Parallel search: The population evolves to represent the potential search space.
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Multi-objective technique: More than one solution is simultaneously examined, providing a diverse range of
solutions.

Complex search space: Suitable for the irregular search space, where the derivative operation design is not feasible.
Domain knowledge: No need for domain knowledge, apart from basic operations that can be performed.

Some of the reasons to use GAs as opposed to traditional deterministic or stochastic optimization algorithms are:

In a wide population, various loners can be obtained and propagated for further examination.

More than one global solution at a time is found using a diverse population.

Efficient in a practical real-world space, where the function might not have a continuous derivative and is not
dominated by the optimal local solution.

Optimization or learning does not require any additional conditions that have to be fulfilled, such as knowledge that
will precede the final function or local minima.

Some of the basic terminology used within GA description:

Gene: Forms the basic building block of a chromosome; they are the basic underlying data that represent the
solution.

Chromosome: A chromosome is considered a finite sequence of genes in a fixed order.

Population: A population is a group of K candidate solutions considered for the solution. Each individual can be
considered as a chromosome that represents a possible potential solution.

Allele: It represents a value of a gene.

The pseudo code of the GA can be written in the following way.

1.

3.

4.

Initialize the population with random solutions.
Evaluate the fitness of each individual in the population.
Repeat until the stopping condition is met:
a. Select individuals from the population based on their fitness (selection).
b. Apply crossover to selected individuals to produce offspring.
c. Apply mutation to offspring to introduce variability.
d. Evaluate the fitness of the new individuals.
e. Replace some or all of the population with the new individuals.
Return the best individual as the solution.

DETAILS OF STEPS:

- INITIALIZE POPULATION(size, bounds):

Create ‘size' individuals with random values within ‘bounds’.

X:[xl,xz,x3,....xn] 3)

- FITNESS FUNCTION(individual):

Compute the fitness of “individual .

() —>L “

- SELECTION(population, fitness_values, method):

Select individuals using a method like tournament, roulette wheel, or rank-based selection.

S(X)
2 X))
- CROSSOVER (parentl, parent2, method):
Combine “parentl’ and "parent2’ using methods like single-point, two-point, or uniform crossover.
g _ |8 i rand() <05 ©
l X7 otherwise
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- MUTATION(individual, mutation_rate):

Randomly alter genes of “individual® with a probability "'mutation_rate".

1-x ] d) <P,
xi — { xl lf‘ran () mut (7)

X, otherwise

- REPLACEMENT (population, offspring, strategy):
Replace individuals in the population using strategies like elitism, generational replacement, or steady-state replacement.

Additionally, some terminologies need to be understood when using GAs for further explanations. These terminologies are
chromosome, gene, alleles, genotype, phenotype, and other GA terms. These definitions serve as a fundamental base for
developing a sound understanding of genetic algorithms [19, 36, 37].

3.2.  The Particle Swarm Optimization

In recent years, the Particle Swarm Optimization (PSO) algorithm has gained significant attention from researchers due to its
ability to solve complex optimization problems. PSO is inspired by the social behavior of birds, which can be collectively seen as
a flock. The flock consists of birds moving together in a cohesive manner, and the birds collectively decide the direction of flight.
The collective movements of a bird swarm may give the impression that collective intelligence is at work. Expanding on this
phenomenon of birds flocking to a closed space, computer scientists have developed a collective intelligence-based search
algorithm. They have been successful in the planning and execution of such algorithms for optimization problems. PSO attempts
to optimize problems by simulating the social behavior of birds [38-40].

With the advancement of sciences like engineering, biology, and others in the last few decades, the problems formulated in
these fields are complex in terms of the size of the search space. Traditional optimization methods face a number of challenges
while solving such problems. Therefore, researchers are looking to overcome these challenges by utilizing some nature-inspired
algorithms to aid in the solution of such problems. In the past, many meta-heuristic algorithms have been proposed by
researchers. The motivation for preparing a comprehensive study of PSO is to provide insight into various computational
intelligence techniques. The specific objectives of this comprehensive study are to highlight the differences existing among
various relatively recent issues and to signal the possible future trends for research scholars. It is a powerful algorithm and may
provide optimal solutions for complex problems where different soft computing techniques or some traditional methods may
yield inferior solutions.

The basic terms used in PSO include particle, position, velocity, pBest, gBest, c1, ¢2, w, fitness function, domain space, and
swarm. Many researchers in the field of PSO consider these terms to be the most important terms that are used in PSO. These
terms are defined as follows:

e Particle: a single member of the swarm.

e Position: the location of a particle in the search space.

e Velocity: a particle's position and how it is modified during a search. Formally, it is the direction of future estimated
improvements.

e pBest: personal best solution that a particle has encountered during the search process.

e gBest: global best solution in a swarm or used for a local fitness problem. A global best solution is a solution that is
found from all particles in a swarm.

e cl and c2: learning factors that control the contributions of pBest and gBest. The two learning factors c1 and ¢2, both in
the range of [0, 2], control the cognitive and social components of PSO. The cognitive component promotes the
exploitation process, and the value of a given pBest for each individual exploration is reflected by the value of ¢l and
also by (Xi (k) - pBesti (k)). The social component represents the exploration process, and the value of gBest of the
group solutions exploration is reflected by the value of ¢2 and also by (Xi (k) - gBest (k)).

e w: inertia weight factor that adjusts the PSO performance. Many researchers found that the values of the inertia weight
factor that are in the range of [0.4, 0.9] can obtain a higher search performance in the search process. The inertia weight
factor reflects on the ability of particles in the search process through its linear or nonlinear decrease in velocity over
time.

o Fitness Function: a fitness function assigned to each particle which indicates how well a possible solution fits the
desired form.

¢ Domain Space: a space that includes all possible choices of a problem parameter.

e Swarm: a group of particles in the search space. Each particle in the swarm is characterized by its position, velocity, and
its best position pBest that it has found during the generations of the search process.
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All PSO parameters have a direct tuning effect on the search process performance. The important parameters of PSO based
on the characteristics of the search space include the swarm size and the velocity, which is affected by three parameters:
acceleration constant, pBest, and gBest. The behavior of each particle in the swarm is controlled by the cognitive (pBest) and
social (gBest) acceleration coefficients, which are the degree of importance of the cognitive and social speed [41-43].

The pseudo code of the PSO can be written in the following way.
1. Initialize the swarm:

a. Set the number of particles, positions, velocities, and other parameters (e.g., inertia weight, cognitive and
social coefficients).

b. Randomly initialize each particle's position and velocity within the search space.
c. Evaluate the fitness of each particle's position.

d. Set each particle's initial personal best position (pBest) to its current position.

e. Identify the global best position (gBest) among all particles.

2. Repeat until the stopping condition is met:
a. For each particle:
i.  Update the particle's velocity:
v[i]=w * v[i]
+cl *rl * (pBest[i] - x[i])
+c2 * 12 * (gBest - x[i])
ii. Update the particle's position:
x[i] = x[i] + v[i]
iii. Evaluate the fitness of the new position.
iv. Update the particle's personal best (pBest) if the new position is better.
b. Update the global best position (gBest) if any particle's new position is better than the current gBest.
3. Return the global best position (gBest) as the solution.
Key Formulations in the Pseudocode:
1. Velocity Update Rule

For particle i, the velocity update formula is:
v(t+D)=w-v.(t)+c -1 - (pBest —x,(t))+c, - 1, - (gBest — x,(t)) ®)

where, w is the inertia weight (controls the influence of the previous velocity). ¢,c, are the cognitive and social coefficients
(control the influence of pBest and gBest). r,r, are random numbers uniformly distributed in [0, 1].

2. Position Update Rule
The position of particle I s updated as:
x(t+D)=x,@)+v,(t+1) )
3. Fitness Evaluation
The fitness of each particle is evaluated using a predefined fitness function, f(x)
4. Personal Best
Each particle maintains its best position found so far:
pBest, = argmin/ max f'(x;) — (depending on the problem) (10)
5. Global Best

gBest, =argmin/ max f(pBest,)  foralli (11)
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4. Case Study

Example 1: This example implements the GA and PSO to tune the PI controller for the below FOPTD plant.

1 0.99932 4 1om
_ - 12
)= 08425 11° (12)

The step response will be plotted for 25 seconds and the peak of the step response is set to be 1.2 in magnitude. The GA

resulted with the following PI controller at the end of the optimization process.

CL, (s)=0.5342514+ 222687 "
7 s
Simiarly, the result of the PSO after 1000 iterations is,
3.9271 »

Chey ((5)=3.6778+ =
N S

Fig. 2 shows the step response obtained by using C,,(s) and Fig. 3 shows the one controlled with C, () .

Step Response

Step Response
T T T 1.2

Amplitude

Amplitude

.
: 5 10 15

25 0
Time (seconds)

% 5 10 15 20
Time (seconds)
Fig. 2. The step response obtained with genetic algorithm for Fig. 3. The step response obtained with particle swarm
optimization for 20% overshoot

20% overshoot

We can see from the two step responses that both systems show stable response and their overshoot is exactly tuned to be 1.2
as desired. For comparison, it can be said that the genetic algorithm resulted with a longer rise time and settling time. Let us now
tune the controller to obtain the step response with no overshoot. The PI controller obtained using the genetic algorithm is given

as follows.
1.850810 (15)

C., ,(s)=2.006661+
- s
Simiarly, the PI controller obtained using the particle swarm optimization is,

Cly, o(s) = 1847255+ 170371 (16)
- S

This time, the step response of the system obtained with the genetic algorithm is drawn in Fig. 4. Similarly, the step response
obtained by tuning the controller with the PSO is given in Fig. 5. The two methods successfully achieved the system to have a

step response with no overshoot. It can also be seen that the two step responses approximately match eachother.
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Fig. 4. The step response obtained with genetic algorithm for

no overshoot

It would be useful to apply the methods on anothr example.

Example 2: Consider the following time delay plant [44].

Step Response
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Fig. 5. The step response obtained with particle swarm

G2 (S) — Llefo.]

optimization for no overshoot

amn

The overshoot for this example is desired to be 10%. For this aim, following controllers have been obtained.

C2,(s)=0.522484 +

Simiarly, the result of the PSO after 1000 iterations is,

Using the controllers in Eq. 18 and Eq. 19, following step responses are found.

C2,(s) = 6.935578+

Step Response
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Fig. 6. The step response obtained with genetic algorithm for
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10% overshoot
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1.334183

3.837198

(18)

(19)
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Fig. 7. The step response obtained with particle swarm

optimization for 10% overshoot

It can be clearly seen in Fig. 6 and Fig. 7 that the overshoot of the step response is successfully limited to be 10%. Comparing
two figures show that the step response obtained with the genetic algorithm has a smoother increase but relatively a larger steady
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state time. In contrast, the step response obtained with the particle swarm optimization has a sharp increase and a smaller steady
state time. Thus, the choice can be made by considering the needs of the system.

According to the report, the findings of the comparison study between the Genetic Algorithm (GA) and the Particle Swarm
Optimization (PSO) for the tuning of the PI controller are quite illuminating. The overshoot levels that were intended (for
example, 20%, no overshoot, 10%) were successfully obtained by both strategies, and the step response remained stable
throughout the accomplishment. Nevertheless, discrepancies of a significant nature were identified in their performance. The use
of GA often led to longer rising and settling durations, which indicated smoother transitions but slower reactions. PSO, on the
other hand, displayed more abrupt climbs and shorter settling durations, which might be useful in systems that require speedier
stabilization. These findings highlight how important it is to pick the optimization strategy based on the individual requirements
of the system, striking a balance between smoothness and speed. It is possible that future study may concentrate on adapting
these algorithms to a wide variety of step response qualities in order to facilitate the expansion of their practical applications.

5. Conclusions

This paper provides a thorough examination of the methodologies for optimizing Proportional-Integral (PI) controller tuning
to achieve stability and desired overshoot in the step response. The primary objective of the study is to compare and contrast the
effectiveness of two heuristic optimization techniques, namely Genetic Algorithm (GA) and Particle Swarm Optimization (PSO),
in finding the best parameters for the PI controller, which plays a critical role in industrial processes. The tuning process
significantly impacts the stability and overshoot of the system, emphasizing the need for identifying the most suitable
parameters. To tackle this challenge, the paper proposes the utilization of GA and PSO, both of which are renowned for their
capability to efficiently explore large solution spaces. The study provides an in-depth explanation of the underlying principles of
both algorithms and elucidates how they can be applied to solve the PI controller tuning problem. Moreover, it sheds light on the
distinctions between GA and PSO, meticulously examining their respective strengths and weaknesses. In order to evaluate the
performance of these optimization techniques in terms of stability and overshoot metrics, a series of experiments are conducted,
employing various models and functions. The results obtained from these experiments demonstrate promising outcomes for both
GA and PSO in the optimization of PI controller tuning, thereby offering valuable insights to researchers and practitioners alike,
enabling them to make informed decisions based on the specific control requirements they may encounter. Ultimately, this
comparative study provides a comprehensive analysis and delivers a wealth of valuable information to individuals involved in
the field of control systems engineering.

The study lays the groundwork for a discussion of the findings by contrasting the effectiveness of Genetic Algorithm (GA)
and Particle Swarm Optimization (PSO) in the process of tuning PI controllers for step response shaping. Nevertheless, a
comparison with the current literature that is more specific might increase the depth of the conversation as well as the contextual
relevance of the topic. According to the examination of the relevant literature, works such as [23] place an emphasis on transient
performance requirements in PI and PID tuning. These studies also propose analytical approaches to achieve optimal overshoot
and settling time respectively. In a similar vein, [28] outlines developments in traditional PID designs, which are the most
common kind used in industrial settings. In comparison to the current investigation, the metaheuristic algorithms (GA and PSO)
provide an automated and adaptable method that can accommodate different system dynamics without the requirement of pre-
specified analytical parameters. The article effectively illustrates that both GA and PSO are capable of successfully achieving
desired overshoot levels (for example, 20%, no overshoot, 10%). This is demonstrated in the conclusions section of the paper.
Nevertheless, there are obvious trade-offs: GA exhibits smoother responses with longer rising and settling periods, whereas PSO
gives faster answers but with sharper rises. Both methodologies have their advantages and disadvantages. The findings are
consistent with the observations made in the literature, which state that GA frequently outperforms in exploration, whereas PSO
strikes a balance between exploration and exploitation in order to achieve faster convergence [16, 20]. The publication might
compare these results with analytical methods [23, 25] or other metaheuristics [26], describing circumstances in which GA or
PSO might perform better than traditional approaches. This would enrich the presentation of the results. In order to emphasize
the practical benefits of these algorithms, it would be beneficial to highlight their adaptability and flexibility in dealing with
nonlinearities and requirements that involve several objectives. An further contextualization of the paper's contributions would
be achieved by the use of benchmarks or measures from previous research, which would also make the conclusions more robust
and generalizable.
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