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1. Introduction

Optimization, with its ability to adjust
problem inputs to achieve optimal outputs or
results, holds tremendous significance in the
field of engineering. By utilizing various
techniques and algorithms, the optimization
process aims to identify the best possible
solution to a given problem [1]. However, the
task of selecting the optimum answer becomes
exceptionally challenging when dealing with
complex engineering problems, and the time
required to solve these problems becomes a
crucial factor in the optimization process. In
essence, optimization seeks to identify the
most favorable solution among the available
options within an acceptable timeframe [2].
Optimization methods can be broadly
classified into two main types: derivative-
based optimization and optimization without
the need for derivatives.

Derivative-based methods determine the
search direction by utilizing information
derived from the derivative of the objective
function, ultimately leading to the attainment
of an optimal solution. However, these
methods often prove unsuitable for complex
problems  encountered in  real-world
engineering scenarios. The complexity arises
from the involvement of a large number of
decision variables, each exerting intricate
effects on the objective function. In contrast,
derivative-free methods do not rely on the
derivative of the objective function for the
search process. Instead, these methods
evaluate the objective function at various
points within the problem's search space. By
utilizing this information along with heuristic
and intuitive rules, they determine the
appropriate search direction. Such methods are
commonly referred to as metaheuristic
algorithms, which have the capability to find
near-optimal solutions within an acceptable
timeframe, although they do not guarantee
finding the global optimum. Nonetheless,
simulation results for numerous optimization
problems have consistently indicated that by
appropriately configuring the algorithm's
coefficients to address specific problem
characteristics, it is often possible to achieve

the optimal solution within a reasonable time
frame.

The field of metaheuristic optimization
encompasses several well-known methods,
each exhibiting unique characteristics and
performance. These methods include the
genetic  algorithm (GA) [3], simulated
annealing (SA) [4], particle swarm
optimization (PSO) [5], harmony search (HS)
[6], ant colony optimization (ACO) [7], tabu
search algorithm (TSA) [8], bat algorithm
(BA) [9], teaching-learning-based
optimization (TLBO) [10], immune system
algorithm (ISA) [11], imperialist competitive
algorithm (ICA) [12], gravitational search
algorithm (GSA) [13], coot bird search
algorithm (CBSA) [14], crow search algorithm
(CSA) [15], Lévy flight distribution (LFD)
[16], biogeography-based optimizer (BBO)
[17], Yin-Yang-Pair optimization (YYPO)
[18], group search optimizer (GSO) [19],
volleyball premier league algorithm based on
sine cosine algorithm (VPLSCA) [20], The
combination search algorithm (CoSA) is
implemented with the help of two recently
developed supply-demand-based optimization
(SDO) and Harris hawks optimization (HHO)
optimization algorithms [21], firefly algorithm
(FA) [22], dandelion optimizer (DO) [23],
barnacles mating optimizer (BMO) [24],
Cuckoo catfish optimizer (CCO) [25], Gazelle
optimization algorithm (GOA) [26], Dream
Optimization Algorithm (DOA) [27], Spider
wasp optimizer (SWO) [28], and Dhole
optimization algorithm (DOA) [29]. These
methods, being derivative-free, employ
heuristic processes to explore and identify
optimal solutions.

Metaheuristic algorithms are developed
with three primary objectives in mind:
achieving faster problem-solving capabilities,
handling large-scale problems efficiently, and
obtaining robust algorithms. Notable examples
of successful metaheuristic algorithms in the
realm of engineering optimization include the
genetic algorithm (GA) and the coot bird
search algorithm (CBSA). Each algorithm
possesses its own strengths and weaknesses.
Genetic algorithms excel at reaching global
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regions but often struggle to find exact
solutions. On the other hand, CBSA leverages
group interactions to enhance the search for
optimal solutions. Recognizing the advantages
offered by both algorithms, the main objective
of this paper is to develop an efficient hybrid
technique called CBSA-GA, which aims to
combine the strengths of CBSA and GA to find
optimal solutions for engineering optimization
problems. The proposed algorithm is
implemented and evaluated on 13 benchmark
functions and three real engineering problems
in the power engineering domain, showcasing
its effectiveness and applicability. The hybrid
nature of CBSA-GA allows for a synergistic
combination of the exploration capabilities of
CBSA and the global search abilities of GA,
thereby enhancing the overall optimization
performance.

In Section 2 of this paper, we provide a
detailed description of the proposed hybrid
CBSA-GA algorithm. The algorithmic
framework, including the integration of CBSA
and GA components, is presented along with
the step-by-step procedure for solving
engineering optimization problems. We
discuss how CBSA and GA complement each
other in the hybrid algorithm, taking advantage
of CBSA's group interactions and GA's global
search strategy. The algorithm's parameters
and settings are also elaborated upon,
emphasizing their influence on the
optimization process.

Section 3 focuses on the experimental
evaluation of the CBSA-GA algorithm. We
conduct extensive experiments on a set of 13
benchmark functions commonly used in
optimization research. These functions
encompass a range of complexities, allowing
us to thoroughly assess the algorithm's
performance. Additionally, we apply the
CBSA-GA algorithm to three real engineering
problems in the power engineering domain.
These problems highlight the algorithm's
applicability to practical scenarios and
demonstrate its effectiveness in finding
optimal solutions. The experimental results,
including convergence analysis, solution
quality  evaluation, and computational

efficiency, are presented and discussed in
detail.

In Section 4, we draw conclusions based on
the findings of this study. We summarize the
key contributions of the CBSA-GA algorithm
in addressing engineering optimization
problems. The strengths and limitations of the
proposed approach are critically analyzed,
providing insights into its performance and
potential areas for further improvement.
Additionally, we discuss the broader
implications of this research and its relevance
to the field of engineering optimization.

In conclusion, this paper introduces the
concept of optimization in engineering and
highlights the significance of selecting the best
solution within a specified timeframe. We
categorize  optimization methods into
derivative-based and derivative-free
approaches, with a focus on metaheuristic
algorithms as  effective  derivative-free
methods. By leveraging the advantages of
CBSA and GA, we propose the hybrid CBSA-
GA algorithm as a powerful technique for
engineering optimization problems. The
algorithm's implementation and evaluation on
benchmark functions and real engineering
problems demonstrate its efficiency and
effectiveness. The subsequent sections of the
paper provide a detailed description of the
algorithm, present experimental results, and
draw conclusions. Overall, this study
contributes to the advancement of optimization
techniques in engineering and offers a valuable
approach for finding optimal solutions in
practical applications.

2. Problem description

In this section, we present the innovative
hybrid CBSA-GA algorithm, which combines
the cooperative search behavior of CBSA with
the evolutionary principles of GA. The
algorithm aims to address optimization
problems by leveraging the strengths of both
approaches, leading to enhanced performance
and solution quality.
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2.1. Genetic algorithm (GA)

The genetic algorithm, initially presented
by John Holland in the 1960s and further
developed by his colleagues at the University
of Michigan, has since been extensively
researched and applied in various fields. Its
applications span a wide range, including
optimization of numerical functions, image
processing, machine learning, structural design
and optimization, optimal placement of
distributed generation resources, and many
other areas.

In the genetic algorithm, a chromosome
represents a coded solution to an optimization
problem. It comprises a fixed number of genes
that encode the decision variables of the
problem. These chromosomes collectively
form a population, from which a new
population is generated using genetic
operators. To tackle an optimization problem,
a suitable fitness function is designed. This
function assigns a non-negative value to each
chromosome, reflecting its efficiency or
capability to solve the problem. Essentially,
the fitness function acts as the objective
function within the genetic algorithm. During
the reproduction stage, genetic operators come
into play to create the next generation. The
selection operator plays a pivotal role in this
process by choosing a subset of chromosomes
from the current population for reproduction
and transferring them to the mating pool.
While the selection of chromosomes is
random, it is biased towards favoring more
competent individuals, granting them a higher
chance of reproduction. The crossover
operator, another vital genetic operator,
performs the crossover operation on two or
more parent chromosomes, resulting in the
creation of two offspring for the new
generation. This operator combines genetic
information from different parents, fostering
exploration and diversification within the
search space. Following the crossover
operator, the mutation operator may be
applied, randomly selecting a gene from a
chromosome and introducing slight alterations
to its contents. The mutation operator serves as
a mechanism to introduce occasional random

changes and prevent premature convergence of
the algorithm.

Fig. 1 depicts the pseudo code of the genetic
algorithm, providing an outline of the
sequential steps involved in its execution. This
representation offers a high-level overview of
the algorithm's structure and serves as a helpful
reference for its implementation. To
summarize, the genetic algorithm is a potent
optimization technique that emulates the
principles of natural selection and evolution. It
leverages genetic operators such as selection,
crossover, and mutation to iteratively refine
the population of candidate solutions. Through
successive generations, the genetic algorithm
explores the search space and gradually
converges towards optimal or near-optimal
solutions.

Begin
t=0;
initialize population P(t);
evaluate P(t);
while (not termination condition) do
parent-selection P(t);
recombine P(t) to yield C(t);
mutate C(t);
evaluate C(t);
survive (P(t), C(t)) to yield P(t+1);
t=t+1;
end
end

Fig. 1. Pseudo code of the GA

2.2. Coot bird search algorithm (CBSA)

Coots, belonging to the rail family, are
small water birds known scientifically as
Fulica. The behavior of these birds on the
water surface serves as inspiration for a novel
optimization method known as the Coot Bird
Search Algorithm (CBSA). Coots exhibit
various movements when navigating the water,
including irregular movement, coordinated
movement, and chain motion [30]. The CBSA
algorithm aims to simulate these diverse
behaviors observed in coots, particularly their
regular and irregular movements on the water
surface.

The CBSA algorithm incorporates four
distinct movements to explore the water
surface during the optimization process:
random movement, chain movement, position
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adjustment based on group leaders, and group
guidance towards the optimal area. The
algorithm follows a systematic process to find
optimal solutions. Initially, a random
population is generated, representing the
positions of individual coots. The objective
function of the optimization problem is then
evaluated for each coot position. Additionally,
the number of leaders and the number of coots
are randomly determined. The best coot or
leader is identified as the optimal solution.

During each iteration of the algorithm, the
positions of the coots on the water surface are
updated based on the different movement
strategies. Random movement introduces
exploration by allowing coots to move
randomly within the search space. Chain
movement mimics the sequential motion of
coots on the water, promoting coordinated
exploration. Position adjustment based on
group leaders ensures that coots adjust their
positions based on the guidance of influential
leaders within their vicinity. Finally, leader

movement involves leaders guiding the entire
group towards the optimal area, exploiting the
collective intelligence of the swarm. Fig. 2
presents the pseudo code of the CBSA
algorithm, outlining the sequential steps
involved in its execution. This pseudo code
serves as a reference and implementation guide
for applying the algorithm to optimization
problems.

In summary, the CBSA algorithm draws
inspiration from the movements of coots on the
water surface to develop an innovative
optimization technique. By emulating the
irregular, coordinated, and chain motions
observed in coots, the algorithm explores the
search space in a manner that balances
exploration and exploitation. Through the
integration of random movement, chain
movement, position adjustment based on
group leaders, and leader guidance, the CBSA
algorithm iteratively refines the positions of
coots on the water surface, ultimately
converging towards optimal solutions.

Begin
t=0;
initialize population P(t);
random selection of leaders;
evaluate P(t);
find the global optimum;
while (not termination condition) do

on group leaders;
calculate the fitness of coots;
if the fitness of coots < the fitness of leaders
replace the position of coots by leaders;
end
update the position of leaders;
calculate the fitness of leaders;
if the fitness of leaders < global optimum
update global optimum;
end
t=t+1;
end
end

update the position of coots based on random movement, chain movement and position adjustment based

Fig. 2. Pseudo code of the CBSA

2.3. Hybrid CBSA-GA algorithm

This research paper introduces a novel
hybrid optimization method known as the
CBSA-GA algorithm, which combines the
advantageous features of both the Genetic
Algorithm (GA) and the Coot Bird Search
Algorithm (CBSA). By integrating these two

powerful algorithms, we aim to overcome the
limitations of individual approaches and
provide an enhanced optimization solution that
combines the benefits of both. The CBSA-GA
algorithm offers several advantages in solving
optimization problems. By incorporating
elements from the GA and CBSA algorithms,
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it promotes diversity within generations and
maintains a balance between local exploitation
and global exploration. This allows the
algorithm to efficiently explore the search
space, avoid premature convergence, and
ultimately converge towards near-optimal
solutions.

Fig. 3 depicts the flowchart of the hybrid
CBSA-GA  algorithm, illustrating its
sequential steps. Initially, the CBSA algorithm
is employed to generate the initial population.
The CBSA algorithm, inspired by the
movement behavior of coots on water surfaces,
provides a unique perspective for exploring
optimization landscapes. It generates a diverse
set of individuals representing potential
solutions to the problem at hand.

Once the initial population is generated, the
algorithm proceeds to determine the COOT's
followers and leaders. Each individual's
position is evaluated by calculating the
objective function specific to the optimization
problem being solved. This objective function
serves as a measure of the individual's
performance and guides the search towards
better solutions. Next, the algorithm updates
the positions of the COOT's followers and
leaders. This update process is based on the
algorithm's structure, as explained in [14]. It
incorporates various movements on the water
surface, such as random movement, chain
movement, position adjustment based on
group leaders, and guidance towards the
optimal area. These movements emulate the
behaviors observed in coots and facilitate an

exploration-exploitation balance during the
optimization process. After a predetermined
number of algorithm iterations, the updated
positions are handed over to the GA algorithm.
The GA algorithm, renowned for its ability to
efficiently search for optimal solutions, further
refines the positions of the COOTs by applying
selection, crossover, and mutation operators.
The selection operator favors individuals with
higher fitness, ensuring the preservation of
good solutions. The crossover operator
combines genetic information from different
COOQTs, promoting exploration of the search
space. Lastly, the mutation operator introduces
occasional random changes to maintain
diversity and prevent stagnation. The hybrid
CBSA-GA algorithm repeats this iterative
process, alternating between the CBSA and
GA phases, until a termination condition is
met, typically a maximum number of
iterations. At the end of the algorithm, the final
position obtained represents a near-optimal
solution for the given optimization problem.

The CBSA-GA algorithm offers numerous
advantages in solving optimization problems
across various domains. Its ability to combine
the exploration capabilities of CBSA with the
refinement capabilities of GA allows for
efficient and effective optimization. The
algorithm has been successfully applied in
diverse fields, including engineering, finance,
and image processing, demonstrating its
versatility and robustness. Fig. 4 presents the
pseudo code of the CBSA-GA algorithm,
outlining the sequential steps involved in its
execution.
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Fig. 3. The flowchart of the hybrid CBSA-GA algorithm
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Begin
Iter =1,
while (Iter < Iter_max) do

% CBSA Algorithm Section
CBSA iter=1;
while (CBSA _iter < CBSA max) do

Update COOT's followers and leaders position;
CBSA_iter = CBSA iter + 1;

end
% GA Algorithm Section
GA iter=1;

while (GA_iter < GA_max) do
Apply selection operator on COOT's position;
Apply crossover operator on COOT's position;
Apply mutation operator on COOT's position;
Evaluation of each COOT;
Update the COOT's position;
GA _iter = GA_iter + 1;

end

Store the best position;
Iter = Iter + 1;
end
end

Initialization of COOT's followers and leaders position;
Calculate the fitness of each COOT's followers and leaders;

Fig. 4. Pseudo code of the CBSA-GA

3. Simulation and discussion of results

In this section, we present the simulation
results of the CBSA-GA algorithm, which is
applied to solve various optimization
problems. The effectiveness of the algorithm is
evaluated using 13 benchmark functions with
dimensions of both 30 and 100, allowing for a
comprehensive analysis of its performance.
Additionally, we investigate the algorithm's
performance on two real engineering
optimization  problems to  assess its
applicability in practical scenarios.

To evaluate the efficiency of the CBSA-GA
algorithm, we compare its results with those
obtained from other well-known optimization
algorithms such as GA, PSO, and CBSA. This
comparative analysis provides insights into the
algorithm's efficiency, convergence speed, and
solution quality when compared to state-of-
the-art approaches. By assessing the CBSA-
GA algorithm against multiple algorithms, we
gain a comprehensive understanding of its
strengths and  weaknesses, facilitating

informed decision-making for different
problem types.

Table 1 presents detailed information about
the parameters and specifications of the
CBSA-GA algorithm. These parameters are
carefully selected to ensure the algorithm's
effectiveness in exploring and exploiting the
search space. The population size, maximum
number of iterations, selection criteria,
crossover and mutation rates, and other
relevant settings are optimized to enhance the
algorithm's performance across a wide range of
optimization problem domains.

The benchmark functions utilized in this
study encompass various optimization
landscapes, including unimodal, multimodal,
convex, and non-convex functions. Evaluating
the CBSA-GA algorithm on these benchmark
functions allows us to assess its capability to
handle different types of optimization
problems. Furthermore, by considering both
30 and 100 dimensions, we conduct a
comprehensive analysis of the algorithm's
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scalability and performance in higher-
dimensional spaces.

In addition to the benchmark functions, we
incorporate two real engineering optimization
problems in our evaluation. These problems
are carefully chosen to reflect practical
scenarios and challenges encountered in
engineering applications. By applying the
CBSA-GA algorithm to these real-world
problems, we aim to demonstrate its
applicability and effectiveness in solving
complex optimization challenges commonly
encountered in engineering domains.

To quantify the performance of the CBSA-
GA algorithm, we analyze its convergence
behavior, solution quality, and computational
efficiency. Statistical analyses, such as t-tests
or ANOVA, may be conducted to determine
the significance of observed differences
between the CBSA-GA algorithm and the
compared algorithms. These analyses serve to
validate the algorithm's performance and
provide a solid foundation for drawing
meaningful conclusions based on the
simulation results.

Overall, the simulation results presented in
this section offer a comprehensive evaluation
of the CBSA-GA algorithm's performance in
solving optimization problems. By considering
benchmark functions, real engineering
problems, and comparing the algorithm with

other approaches, we provide a thorough
analysis of its capabilities. These findings
contribute to a deeper understanding of the
algorithm's strengths and limitations, assisting
researchers and practitioners in selecting
appropriate optimization techniques for their
specific problem domains.

Table 1. The parameters and specifications of the

proposed algorithms
Algorithm Parameter Value
GA Crossoyer 0.8
Mutation 0.3
Co.gmtlve and C1=2, C=2
PSO social constants .
Inertial weight Linearly decreases
from 0.9 to 0.4
CBSA Number of 10% of the initial
leaders population
Crossover 0.9
Mutation 0.005
Maximum
iteration of 50
CléiA' CBSA-GA
Maximum 500
iteration of GA
Maximum
iteration of PSO 100

3.1. Benchmark functions

This section focuses on the evaluation of the
CBSA-GA algorithm on 13 benchmark
functions, considering both 30 and 100
dimensions. The detailed characteristics of
these functions can be found in

Table 2.

Table 2. Test functions, their search range and the optimal value.

Function Dimensions Range Optimal
value
n
filx) = Z x? [30,100,500]  [-100,100] 0
i=1
n n
f2(x) = leil + Hlxil [30,100,500] [10,10] 0
1=1 i=1
n i 2
£ = Z Z X, [30,100,500]  [-100,100] 0
i=1 \j=1
f2(0) = max{lx;|,1 <i<n} [30,100,500]  [-100,100] 0
n
fs(x) = Z[loo(xm —xP)?+ (- 17 [30,100,500]  [-30,30] 0

=1
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n
fe(x) = Z(lxi + 0.5))? [30,100,500]  [-100,100] 0
i=1
_ : [-
f(x) = max{lx;|,1 < i <n} [30,100,500] 1.28.1.28] 0
n
fi(x) = Z —x, sin (w/ Ixil) [30,100,500]  [-500,500] 0
n i=1
— 2 _ . -
folx) = Z[xi 10 cos(2mx;) + 10] 30,100,500 ¢ 55 1y 0
i=1
1% 1%
— _ _ 2 ) _ — ,
fio(x) = —20exp| —0.2 nz X; exp <nz cos(27rxl)> + 20 [30,100,500] [-32,32] 0
i=1 i=1
+e
1 n n X
fi () = —Z x? — 1_[ cos (—‘) +1 [30,100,500]  [-600,600] 0
4000 £ ] Vi
1-[ .
fi2(x) = E 10 sin(my;)
n—-1
+ Z(yi = 1)?[1+ 10sin®(my ;)] + (v — 1)2}
i;l
+ Z u(x;,10,100,4) [30,100,500]  [-50,50] 0
i=1
X +1
yi=1+
k(x; —a)™ x;>a
ulx,a,km)=4 0 —a<x;<a
k(—x; —a)™ x; < —a
fiz(x) = 0.1 {sin2 (3mx,)
n
+ Z(xi — 1)?[1 + sin®?(Bmx; + 1)] [30,100,500] [-50,50] 0
i=1

+ (x, — D?[1+ sinz(ann)]} +

n

Z u(x;,5,100,4)

i=1

To assess the performance of the CBSA-
GA algorithm, simulations were conducted on

Table 3. The outcomes unequivocally
demonstrate that, across all 13 functions, the
CBSA-GA algorithm consistently
outperformed other methods in terms of

the 13 objective functions with 30 dimensions,
and the corresponding results are presented in

finding the best solution. Moreover, it
exhibited the remarkable ability to converge to
the global optimal value in functions f1, {9, and
f11. These notable achievements illustrate the
algorithm's exceptional exploration capability
throughout the entire search space.

Table 3. Result of benchmark functions with 30 dimensions (50 runs).

Function Index GA [14] PSO [14] CBSA [14] CBSA-GA
7 Best 1.5245 9.3905%10° 2.8240x10%7 0
Worst 7.4966 5.0237x10° 4.3670x10%3 1.3731x10%3
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-6.3040%10°
-7.5838x10°
7.3974x107
0.0000
5.0591x1012
1.8948x1013
9.2219x1013
8.8818x101¢
1.9263x108
6.4475x1071°
3.5164x10°
0.0000
6.1950x101
2.1057x10°1°
1.1305x101*
1.2000x1073
1.3627
9.7700x1072
2.8540x10!
7.0200x1072
29777
5.4750x10!

1.9419x1024
2.7463x102
2.3018x102%
5.1375%x107
9.7651x1071°
2.3886x1071°
8.1531x10%%
9.2284x107!
1.3147x107!
2.1112x1022
3.7150x102%°
4.6303x1071°
6.5482x10"!
9.2608x107'2
22.3856
26.3867
0.8812
25.6459
3.0786x107
1.1747x107
2.1312x108
3.0607x10°8
2.2934x10*
0.0087
0.0017
0.0018
-1.2214x10*
-8.8240%10°
592.4578
-1.1154x10*
0
4.5475%1013
9.4114x10
3.1832x107
4.4409x1071¢
8.5754x101°
1.2429x1071°
2.4023x10!!
0
2.2871x10
3.6179x10715
7.5051x10°1¢
1.8602x10!!
5.8585x1010
1.1733x1071°
1.8237x1071°
3.4171x1010
1.5146x10%8
3.4787x10%
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Avg 1.3670x10"!

1.1420x10!

5.7420x10"! 3.7298x10™

Subsequently, the proposed algorithm was
further tested on the same set of 13 benchmark
functions, but with an increased

Table 4. Notably, the findings indicate that
the  algorithm's  performance  remains
unaffected by the higher dimensions of the
problem, demonstrating its stability across all
test functions. Encouragingly, similar to the
30-dimensional ~ case, the  algorithm
successfully converged to the global optimal
value in functions f9 and fl11. These results
reaffirm  the  algorithm's  remarkable
exploration ability, highlighting its
effectiveness across diverse search spaces.

dimensionality of 100. The results of this
implementation are showcased in

The consistent performance of the CBSA-
GA algorithm across both 30 and 100
dimensions indicates its robustness and
reliability. Its ability to adapt and maintain
high-quality solutions despite an increase in
problem complexity is a significant advantage.
This finding suggests that the algorithm can be
applied to real-world problems with higher
dimensions, making it a valuable tool in
various domains where high-dimensional
optimization is required.

Table 4. Result of benchmark functions with 100 dimensions (50 runs).

Function Index GA [14] PSO [14] CBSA [14] CBSA-GA
Best 5.3853x1(? 6.9653x10" 3.0297x10 3.3955x1071%
f Worst 1.1458x10° 4.1826%10? 6.8693x1071° 1.0562x1023
Avg 8.1352x10? 1.7389x10? 2.2900x10"7 2.9921x102
Std 1.5153%10? 7.7260%10! 1.2542x10°16 1.5897x102*
Best 1.3601x10! 6.4414x10° 2.8292x102* 9.7189x101%!
5 Worst 1.9811x10! 2.1111x10! 1.8238x10° 4.5936x10°8
Avg 1.6708x10! 1.0261x10! 6.1960x10"1! 9.1880x10"1°
Std 1.6276x10° 3.2575x10° 3.3281x1071° 6.4963x107
Best 2.3725%10* 1.5460%10* 5.4708x10 1.7239x10178
Y Worst 6.6340x10° 4.5354x10* 1.4417%1077 9.4260%x10?!
Avg 4.4276x10° 2.9170x10°* 4.8057%1071° 2.1678x102
Std 1.1133x10* 7.8458x103 2.6321x10718 1.3438x102!
Best 2.2930%10! 1.9029x10! 6.0397x1025 1.4039x1017
£ Worst 4.4164x10" 3.3467x10! 3.9719x10° 2.4806x10°11
Avg 3.1569x10! 2.3898x10! 1.3252x10% 4.9675%1013
Std 4.9567%10° 3.0609x10° 7.2514x107 3.5079x10712
Best 2.4757%10° 4.2886x10° 9.8321x10! 94.9172
I Worst 9.2137x10°* 4.5207%10* 1.6813x103 202.5690
Avg 5.1870x10° 1.2503%10* 1.6269x10? 101.7183
Std 1.6860x10* 1.0208x10* 2.9090%10? 18.2356
Best 5.5967x10? 5.4796x10! 6.9538x10° 3.6327x10°
7 Worst 1.0809x103 6.7712x10? 1.0185x10? 1.9342x104
Avg 7.8926x102 2.0617x10? 1.6013x10! 8.6798x10°
Std 1.3942x102 1.3756%10? 2.0123x10! 3.6100x10°
I Best 1.0732x10° 3.1330x10°! 4.4694x10* 8.8372x10°
Worst 2.0674x10° 1.2000%10° 3.9800%10° 0.0173
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Avg 1.5439x10°
Std 1.5439x10°
Best -2.9413x10*
fs Worst -2.3490x10*
Avg -2.6667x10*
Std 1.4553x10°
Best 1.1965%10?
/o Worst 2.0523x10?
Avg 1.6581x10?
Std 2.0264%10!
Best 4.3875%10°
fio Worst 5.5574x10°
Avg 4.9694x10°
Std 3.0500%10"!
Best 6.1492x10°
fil Worst 1.0079%10!
Avg 8.3353x10°
Std 9.5600%10"!
Best 3.0565x10°
fi2 Worst 8.6318x10°
Avg 5.4697x10°
Std 1.4374%10°
Best 7.7039x10!
fi3 Worst 2.1652x10°
Avg 2.3802x10%
Std 4.2503%x10%

5.0590x10"! 7.6000x107 0.0040
1.9450x10! 7.4000x107 0.0038
-2.2982x10* -2.5166x10* -3.3367x10*
-1.5181x10* -1.4408x10* -2.5619x10*
-1.9454x10* -1.8551x10* -3.0228x10*
1.9668x10° 3.1119%x10° 2.0010x10°
1.4270x107 0.0000x10° 0
2.7619x10% 1.0800x10!"! 2.6148x107"2
1.8986x107 7.6928x107"3 1.1141x10™"
3.3360x10! 2.2776x107"2 4.3730x101?
4.1052x10° 8.8818x1071¢ 4.4409x10716
7.0695x10° 1.4984x107 4.9674x10"!
5.4362x10° 4.9956x10” 1.3645x1072
7.6760x10°! 2.7357x108 7.1312x10712
1.5479x10° 0.0000x10° 0
9.9589x10° 6.2061x10" 7.6383%x1071*
2.9901x10° 2.1427x10°" 1.7741x10°"
1.5860x10° 1.1320x10 1.0861x10714
3.9423x10° 7.9800x1072 5.7522x10°8
2.2947x10! 8.1560x10°! 6.6587x10°
8.7237x10° 2.1890x10°! 4.2548x107
3.4332x10° 1.3430x10! 1.0904x10
7.0222x10! 8.8830x10° 4.8954x10°°
2.0390x10° 3.2611x10! 0.0124
1.9408x107 1.3338x10! 0.0016
3.5310x107 6.2886x10° 0.0039

Overall, the evaluation results validate the
efficacy of the CBSA-GA algorithm,
showcasing its superior performance in finding
optimal solutions for the benchmark functions
considered. The algorithm's remarkable
exploration capabilities, demonstrated by its
convergence to global optima, further solidify
its status as a promising approach for solving
optimization problems in diverse application
domains.

3.2. Engineering optimization problems

This section aims to assess the effectiveness
of the proposed algorithm by applying it to two
practical optimization problems in the field of
power engineering. Specifically, the problems
considered are economic dispatch and the
determination of the optimal location and size
of distributed generation (DG) resources in the
distribution system. The details of these
problems, including the objective function, the

number of decision variables, and
governing constraints, are provided below.

The economic dispatch problem involves
optimizing the allocation of power generation
among various generating units to meet the
electricity demand while minimizing the total
cost. The objective function is typically
formulated to minimize the fuel cost, taking
into account the operational constraints of the
generating units. The decision variables
include the power output levels of each unit.
The constraints may include power balance
equations, generation limits, ramp rate limits,
and other operational limits imposed by the
power system.

The second problem focuses on
determining the optimal location and size of
DG resources in the distribution system. The
objective is to maximize system performance
by strategically placing DG units at suitable
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locations and optimizing their capacities. The
decision variables include the locations of the
DG units and their respective sizes. The
constraints may involve technical limitations
such as voltage limits, power flow constraints,
and capacity limits.

To evaluate the efficiency of the proposed
algorithm, a comparative analysis has been
performed with other popular optimization
algorithms including GA, PSO, PSO-GA, and
CBSA. The results obtained using the
proposed algorithm have been compared
against the results obtained by these alternative
algorithms. By conducting this comprehensive
evaluation, we can gain insights into the
performance and superiority of the proposed
algorithm in solving these power engineering
optimization problems.

By assessing the proposed algorithm
against other established methods, we can
determine its effectiveness, robustness, and
potential advantages in addressing these real-
world power engineering challenges. This
comparative analysis serves as a valuable
benchmark for evaluating the proposed
algorithm's performance and its applicability
in practical scenarios.

3.2.1. Economic dispatch

In the problem of economic dispatch, the
purpose is to solve the problem of optimal
operation of three power plant units as
described in equation (1):

C, = 0.0015P% + 8P, + 300, 50

< P, < 400
C, = 0.0005PZ + 8P, + 450, 50

< P, <800 (1)
C, = 0.001PZ + 7.5P, + 700, 50

< P, <1000

Table 5.

Table 6 indicates the performance of the
CBSA-GA on this problem. This table shows

In other words, the purpose is to determine
the optimal production power of each of the
power plants in such a way that the objective
function, which is the total cost of production
defined by equation 2, is minimized, and on the
other hand, the total demand (Py) is equal to
the total production of all generators.

Min.Cost = C; + C, + C;

S.t.

3
Z P, =P,
i=1

The important point in solving this
optimization problem is the entering the load
equality condition in the objective function. To
do this, the difference between the total
demand and the generated values must be
multiplied by a specific number (4) and that
value must be added to the objective function.
In other words, the objective function of this
problem is rewritten as follows:

2)

fit
= Cl + C2 + C3

> 3)
+ A% <PL - Z Pi>
i=1

In this problem, the value of 4 is considered
equal to 10. Now, for three different states that
have different total demand, the problem of
optimal operation of these three power plant
units must be solved. The simulation results of
this problem are given in

Table 6 indicates the performance of the
CBSA-GA on this problem. This table shows
the optimal values of the decision variables
and the constraint values corresponding to the
best solution obtained by CBSA-GA over 50
independent runs.

the optimal values of the decision variables
and the constraint values corresponding to the
best solution obtained by CBSA-GA over 50
independent runs.

Table 5. Result of economic dispatch problem with 100 dimensions (50 runs).

PL Algorithm Best

Worst Avg. Std.

240 GA 3328.6322

3357.1371

3339.1898 6.0167
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PSO 3324.6230 6123.6614 3915.5006 875.4737
CBSA 3324.6000 3324.6095 3324.6002 0.0014
CBSA-GA 3324.6000 3324.6000 3324.6000 4.6120e-09
GA 11238.0790 11248.2036 11234.5309 2.1792
1200 PSO 11233.6364 11233.6364 11233.6364 3.1506
CBSA 11233.6364 11233.8138 11233.6566 0.0352
CBSA-GA 11233.6364 11233.6364 11233.6364 2.6870e-07
GA 18249.1514 18282.3188 18258.2140 8.7673
2000 PSO 18249.0338 18322.2682 18258.1523 15.4142
CBSA 18249.0000 18249.0227 18249.0009 0.0033
CBSA-GA 18249.0000 18249.0000 18249.0000 6.3662¢-08
Table 6. The best solution obtained by CBSA for economic dispatch problem
PD P/ P2 P3 Fll
240 50 50 140 3324.6000
1200 172.7370 518.1654 509.0975 11233.6364
2000 380.0024 800 819.9976 18249.0000

As it is clear from the results, the solution of
the above problem using the CBSA-GA
method has less deviations. In other words, the
probability of converging the problem to a
near-optimal solution using the CBSA-GA
method is much higher than other methods.

The convergence curve of all expressed
optimization algorithms for finding the

economic dispatch of generator for different
load is shown in the Fig. 5 to Fig. 7. It can be
seen that the convergence rate of CBSA-GA is
good. As can be seen, the CBSA-GA has
undergone fewer iteration to reach its near-
global optimum. In other words, it converges
faster to the near-global optimum point.

Convergence Rate of PL=240
T T

14000 T

12000

2 10000 —

8000

Fitness Value

6000

4000

L
2000 | 1 | I I I |
0 100 200 300 400 500 600 700 800 200 1000
Iteration Number
Convergence Rate of PL=240
T T T T T T
CBSAGA
3324.6000000015 =1
2
=
: 3324.600000001 =1
5]
E
3324.6000000005 =
3324.6 - L ! .
5 10 15 20 25 30 35 40 45 50

Iteration Number

Fig. 5. Convergence rate of all optimization method for finding the best solution of economic dispatch problem for

P =240.
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x10* Convergence Rate of PL=1200
T T

1131

1.129 |-

Fitness Value
G !
e B
o L e
N ~ -3

1.125 =1
1124 = 3 =
=
1123 1 1 I I I
0 100 200 300 400 500 600 700 800 900 1000
Iteration Number
4 > 4 =
1123369 *10 ; . ; Fomergence Rate of PL 1‘200 ; :
CBSAGA
1.123368 j
E 1.123367
=
-
g 1.123366
E
= 1123365 - -
1.123364 — =
1123363 L 1 1 L 1 | 1 L
5 10 15 20 30 35 40 45 50

Iteration Number

Fig. 6. Convergence rate of all optimization method for finding the best solution of economic dispatch problem for

Pp =1200.

3.2.2. Optimal location and size of DG

The main problem in finding the optimal
size and location of DG units in the distribution
system depends on the performance of the
distribution network and the limitations of DG
performance. In addition to the optimal choice
of installation location, the desired amount of
DG units will also have a great impact on the
parameters of voltage, line current and even
network power losses. In this section some of
optimization method is presented for solving

optimal placement, and size of DG in
distribution network. The objective function of
proposed method in this paper for optimal
placement of DG is total active power system
losses. To show the efficiency of proposed
optimization algorithm for solving the problem
of optimal size, and location, of DG, IEEE 33
bus distribution systems have been used as
case study. This problem has been modelled as
a single objective optimization problem. The
objective is the system real power losses
minimization.
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< x10! ) Convergence Rate of PL=2000
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Fig. 7. Convergence rate of all optimization method for finding the best solution of economic dispatch problem for

Pp =2000.

Power losses occur at all levels of the power
system. Large amounts of losses occur in
distribution systems. Therefore, reducing
losses is a priority for distribution network
operators. There are various methods to reduce
power losses in distribution networks. One of
these methods is to determine the optimal size
and location of DGs in the distribution
network. In other words, with the expansion of
the use of DG at the distribution level on the
one hand and on the other hand the priority of
distribution network operators to reduce power
losses, determining the optimal size and
location of DG to reduce power losses is
essential. Therefore, the objective function of
DG placement and sizing is minimizing system
real power losses which are expressed as
follows:

fit = min(Ppyss) 4)
Where P, 4, 1s the total active power system
losses and expressed as follow:

PLoss N
ine . P 2
_ el Z vi-v|
= Krea Zl
1=1 (5)
* Rl

Where in equation (5), V}' is the voltage of

line / and bus i, Vlj is the voltage of line / and
bus j, Z; is the impedance of line /, and R; is
the resistance of line /.

Proper operating conditions of the network
are achieved when initially the governing
constraints of network are satisfied and then
the objective functions will be optimized.
Constraints of the DG placement and sizing
such as bus magnitude of bus voltage, line
current for each line of the system, DG
capacity, DG power factor are as follows:

Vimin < VL < Vimax (6)
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Where V™" and V/*** are the minimum

and maximum voltages at each bus,
respectively.
I, < [max (7)

Where [, is the line current of the /th line
and [["** is the maximum capacity of the /th
line of the distribution network.

Pmin <Pp
<Dg) e DG (8)
= Fpg .
where Ppg™ and Ppg* are the minimum and
maximum power output limits of the DG.

19 20 21 22

56 7.8 9 10 11

The IEEE 33 bus distribution systems is
considered as case study to demonstrate the
performance of CBSA-GA algorithm in
finding the optimal location, and size of the
DG. The IEEE 33 bus distribution system has
a nominal active and reactive load of 3.715
MW, and 2.3 MVAr. Also, the power losses of
this network are 210.99 kW and 143.13 kVAr
[31]. Fig. 8 shows the IEEE 33 bus distribution
system.

------------------------

{12 13 14 15 16 17 18

- B
= | Nomally close switches
----- Tie-lines

Fig. 8. One-line diagram of the IEEE 33-bus distribution system

The results of the simulation by considering
three DG are presented in Table 7. In this case,
the total power loss is reduced to 71.50 kW,
which is the lowest one compared to other
mentioned method in this table. Also, the
percentage of reduction of power loss is
66.11%, which is the highest reduction
percentage among the methods presented in
this table.

Table 7. Comparison of results for IEEE 33-bus
system with three DG units

Aleorithm Best Worst Avg. Std.
g MW) (MW) (MW) (MW)
GA 0.0726 0.1072 0.0869  0.0067

PSO 0.0720  0.0847 0.0742  0.0035
CBSA 0.0728 0.0785 0.0733  0.0016
CBSA- 7.5664e-

GA 0.0715 0.0768 0.0716 04

The convergence curve of all expressed
optimization algorithms for optimal location
and size of DG problem is shown in the Fig. 9.
It can be seen that the convergence rate of
CBSA-GA is good. As can be seen, the CBSA-
GA has undergone fewer iteration to reach its
near-global optimum. In other words, it
converges faster to the near-global optimum
point.
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Fig. 9: Convergence rate of all optimization method for finding the best solution of optimal location and size of DG

problem
As can be seen, with the installation of DG, results are for when three DG are installed in
power loss has been significantly reduced. The the distribution network are presented in
Table 8. In this case when DGs at unit PF is their optimal location and size with CBSA-GA
installed in the network power loss decreased the network is in a very good condition. power
by 66.11%. Therefore, it can be concluded that loss have been significantly reduced.

by installing three DG units and determining
Table 8. IEEE 33 bus distribution system results

Algotithm Number of Location Size Power Total DG Size Fit Fit improvement
DG (kW) factor kW) MW) (%)
14 0.754 1
CBSA-GA Three DG 24 1.0994 1 2.9248 71.5 66.1121
30 1.0714 1
13 0.802 1
SFS [32] Three DG 24 1.091 1 2.947 72.79 65.50
30 1.054 1
6 0.632 1
SA [33] Three DG 18 0.487 1 2.4677 82.03 61.12
30 0.550 1

KHA [34] Three DG 13 0.8107 1 2.4885 75.412 64.26
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25 0.8368
30 0.8410
12 0.8808
QOTLBO DG 24 1.0592

[35]
29 1.0714
32 1.2000

GA-PSO

Three DG 16 0.8630

[36]
1 0.9250

3.0114 74.101 64.88

2.9880 103.40 50.99

4. Conclusion

In this paper, we have developed an
efficient hybrid technique called CBSA-GA,
which demonstrates its effectiveness in finding
optimal solutions for engineering optimization
problems. The algorithm has been thoroughly
evaluated through implementations on 13
benchmark functions and two real engineering
problems in the field of power engineering.
These problem instances encompass both
constrained and unconstrained optimization
scenarios. The results obtained from the
proposed CBSA-GA algorithm showcase its
superiority over other well-known
optimization methods such as GA, PSO, and
CBSA. Across the 13 benchmark functions,
the CBSA-GA algorithm has consistently
achieved excellent performance, converging to
the absolute optimal value in three of the
functions. Even in the remaining functions, the
algorithm has delivered highly competitive
results, approaching the optimal solutions
closely.

A notable advantage of the CBSA-GA
algorithm is its resilience to dimensionality.
Increasing the dimensions of the optimization
problem did not have a detrimental effect on
the algorithm's performance. This robustness
is a crucial attribute, as real-world engineering
problems often involve complex high-
dimensional search spaces. The CBSA-GA
algorithm's ability to maintain its efficiency
and accuracy across different problem

dimensions further strengthens its applicability
in practical engineering scenarios. Considering
the comprehensive evaluation and
comparisons performed in this study, it is
evident that the presented CBSA-GA
algorithm exhibits commendable performance
in solving both constrained and unconstrained
optimization problems in the field of
engineering. Its  superior performance,
especially when compared to other established
optimization  techniques, highlights its
potential as an effective tool for tackling a
wide range of engineering optimization
challenges.

Future research directions could explore the
application of the CBSA-GA algorithm to
additional engineering domains and the
investigation of its performance on larger-
scale optimization problems. Moreover,
incorporating problem-specific features and
constraints into the algorithm could further
enhance its capabilities in addressing real-
world engineering optimization tasks. Overall,
the CBSA-GA algorithm presents a promising
approach that contributes to the advancement
of optimization methodologies in engineering
applications.
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