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Abstract

One method aimed at enhancing the performance of meta-heuristic optimization techniques is the incorporation of chaotic
systems. Instead of irregular distributions in the search space, chaotic distributions are employed in the initial population of
optimization algorithms to improve the efficiency of the search process. This approach enables search agents distributed in
a chaotic manner to effectively explore the search space. The initial populations of both the well-established PSO algorithm
and the enhanced WSO algorithm, which incorporates advanced search techniques, are distributed in the search space
according to the characteristics of Logistic, Chebyshev, Circle, Sine, and Piecewise chaotic maps in this study. The original
PSO and WSO algorithms, as well as the resulting chaotically initialized PSO and chaotically initialized WSO algorithms,
were tested using 23 benchmark functions. Subsequently, the Otsu method was integrated into the tested optimization
algorithms to obtain multi-level thresholding values. These algorithms were applied to five different test images with a
manually determined number of thresholds. The results obtained were presented in the study and evaluated using statistical
tests.

Keywords Meta-heuristic optimization - Otsu’s method - Multi-level thresholding - Chaos - Non-parametric statistical tests

1 Introduction

Meta-heuristic optimization algorithms are commonly
preferred methods in various application areas. This
method provides diversity in the literature with its original
results both in obtaining alternative outcomes and in
parameter estimation. Optimization algorithms are
designed to create an order within the irregularity of the
defined problem to reach the best possible outcome. The
most common problem encountered in this process is the
algorithm failing to reach the best result by falling into
repetition. Many methods have been developed to improve
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the performance of optimization algorithms. Chaotic sys-
tems are also one of the methods used to enhance the
performance of algorithms.

Chaotic systems, besides being unpredictable, generate
different outcomes without repeating within a certain
range. The diversity of outcomes in chaotic systems is
utilized in optimization algorithms to subject the search
space of a problem to a more effective search process. It is
expected that this situation will enhance the performance of
the algorithm. There are many studies where chaotic sys-
tems are used together with meta-heuristic optimization
algorithms.

Ozbay’s work in 2023 [1] was desired to enhance the
convergence speed of the sea horse optimization algorithm
and prevent it from getting trapped in local optima by using
chaotic values instead of random values. The results
obtained indicate a successful performance compared to
other algorithms in the literature. Sharma and Singh [2]
applied six different chaotic maps to the Pelican opti-
mization algorithm to enhance its performance. The pro-
posed methods were utilized to solve a two-objective
occupational stress diagnosis problem using the SWELL-
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KW dataset. Additionally, the performance of the algo-
rithms was evaluated using the MCD matrix, and the
results were presented within the study. Peng et al. [3]
proposed a chaotic adaptive butterfly optimization algo-
rithm (CABOA) by utilizing the Kent map to enhance the
performance of the butterfly optimization algorithm. The
Kent map was used to increase the diversity of the initial
population. In addition, to improve performance, adaptive
switch probability, weight coefficient, and Cauchy varia-
tion were adapted to the algorithm. The proposed CABOA
was tested with 12 benchmark functions, and the results
were presented within the study. Onay and Aydemir [4]
introduced the chaotic hunger games search optimization
algorithm by employing the top 10 preferred chaotic maps
in their study. The study suggests that adding chaotic maps
enhances the exploratory capabilities of the proposed
algorithm and demonstrates high performance in global
optimization problems. It is noted that the method proposed
by Onay and Aydemir is more effective compared to
similar methods in the literature and achieves successful
results in various engineering applications. Kumar et al. [5]
proposed the chaotic marine predators algorithm utilizing
10 chaotic maps. The proposed algorithm was analyzed
with CEC2020 Benchmark test functions and statistically
compared with results obtained from other algorithms. As a
result, it was emphasized that the proposed CMPA is more
effective compared to similar methods in the literature and
can be successfully employed in various engineering
applications.

Fathy et al. [6] proposed a chaotic-based bonobo opti-
mizer to determine the unknown variables of a proton
exchange membrane fuel cell model. The parameters of the
optimizer were adjusted using a 2D Henon map and a 1D
logistic map. The results obtained were evaluated through
various statistical and non-parametric tests. Liang et al. [7]
presented a new model for water flow prediction using a
multilayer perceptron (MLP) neural network. The PSO,
GA, GWO, CGWO, advanced GWO, and adaptive CGWO
methods were employed to determine the optimal number
of neurons in the MLP network. Results were analyzed
with various parameters, indicating that the adaptive
CGWO algorithm achieved more efficient results. Hao and
Sobhani [8] conducted the application of the developed
chaotic gray wolf optimization (CGWO) algorithm for
parameter estimation of solid oxide fuel cell models. The
results obtained from tests conducted under different con-
ditions indicate that the proposed CGWO algorithm out-
performs the compared algorithms. In the study by El-
Hageen et al. [9], the chaotic zebra optimization algorithm
was used to select optimal cluster heads for solving prob-
lems in wireless sensor networks. The study highlights the
success of the proposed algorithm by comparing its results
with those obtained from seven different meta-heuristic
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optimization algorithms. Pourmousa et al. [10] proposed a
Lozi map-based chaotic optimization algorithm developed
to estimate the parameters of solar cell panels. Experiments
conducted demonstrated the algorithm’s capability to pro-
vide accurate parameter estimation for various solar cell
panels. The proposed algorithm was employed to model the
I-V curve of solar cell panels with high accuracy. In the
2024 study by Mitra et al. [11], chaotic embedded particle
swarm optimization was used to achieve high efficiency in
proton exchange membrane fuel cells (PEMFCs).
A PEMFC simulation model was created to estimate the
values of parameter coefficients. The accuracy of the
optimized values was compared with the data obtained
from the simulation model. The superiority of the proposed
algorithm was demonstrated by comparing its performance
with different optimization algorithms. Wang et al. [12]
studied an adaptive chaotic gray wolf optimization algo-
rithm (ACGWOA) to simulate and optimize the dynamic
behavior of solid oxide fuel cells (SOFCs). The proposed
ACGWOA optimizes the key parameters of the model to
maximize the production of SOFCs. The aforementioned
method in the study demonstrates higher accuracy and
efficiency compared to traditional methods. Verma et al.
[13] aimed to improve the performance of the archimedes
optimization algorithm by utilizing chaotic maps. Versions
created with 10 chaotic maps were compared with each
other, and their performances were analyzed. The proposed
algorithm was used in regression test case selection, and
the results were presented in the study. From the results
obtained, it was observed that the performance of the
Singer Map-CAOA was better than other algorithms.
Feature selection involves extracting remarkable fea-
tures from images and using them in the learning process of
a system. It enables better generalization of the model and
reduces computational costs by decreasing data size.
Therefore, accurate feature selection can significantly
impact the performance of image classification systems.
Many studies have been conducted to improve system
performance by integrating meta-heuristic optimization
methods and their versions. Zaimoglu et al. proposed the
binary chaotic horse herd optimization algorithm for use in
feature selection problems [14]. Through applications, the
binary horse herd optimization algorithm, combined with
five different chaotic maps, demonstrated higher accuracy
rates in k-NN classification compared to other methods.
The results obtained particularly indicate that the
BCHOAFS-Piecewise and BCHOAFS-Singer methods
exhibit superior performance. Abdelrazek et al. [15] pro-
posed chaotic versions of the Dwarf Mongoose optimiza-
tion algorithm for feature selection using ten chaotic maps.
To analyze its performance, ten different UCI datasets were
used, and the results were compared with those obtained
from 11 different optimization algorithms. Additionally,
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the proposed method was analyzed using the CEC’2022
benchmark functions. In their 2024 study, Sharafaddini and
Mansouri [16] proposed a chaotic-based transient search
optimization using a logistic map for feature selection,
which plays a crucial role in data mining. Experimental
results obtained from 12 different UCI datasets showed that
the performance of the proposed algorithm improved sig-
nificantly. Agarwal et al. [17], proposed chaotic henry’s
gas solubility optimization using the logistic map. The
performance of the proposed method was demonstrated to
be superior by comparing it with seven different opti-
mization techniques. The proposed method was applied to
soil image classification. In 2021, Wu and Li [18] proposed
the chaotic whale optimization algorithm to eliminate
bounding boxes generated after object detection. This post-
processing step, defined as a combinatorial optimization
problem, was solved using a combination of the chaotic
whale optimization algorithm and non-maximum suppres-
sion methods. Zheng et al. [19] have worked on a multi-
stage method for diagnosing brain tumors. In one of the
stages of this method, which involves feature extraction
and classification, the aim was to enhance the efficiency of
the system using the chaotic arithmetic optimization
algorithm. The proposed method was tested on the Figshare
dataset and compared with six new techniques. Wang and
Chen [20] proposed a method using an enhanced whale
optimization algorithm for improving the performance of
support vector machines in medical diagnosis. This method
aimed to enhance the whale optimization algorithm by
combining chaotic and swarm-based strategies, enabling
simultaneous parameter optimization and feature selection
for SVM. Comparative applications with several known
medical diagnosis problems demonstrated the superiority
of the proposed method.

Image segmentation techniques are employed to differ-
entiate distinct regions or objects in an image by grouping
pixels with similar characteristics. Thresholding is a com-
mon technique used in segmentation, where pixels are
grouped based on different intensity or color levels in the
image. This process helps distinguish pixels that fall below
or above a specified threshold, thereby enhancing the
image’s clarity and creating segments. Multi-level image
thresholding involves selecting multiple threshold values to
segment the image in finer detail, allowing for more
accurate delineation of different regions [21]. A multi-
threshold image segmentation technique for skin cancer
was developed using boosting whale optimization. The
proposed optimization algorithm integrates levy operator
and chaotic random mutation strategy. 2D Kapur’s entropy
is utilized as the fitness function for the developed
LCWOA (Levy-based chaotic whale optimization algo-
rithm). The proposed multi-threshold image segmentation
model based on LCWOA was applied to medical images of

skin cancer, demonstrating high segmentation accuracy and
robustness. Ma and Yue [22] proposed a whale optimiza-
tion algorithm enhanced with reverse learning strategy,
adaptive weighting strategy, and horizontal and vertical
crossover strategies (RAV-WOA). The fitness function of
the developed RAV-WOA is adjusted according to Otsu’s
interclass variance method. The success of RAV-WOA
was observed in multi-level thresholding applications using
the image dataset employed in the study. Zhao et al. [23]
enhanced the ant colony optimization algorithm by incor-
porating a chaotic intensification strategy and random
spare/replacement strategy. They adjusted the fitness
function of the developed RCACO algorithm based on 2D
Kapur entropy and applied it in multi-threshold image
segmentation applications, as presented in their study. In
the study by Chakraborty and Mali [24], Bernoulli, Tent,
Quadratic, and Logistic maps were adapted to the cuckoo
search optimization algorithm, modified with Lévy flight,
and used for biomedical image thresholding. The perfor-
mance of the proposed method was compared with dif-
ferent optimization algorithms. The application, conducted
on 10 images, and the results were presented in the study,
examining the superiority of CMCSO. Olmez et al. [25]
proposed a multi-level thresholding method using the
Golden Sinus Algorithm II (GSA II) algorithm and Renyi’s
entropy. The proposed method was found to perform better
on noisy and low-contrast images. In the study, the per-
formance of the GSA II algorithm was tested with 12
different image quality measurement indices.

The presented study consists of two stages. In the first
stage, the performance of algorithm versions resulting from
the integration of Logistic, Chebyshev, Circle, Sine, and
Piecewise chaotic maps into PSO and WSO algorithms is
analyzed with 23 Benchmark functions. The analysis
results are examined, and the performance of the proposed
algorithms is explained. In the second stage, the algorithms
analyzed are arranged for use in multi-level image
thresholding applications. The algorithms, organized
according to the Otsu method, are tested on five selected
test images. The performance of the algorithms is analyzed
with Friedman and Wilcoxon statistical tests based on the
results obtained from the applications.

With this study, the PSO and WSO algorithms were
compared with their chaotic versions, serving as a guide for
studies in various fields where meta-heuristic optimization
algorithms are used. The algorithms whose performances
were evaluated in the study were applied in multi-level
thresholding, which is often needed as a preprocessing step
in image processing applications. In this way, an alterna-
tive preprocessing option has been provided for image
thresholding applications in many fields.

The main contributions of the study can be summarized
as follows:
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CHAOTIC MAPS
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MULTI-LEVEL THRESHOLDING
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METHODS

OPTIMIZAT
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Fig. 1 Diagram summarizing of the proposed approach

e PSO, a well-established algorithm, and WSO, one of
the current algorithms with assertive performance, were
compared with their chaotic versions.

e The performances of PSO and WSO algorithms were
observed based on Logistic, Chebyshev, Circle, Sine,
and Piecewise chaotic maps as a result of the tests
performed with 23 benchmark functions.

e Multi-level image thresholding applications were per-
formed on five test images with chaotically initialized
optimization algorithms, the threshold number of which
was determined by the user.

e The results of multi-level image thresholding applica-
tions performed with 12 versions of optimization
algorithms were presented and statistically tested.

Multi-level image thresholding enhances image quality
by making images more understandable, clear, and ana-
lyzable. This technique, used in various fields such as
medical imaging, satellite photographs, and industrial
applications, influences image quality by facilitating seg-
mentation, feature extraction, visual enhancement, and
more. Through its effects on images, it increases the effi-
ciency of the images in their respective fields, leading to
more precise results. In the medical field, it helps clarify
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WILCOXON AND
FRIEDMAN
STATISTICAL TESTS

damaged tissue images; in industry, it highlights defects on
objects; and in satellite imagery, it aids in distinguishing
different types of terrain. These are just a few examples of
where multi-level image thresholding is applied.

2 Methodology

This section introduces the chaos, chaotic maps, and
chaotic-initialized meta-heuristic optimization methods
and analysis. The process performed in the study can be
expressed as Fig. 1.

2.1 Chaos and chaotic maps

Chaos is a theory that describes systems that are non-pe-
riodic, unpredictable, and lack specific patterns. One of the
most important characteristics of such systems, known as
ergodicity, allows the system to exhibit dynamic behavior
without repeating within a certain range. Chaotic systems
described by chaos theory are highly sensitive to initial
conditions due to their complexity and unpredictability.
Small differences in initial conditions of chaotic systems
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Table 1 Chaotic maps used in the study

Name Formula Scatter diagram
; Logistic Map
L e \“”“M““ il
il et il !
‘MM \M\HHH\‘H
M1  Logistic X, =px,(1-x,) £ P |
map - [l l ‘h ‘ \UH ‘\ \w\
(Il't:3'7) 03

02

0 50 100 150 200 zsu 300 350 400 450 500
eeeeee

M2 Chebyshev

Chaotic Value

- Ww' WW
M3 Circle X, =X, +b—(a/27)sin(27x,) mod(1) Z " ‘
map ° 03 ’
(a=0.5, b=0.2) ’

200 250 300 350 400 450 500
eeeee

0 50 100 150
Sinosoidal Map

i
e ¥ ﬂWMMM

0 50 100 150 200 250 300 350 400 450 500
lteration

Chaotic Value
5 o 5 5 I & B

Piecewise Map

x, /! p,

0<x,<p '

X _p 08
£ p<x,<05 "
0.5-p <00 N

M5  Piecewise Ya=11-p-x,) x) 05<x <1 %”

map 05-p PSP ‘
1-x . I
M) 1_p < )Cn <1 o ‘
p 0 50 100 150 200 250 300 350 400 450 500

Iteration

can lead to significant outcomes. There are many chaotic =~ unpredictable pseudo-random numbers. The chaotic maps
maps used to mathematically model chaotic systems.  used in this study are summarized in Table 1.
Chaotic maps can be used to  generate
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Table 2 Advantages and disadvantages of the chaotic maps used compared to each other

Map Advantages Disadvantages
Logistic Simple to understand and implement. Widely used in chaos theory and Can be sensitive to initial conditions. Not always
map dynamical systems easy to find the chaotic region
Chebyshev ~ More complex than the logistic map, but still relatively simple to understand. Can be more sensitive to initial conditions than
map Can be used to model a wider range of behaviors the logistic map
Circle map  Simple to understand and implement. Can be used to model a wide range of Not as widely used as the logistic map or
behaviors Chebyshev map
Sine map More complex than the circle map, but still relatively simple to understand.  Not as widely used as the logistic map or
Can be used to model a wider range of behaviors Chebyshev map
Piecewise  Flexible and can be used to model a wide range of behaviors Can be difficult to understand and analyze
map

Fig. 2 Analysis in search space

The characteristics of the five chaotic maps used in this
study can be summarized simply as in Table 2.

Generally, the Logistic Map is the simplest and most
commonly used among the five maps. The Chebyshev Map
and the Sine Map are more complex and can generate more
complex chaotic dynamics. The Circle Map is the most
complex of the five maps but is also the most versatile. The
Piecewise Map is also versatile but can be challenging to
adjust.

The best map for a specific application depends on the
particular requirements of that application. Ultimately,
since the mentioned maps possess chaotic structures, they
exhibit highly sensitive and unpredictable behavior toward
initial conditions. Thanks to their dynamic and non-repet-
itive properties, chaotic maps can be integrated into opti-
mization methods to enhance the performance of
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algorithms. In this study, it is aimed to perform the search
process more effectively with a regular random distribution
by affecting the initial populations of the meta-heuristic
optimization algorithms by the specified chaotic maps.

2.2 Chaotically initialized meta-heurictic
optimization methods

In general, meta-heuristic optimization methods aim to find
the best possible solution in the search space of a problem
by drawing inspiration from sources such as nature, basic
sciences, and behavioral sciences. Efficiently conducting
the search process in the problem space is crucial for
achieving the best result (global_best). Therefore, numer-
ous studies have been conducted to improve the
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Table 3 Benchmark functions used for performance analysis

Function Equation Parameter space
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Table 3 continued
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performance of optimization algorithms [26-30]. One of
these is the integration of chaotic maps into the algorithm.

The search process in optimization algorithms depends
on the updated position and movement information. The
goal is to reach the position of the best solution in the
problem space as quickly as possible. The general repre-
sentation of the search space is shown in Fig. 2 [31].
Chaotic maps have been used to avoid getting stuck at local
best solutions and to reach the global best solution without
repetition in the search space. By leveraging the ergodicity
property of chaotic systems, it is expected that the
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algorithm will efficiently explore the search space without
passing through the same position twice during the search
process.

In this study, particle swarm optimization (PSO) [32],
which has been examined in various applications for its
performance, and war strategy optimization (WSO) [33],
which stands out with its search techniques, have been
utilized. The mentioned five chaotic maps were applied one
by one to the initial population of both algorithms, and the
results were recorded for comparison.
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Table 4 Analysis of PSO algorithm with benchmark functions
CIPSO PSO
Ml M2 M3 M4 M5
F1 Min 5.66883E — 07 6.51118E — 07 6.49291E — 07 5.46E — 07 5.67443E — 07 6.39912E — 07
Max 8.91031E — 07 9.18204E — 07 9.63726E — 07 9.24475E — 07 9.69332E — 07 00.004387471
Mean 7.48873E — 07 7.74423E — 07 7.92782E — 07 7.15267E — 07 7.46802E — 07 00.000294034
Median  7.72752E — 07 7.79647E — 07 7.82413E — 07 6.99759E — 07 7.45363E — 07 1.40778E — 06
Std.D 8.46433E — 08 8.2802E — 08 7.21713E — 08 1.12739E — 07 8.84523E — 08 00.000959894
F2 Min 00.00315618 00.003118005 00.003444546 00.003175213 00.003395209 00.035750981
Max 00.004925994 00.004646339 00.004879508 00.004317952 00.004302227 0.487011076
Mean 00.003906852 00.003851072 00.003910839 00.003775432 00.003784735 0.192683628
Median  00.003880775 00.003789621 00.003867931 00.003849752 00.003744065 0.169779727
Std.D 00.000412633 00.000417265 00.000329253 00.00029294 00.000231822 0.110034775
F3 Min 1.7934E — 06 1.62227E — 06 1.29613E — 06 1.3164E — 06 1.3454E — 06 00.001319629
Max 4.18647E — 06 40.01247E — 06  3.53517E — 06 3.75305E — 06 4.49734E — 06 00.051640041
Mean 30.08718E — 06 2.5E — 06 2.51503E — 06 20.03362E — 06  2.6E — 06 00.014407188
Median  3.23749E — 06 2.306E — 06 2.50743E — 06 1.94909E — 06 2.32359E — 06 00.009583706
Std.D 7.34727E — 07 6.35496E — 07 5.19066E — 07 5.49786E — 07 8.55437E — 07 00.013310179
F4 Min 00.000296243 00.000311695 00.000263241 00.000264857 00.000302224 00.024777746
Max 00.000518163 00.000436638 00.000461984 00.000421138 00.000495731 0.108801178
Mean 00.00037383 00.000370805 00.00036453 00.000346316 00.000365075 00.054410233
Median ~ 00.000365841 00.000369469 00.000373758 00.000357172 00.000358746 00.049240406
Std.D 4.52006E — 05 3.61037E — 05 5.28542E — 05 3.53845E — 05 4.62514E — 05 00.019641888
F5 Min 00.000348962 25.45659884 25.14967654 25.269679 25.27336031 25.90136597
Max 26.19894264 26.62528965 26.26831016 26.41196496 26.42172367 28.86324152
Mean 21.98600033 25.96874539 25.83709351 25.86266082 25.9133976 27.53796587
Median  25.78688995 260.01423483 25.80351994 25.83734177 25.97448491 27.49557697
Std.D 9.237640998 0.318412242 0.293509314 0.30947607 0.264040287 0.614248804
F6 Min 5.87328E — 07 1.34284E — 06 7.44046E — 07 1.27007E — 06 5.14756E — 07 10.00198E — 06
Max 1.11171E — 06 00.007856172 00.00804672 00.013439959 1.88991E — 06 00.00114723
Mean 8.15667E — 07 00.000986565 00.00144107 00.00138561 8.95267E — 07 00.000238361
Median  8.23738E — 07 5.26549E — 05 00.000651607 00.000213832 8.42774E — 07 2.86679E — 06
Std.D 1.29168E — 07 00.001963747 00.001956823 00.003020593 291371E — 07 00.000378064
F7 Min 10.04272E — 05  5.2842E — 06 3.32488E — 05 1.84792E — 05 6.15271E — 06 00.037605184
Max 00.000467498 00.000513032 00.000277097 00.000303209 00.000472231 0.173999649
Mean 00.000141778 00.000127009 00.000110696 00.000106899 00.00011744 0.103249657
Median  7.33954E — 05 8.15498E — 05 00.000103319 9.68715E — 05 8.18082E — 05 00.0929929
Std.D 00.000122375 00.000130041 5.76819E — 05 6.70378E — 05 00.000120632 00.038297304
F8 Min — 118.3590486 — 118.3583068 — 118.3587637 — 118.3586524 — 118.3590486 — 118.3568031
Max — 118.3589328 — 118.290453 — 118.2553909 — 118.2643835 — 118.3581583 — 118.2209077
Mean — 118.3590397 — 118.3367234 — 118.3389442 — 118.3248801 — 118.3589536 — 118.3265216
Median — 118.3590485 — 118.3402149 — 118.3496639 — 118.3306983 — 118.3590481 — 118.3361695
Std.D 2.52935E — 05 00.018921271 00.024464738 00.027322794 00.000250664 00.035583411
F9 Min 00.000102042 00.000114441 00.000123449 00.000105838 00.000110967 00.000142278
Max 00.000168361 00.000188151 00.000176511 00.000180994 00.000170132 15.91962249
Mean 00.000149635 00.000145343 00.000148872 00.000145917 00.000148797 2.79649386
Median  00.000152135 00.000144709 00.000150787 00.000147551 00.000147877 00.000443185
Std.D 1.54594E — 05 1.84198E — 05 1.61257E — 05 1.75976E — 05 1.51372E — 05 5.207405986
F10  Min 00.000543128 00.000534724 00.000567983 00.000534115 00.000523329 00.00065084
Max 00.000711697 00.00068978 00.000714341 00.000673143 00.000702362 00.001722289
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Table 4 continued

CIPSO PSO
M1 M2 M3 M4 M5
Mean 00.000635543 00.000621507 00.000648613 00.000625844 00.000629328 00.000935113
Median  00.00062843 00.000620108 00.000662572 00.000627536 00.000636145 00.000890171
Std.D 4.48886E — 05 40.01705E — 05 3.80689E — 05 3.33558E — 05 4.66936E — 05 00.000245598
F11  Min 2.49321E — 08 2.97763E — 08 2.51913E — 08 2.50135E — 08 2.81201E — 08 70.08061E — 08
Max 60.05255E — 08 5.93807E — 08 5.51389E — 08 5.14563E — 08 5.24709E — 08 1.97645E — 05
Mean 40.03369E — 08 4.18518E — 08 40.09815E — 08 3.99754E — 08 3.9843E — 08 1.81704E — 06
Median  3.84833E — 08 4.17573E — 08 4.1958E — 08 4.11937E — 08 40.06411E — 08 20.06708E — 07
Std.D 8.83538E — 09 7.75132E — 09 7.5235E — 09 5.66746E — 09 6.49976E — 09 4.73051E — 06
F12  Min 6.8223E — 09 3.2332E — 07 80.05749E — 05 4.8955E — 06 5.44367E — 09 20.04406E — 07
Max 1.5675E — 08 00.000661116 00.000960143 00.002868959 10.07439E — 07 00.003476306
Mean 10.04295E — 08  00.000112399 00.000412731 00.000709223 1.55164E — 08 00.000393023
Median  10.02231E — 08  4.74045E — 05 00.000378379 00.000496192 10.04396E — 08 8.22012E — 05
Std.D 2.45499E — 09 00.000162397 00.000261173 00.000692921 2.12119E — 08 00.000784755
F13  Min 1.1985E — 07 00.000144064 1.6708E — 07 00.000260962 10.09538E — 07  4.66304E — 07
Max 1.85358E — 07 0.150314481 00.037975576 0.139889361 00.02149725 00.021027942
Mean 1.54249E — 07 00.024363223 00.011360759 00.058559248 00.005612355 00.005466471
Median  1.56609E — 07 00.01164974 00.010446885 00.062588287 3.6016E — 07 00.000141186
Std.D 20.08319E — 08  00.035781434 00.009151349 00.043597942 00.006585562 00.006370989
F14  Min 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581
Max 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581
Mean 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581
Median  12.67050581 12.67050581 12.67050581 12.67050581 12.67050581 12.67050581
Std.D 1.77705E — 13 1.28121E — 13 1.62916E — 13 1.56291E — 13 1.65925E — 13 1.52169E — 13
F15 Min 00.000307486 00.000307486 00.000307486 00.000307486 00.000307486 00.000307486
Max 00.000307486 00.000307487 00.000307486 00.000307487 00.000307486 00.000307487
Mean 00.000307486 00.000307486 00.000307486 00.000307486 00.000307486 00.000307486
Median  00.000307486 00.000307486 00.000307486 00.000307486 00.000307486 00.000307486
Std.D 1.15733E — 10 1.50511E — 10 10.04839E — 10 1.28481E — 10 8.68057E — 11 1.13932E — 10
F16 Min — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Max — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Mean — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Median — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Std.D 5.67945E — 11 7.72831E — 11 4.86513E — 11 7.61382E — 11 6.18755E — 11 6.6458E — 11
F17  Min 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Max 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Mean 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Median  0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Std.D 2.39843E — 11 1.98007E — 11 20.0758E — 11 3.32444E — 11 3.29344E — 11 1.74848E — 11
F18 Min 30.000000001 30.000000002 3 3 3 3
Max 300.00000002 840.00000007 30 840.00000004 30.000000007 30.000000014
Mean 23.25000001 59.70000002 4.350000004 67.80000001 30.000000002 30.000000004
Median 30 840.00000001 30.000000003 840.00000001 30.000000002 30.000000003
Std.D 11.69134295 37.11886314 5.884513573 324 1.59639E — 09 3.97715E — 09
F19 Min — 3.862782147 — 3.862782146 — 3.862782147 — 3.862782148 — 3.862782148 — 3.862782147
Max — 3.862782134 — 10.000816857 — 3.862782137 — 10.000816861 — 30.08976415 — 3.862782132
Mean — 3.862782142 — 2.861094293 — 3.862782143 — 3.433487352 — 3.47627315 — 3.862782143
Median — 3.862782144 — 3.862782138 — 3.862782145 — 3.862782143 — 3.476273151 — 3.862782145
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Table 4 continued
CIPSO PSO
M1 M2 M3 M4 M5
Std.D 3.71221E — 09 1.365070438 2.57955E — 09 10.021926011 0.386508994 40.0764E — 09
F20 Min — 3.321995075 — 3.321995129 — 3.203101987 — 3.321995112 — 3.321995136 — 3.321995098
Max — 3.321994825 — 3.321994793 — 3.203101759 — 3.321994695 — 3.321994822 — 3.203101825
Mean — 3.321994963 — 3.32199494 — 3.203101888 — 3.321994937 — 3.321994938 — 3.280382393
Median — 3.321994951 — 3.321994942 —3.203101917 — 3.32199492 — 3.321994929 — 3.321994885
Std.D 6.92163E — 08 8.42604E — 08 6.61395E — 08 10.01649E — 07 7.47975E — 08 00.056708356
F21  Min — 50.055197725 — 50.055197727 — 50.055197719 — 50.055197712 — 50.055197723 — 50.05519772
Max — 50.055197637 — 50.055197647 — 50.055197641 — 50.055197604 — 50.05519763 — 50.05519762
Mean — 50.055197693 — 50.055197692 — 50.05519769 — 50.055197678 — 50.055197691 — 50.055197679
Median — 50.055197704 — 50.05519769 — 50.055197694 — 50.055197683 — 50.055197695 — 50.055197683
Std.D 2.50861E — 08 1.92423E — 08 2.14655E — 08 2.75583E — 08 2.66332E — 08 2.64159E — 08
F22  Min — 50.08767181 — 50.087671819 — 50.087671815 — 50.087671821 — 50.087671815 — 50.08767182
Max — 50.087671754 — 50.087671735 — 50.087671693 — 50.087671739 — 50.087671724 — 50.087671733
Mean — 50.087671782 — 50.087671789 — 50.08767178 — 50.08767178 — 50.087671779 — 50.087671783
Median — 50.087671785 — 50.08767179 — 50.087671792 — 50.087671783 — 50.087671777 — 50.087671789
Std.D 1.84077E — 08 2.1984E — 08 2.96184E — 08 2.14036E — 08 2.75213E — 08 2.18701E — 08
F23 Min — 5.128480785 — 5.128480783 — 5.128480778 — 5.128480777 — 5.128480777 — 5.128480768
Max — 5.12848068 — 5.128480712 — 5.128480675 — 5.12848072 — 5.128480667 — 5.128480681
Mean — 5.128480747 — 5.128480742 — 5.128480747 — 5.128480748 — 5.128480742 — 5.128480741
Median — 5.128480752 — 5.128480739 — 5.128480754 — 5.128480751 — 5.128480745 — 5.128480746
Std.D 2.54835E — 08 2.19369E — 08 2.62723E — 08 1.61951E — 08 2.5972E — 08 2.231E — 08

The high-performance results among the analysis findings are highlighted in bold

Basic pseudo algorithm for PSO and WSO

While each search agent follows its own best strategy, the best
strategy within the entire population is also determined. This

Basic pseudo algorithm for PSO and WSO

situation affects both local and global search capabilities

Initial criteria:

The fixed parameters of each algorithm are determined according
to appropriate range values. The swarm of search agents is
randomly distributed in the search space. Each search agent
represents a strategy (position, speed, and status information)

Fitness function:

The fitness value of each search agent represents the level of
success of its strategy. Search agents have a strategy by updating
it according to the fitness function determined in each iteration

Movement and interaction:

Each search agent updates its own position to improve the

Evolution and adaptation:

Search agents improve their strategies over a specific iteration, and
the best strategies spread within the population over time. This
evolution is performed based on fitness values

Results and optimal strategy:

At the end of the algorithm, the best strategy and fitness values are
obtained. This strategy represents the most effective strategy in
the search space

In order to compare the chaotic-initialized versions of

algorithm’s performance. This update is achieved through the
interaction between the search agent’s own best position and the
best position of all search agents. Interactions among search
agents involve sharing information with each other to enhance
the algorithm’s performance. The strategy of the best search
agent (position, velocity, and state) is communicated to other
search agents, facilitating the evolution of the population

Local ve global best:

the PSO and WSO algorithms used in this study, they were
analyzed with benchmark functions. The benchmark
functions used in the dataset include functions from F1 to
F7, which are unimodal, functions from F8 to F13, which
are multimodal, and functions from F14 to F23, which have
fixed dimension multimodal characteristics

[34]. The

benchmark functions used for analysis are described in

Table 3.
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Table 5 Analysis of WSO algorithm with benchmark functions

CIWSO WSO
Ml M2 M3 M4 M5
F1 Min 40.0764E — 232 5.1596E — 229 3.4833E — 226 10.0846E — 229  8.6546E — 231 1.3774E — 224
Max 30.0284E — 212 1.4852E — 215 9.1397E — 211 3.4722E — 214 20.0544E — 211 2.9086E — 210
Mean 1.516E — 213 1.5367E — 216 6.7796E — 212 1.7395E — 215 10.0273E — 212 1.455E — 211
Median  1.5683E — 221 3.1551E — 222 10.0731E — 222 1.422E — 220 1.9402E — 221 8.2505E — 219
Std.D 0 0 0 0 0 0
F2 Min 2.2504E — 114 1.4781E — 113 3.8134E — 115 9.157E — 115 3.2204E — 119 7.3873E — 114
Max 1.6165E — 108 2.2265E — 105 6.6161E — 108 5.2261E — 107 2.7226E — 105 1.5893E — 103
Mean 1.358E — 109 1.9729E — 106 3.5032E — 109 2.9665E — 108 1.3614E — 106 7.9676E — 105
Median  2.1604E — 111 1.6933E — 109 10.0257E — 111 10.0649E — 109  50.0125E — 112 7.9595E — 110
Std.D 3.8017E — 109 5.2138E — 106 1.4391E — 108 1.1323E — 107 5.9337E — 106 3.4632E — 104
F3 Min 10.027E — 229 4.8378E — 226 8.8691E — 228 6.7241E — 227 10.0502E — 230 5.6855E — 225
Max 40.0859E — 216 2.9224E — 198 10.0786E — 197 3.1027E — 211 1.2051E — 209 6.2984E — 198
Mean 20.0508E — 217 1.4612E — 199 5.3932E — 199 2.9459E — 212 60.0254E — 211 3.1505E — 199
Median  1.3548E — 223 5.7096E — 217 50.0112E — 214 6.2187E — 217 70.0864E — 222 3.1563E — 216
Std.D 0 0 0 0 0 0
F4 Min 1.8821E — 121 4.8894E — 121 4.2612E — 119 5.5753E — 119 3.3598E — 119 2759E — 113
Max 8.5439E — 110 1.9293E — 107 1.1082E — 104 5.2246E — 108 7.5125E — 109 1.8007E — 103
Mean 4.4278E — 111 9.6608E — 109 5.5531E — 106 2.6347E — 109 3.8437E — 110 90.0131E — 105
Median  2.2466E — 114 2.6395E — 113 2.6521E — 114 6.7309E — 112 5.2868E — 114 3.7988E — 109
Std.D 1.859E — 110 4.2046E — 108 2.415E — 105 1.1382E — 108 1.6354E — 109 3.9243E — 104
F5 Min 4.30962E — 15 1.2212E — 05 4.19061E — 06 4.34147E — 06 20.01996E — 07 00.000275499
Max 0.699676702 0.114238546 0.152112482 0.397366808 3.707758215 1.249911447
Mean 00.069376845 00.021129772 00.023669712 00.051159626 0.401378283 0.101241525
Median ~ 00.008508288 00.003207379 00.002191589 00.005104333 00.019362468 00.01913427
Std.D 0.15294605 00.036034228 00.042574517 0.102555594 0.93543612 0.269480897
Fo6 Min 3.18731E — 14 2.52522E — 09 30.01697E — 07 1.34278E — 09 2.4559E — 10 4.16368E — 10
Max 0.407856403 0.543950147 0.541908775 0.300059331 10.061846794 0.255420187
Mean 00.063323295 00.051654131 00.032827744 00.034133567 00.056021712 00.012913438
Median  00.000539206 4.33237E — 05 9.28766E — 06 2.84367E — 05 1.73326E — 05 9.52856E — 06
Std.D 0.129177373 0.146577312 0.11889302 00.073748157 0.230958638 00.055636029
F7 Min 00.000164313 00.000106463 00.000255177 00.000113227 4.82461E — 05 60.06652E — 05
Max 00.012124106 00.008312843 00.008440998 00.009799871 00.009957682 00.004791767
Mean 00.003089463 00.003035882 00.001843321 00.002653965 00.00244261 00.00150637
Median  00.002148144 00.001747272 00.001206979 00.001635015 00.001461861 00.001278569
Std.D 00.002867741 00.002554511 00.00187563 00.002512838 00.002449317 00.001090604
F8 Min — 12569.48662 — 12569.48662 — 12569.48662 — 12569.48662 — 12569.48662 — 12569.48654
Max — 9016.32174 — 9016.33658 — 9016.33658 — 9016.33658 — 8308.163181 — 55200.00019
Mean — 121240.04413 — 12391.74298 — 12391.82912 — 12214.17161 — 115110.09745 — 10536.53385
Median — 12569.48662 — 12569.48662 — 12569.48662 — 12569.48662 — 12569.4538 — 11227.11384
Std.D 1067.172191 774.3713875 774.3910973 1065.945012 1670.667296 2174.978447
F9 Min 0 0 0 0 0 0
Max 0 105.7385921 102.9178096 28.85834323 33.71415577 213.8494664
Mean 0 11.83410877 5422121411 2.693431883 50.039546087 43.29174078
Median 0 0 0 0 0 0
Std.D 0 30.38450997 2239171167 8.103170044 9.718692917 770.04104543
F10  Min 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16
Max 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16

@ Springer



Neural Computing and Applications (2025) 37:8371-8396 8383
Table 5 continued
CIWSO WSO
Ml M2 M3 M4 M5
Mean 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16
Median  8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16 8.88178E — 16
Std.D 0 0 0 0 0 0
F1l Min 0 0 0 0 0 0
Max 0 0 0 00.012562917 0 0
Mean 0 0 0 00.000628146 0 0
Median 0 0 0 0 0 0
Std.D 0 0 0 00.002738024 0 0
F12 Min 4.59912E — 21 6.49812E — 10 3.39253E — 08 1.85714E — 09 9.34256E — 09 30.04007E — 10
Max 5.36135E — 10 00.003402797 00.012730822 00.013600949 00.003327145 00.00108806
Mean 2.68604E — 11 00.000268919 00.001323516 00.000995803 00.00032359 5.84629E — 05
Median  50.00553E — 18  5.63661E — 06 1.85194E — 06 2.1244E — 06 1.9217E — 05 1.37222E — 07
Std.D 1.16836E — 10 00.000737396 00.0030962 00.00306466 00.000740488 00.000236642
F13  Min 30.08315E — 20  2.33042E — 07 2.19031E — 07 3.66212E — 08 1.49994E — 07 4.31898E — 08
Max 10.08043E — 06  00.068742099 00.020623321 00.016573939 0.205444075 00.00626163
Mean 5.40974E — 08 00.009299225 00.001919038 00.002355905 00.013903871 00.000335358
Median  5.27573E — 17 00.000142851 4.1477E — 05 5.52511E — 06 6.58987E — 05 8.70384E — 06
Std.D 2.35457E — 07 00.019472719 00.004623638 00.004659683 00.045171275 00.001360037
Fl4 Min 0.998003838 0.998003838 0.998003838 0.998003838 0.998003838 0.998003838
Max 2.982105157 4.950491232 5.928845125 4.950491232 18.30432591 4.950491232
Mean 1.295925261 1.572161033 30.046274224 2.447052594 6.622416143 20.091332891
Median  0.998003838 0.998003838 1.114231903 1.495017369 1.499343523 0.998003838
Std.D 0.635387949 1.216410953 2.368288762 1.590223477 6.849700728 1.533771457
F15 Min 00.000430435 00.00038664 00.000308439 00.001223173 00.000308594 00.000307495
Max 00.014275615 00.048764136 00.008333703 00.002251949 00.007385851 00.016188033
Mean 00.012114204 00.009676751 00.002334279 00.001513549 00.001376617 00.002230567
Median  00.014275615 00.001252613 00.000339387 00.001488659 00.000347539 00.000593463
Std.D 00.004206409 00.014989594 00.003463795 00.000178984 00.002015841 00.00370465
F16 Min — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Max — 10.031628453 — 10.031628453 — 10.031628453 — 10.030445117 — 10.031628453 — 10.031628453
Mean — 10.031628453 — 10.031628453 — 10.031628453 — 10.031569285 — 10.031628453 — 10.031628453
Median — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453 — 10.031628453
Std.D 9.93014E — 17 8.57388E — 13 30.0889E — 12 00.000257902 3.4362E — 12 1.64673E — 16
F17 Min 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Max 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887369
Mean 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887359
Median ~ 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358 0.397887358
Std.D 0 0 0 0 0 2.73198E — 09
FI18 Min 3 3 3 3 3 3
Max 3 3 30 3 30 3
Mean 3 3 25.95 3 10.32662645 3
Median 3 3 30 3 3 3
Std.D 2.94241E - 15 3.58174E — 15 9.640928379 1.70809E — 11 11.62843524 3.40822E — 15
F19 Min — 3.862782148 — 3.862782148 — 3.862782148 — 3.862782148 — 30.089764163 — 3.862782148
Max — 3.752646806 — 30.089764163 — 3.842980391 — 30.089764163 — 30.089764163 — 3.427260291
Mean — 3.848752957 — 3.703851505 — 3.859452901 — 3.666142465 — 30.089764163 — 3.841006055
Median — 3.862782148 — 3.834115708 — 3.862782148 — 3.698185534 — 30.089764163 — 3.862782148
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Table 5 continued

CIWSO WSO
Ml M2 M3 M4 M5
Std.D 00.029774215 0.204565168 00.00640257 0.215617433 6.518E — 14 00.094919788
F20  Min — 1.392494452 — 1.413153668 — 3.199485338 — 1.851329214 — 1.345881175 — 3.32192867
Max — 1.371440438 — 1.187588468 — 1.317210401 — 1.57132205 — 1.296202566 — 2950129624
Mean — 1.372509123 — 1.295336135 — 2.283692828 — 1.628907351 — 1.299103865 — 3.239866675
Median — 1.371440438 — 1.286983625 — 2469011662 — 1.595706599 — 1.296202566 — 3.309056187
Std.D 00.004585477 00.056051041 0.709139461 00.079733547 00.010876264 0.10000863
F21 Min — 10.15319962 — 10.15319967 — 10.15319907 — 10.15319947 — 10.15319968 — 10.153199
Max — 8.722167218 — 10.14417798 — 10.13186851 — 7.444544525 — 10.15071778 — 4.47254251
Mean — 100.08147319 — 10.15175625 — 10.15167251 — 100.01735664 — 10.15300933 — 9.499481411
Median — 10.15319696 — 10.15290001 — 10.15319871 — 10.15317542 — 10.15319955 — 10.15202683
Std.D 0.31184669 00.002306169 00.004937224 0.590244124 00.000594346 1.620648089
F22  Min — 10.40286052 — 10.40293347 — 10.40293161 — 10.40294005 — 10.40287765 — 10.40294057
Max — 7.434051589 — 9.844780748 — 10.40181043 — 10.38296449 — 10.40281538 — 3.225483995
Mean — 10.19647935 — 10.37447591 — 10.40283002 — 10.4018193 — 10.40283899 — 9.7377819
Median — 10.40282274 — 10.40276906 — 10.40290169 — 10.40287824 — 10.40282677 — 10.40109548
Std.D 0.655472851 0.121524359 00.000252071 00.004330999 1.99317E — 05 1.985673166
F23  Min — 10.53637096 — 10.5363643 — 10.53640321 — 10.53640667 — 10.53634798 — 10.53635628
Max — 6.541855096 — 10.49738204 — 10.53602582 — 10.43898818 — 10.53506704 — 5.695274842
Mean — 9.862444452 — 10.53329394 — 10.53634936 — 10.53062104 — 10.53624039 — 9.65374286
Median — 10.53630097 — 10.53620288 — 10.53639408 — 10.53629065 — 10.53631053 — 10.50519937
Std.D 1.359014732 00.00860876 9.5098E — 05 00.021224809 00.000275773 1.461559608

The high-performance results among the analysis findings are highlighted in bold

The results obtained from 20 independent minimization
works performed with benchmark functions were averaged.
Table 4 contains the analysis results of the PSO algorithm,
and Table 5 contains the analysis results of the WSO
algorithm. The best values in the average results from the
study are marked in bold.

It can be clearly seen that M1 (Logistic Map) and M4
(Sine Map) exhibit better performance as detailed in
Table 4. According to the analysis conducted with 23
benchmark functions, M1-CIPSO (based on Logistic Map)
achieved a success rate of 47.83%, and M4-CIPSO (based
on Sine Map) achieved a success rate of 43.48%. In uni-
modal functions (F1-F7), Logistic Map (M1) demonstrated
success at a rate of 2 (approximately 28.57%), while Sine
Map (M4) achieved success at a rate of 5 out of 7 (ap-
proximately 71.43%).

For multimodal functions (F8-F13), Logistic Map (M1)
succeeded at a rate of 3 (approximately 50%), Chebyshev
Map (M2) at 2 (approximately 33.33%), and Piecewise
Map (M5) at 1 out of 6 (approximately 16.67%).

In fixed dimension multimodal functions (F14-F23),
Logistic Map (M1) succeeded at a rate of 6 (approximately

@ Springer

60%), Chebyshev Map (M2) at 5 (50%), Circle Map (M3)
at 5 (50%), Sine Map (M4) at 5 (50%), Piecewise (M5) at 5
(50%), and the original PSO algorithm at 4 out of 10
(40%).

Figure 3 provides convergence graphs for the PSO and
CIPSO algorithms, revealing that the chaotically enhanced
CIPSO algorithms generally converge more rapidly.

Table 5 indicates that M1 (Logistic Map) exhibits
superior performance comparing to the others. According
to the analysis conducted with 23 benchmark functions,
MI1-CIWSO (based on Logistic Map) achieved a success
rate of 52.17%. In unimodal functions (F1-F7), Logistic
Map (M1) succeeded at a rate of 3 out of 7 (approximately
42.86%), Chebyshev Map (M2) at 2 out of 7 (approxi-
mately 28.57%), and the original WSO algorithm also at 2
out of 7 (approximately 28.57%).

For multimodal functions (F8-F13), Logistic Map (M1)
achieved a success rate of 5 out of 6 (approximately
83.33%), Chebyshev Map (M2) succeeded at 2 out of 6
(approximately 33.33%), Circle Map (M3) at 3 out of 6
(approximately 50%), Sine Map (M4) at 1 out of 6
(16.67%), Piecewise Map (MS5S) at 2 out of 6
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Fig. 3 Convergence graphs of some analysis results performed with the PSO algorithm

(approximately 33.33%), and the original WSO algorithm
also succeeded at 2 out of 6 (approximately 33.33%).

In fixed dimension multimodal functions (F14-F23),
Logistic Map (M1) succeeded at a rate of 4 out of 10
(approximately 40%), Chebyshev Map (M2) at 3 out of 10
(approximately 30%), Circle Map (M3) at 4 out of 10
(approximately 40%), Sine Map (M4) at 3 out of 10 (30%),
Piecewise Map (M5) at 5 out of 10 (approximately 50%),
and the original WSO algorithm at 4 out of 10 (approxi-
mately 40%).

Figure 4 provides detailed convergence graphs for the
WSO and CIWSO algorithms, illustrating that chaotically
enhanced CIWSO algorithms generally converge more
rapidly.

The chaotic initialization of meta-heuristic optimization
algorithms allows the search agents to be distributed across
the search space with chaotic characteristics. Due to the
ergodic property of chaotic systems, they do not repeat
within a certain range. By utilizing this feature of chaotic
maps, the initial population of the meta-heuristic opti-
mization algorithm is distributed across the search space in
a non-repetitive manner. This ensures that the search space
is explored more effectively, with the expectation of
reaching the optimal solution in a shorter time. Adjusting
the algorithm’s initial population according to the charac-
teristics of the chaotic map increases the algorithm’s
complexity. Additionally, when examining the conver-
gence graphs obtained from the algorithms, it is generally

observed that chaotic-initialized optimization algorithms
converge faster. (See Figs. 3 and 4).

3 Thresholding in image processing

Thresholding in image processing is a technique that
divides the image into two or more classes based on the
intensity values of pixels. It is an effective method that can
be used in various fields such as object detection, image
segmentation, and recognition. In the thresholding method,
the pixel intensity values of a grayscale image are com-
pared with a threshold value. Pixels with intensity values
above the specified threshold value are set to white, while
pixels with intensity values below the threshold value are
set to black. In this section, multi-level image thresholding
and the Otsu method are introduced.

3.1 Multi-level thresholding and Otsu’s method

In images containing multiple segments or objects, multi-
level thresholding is used to perform object detection,
image segmentation, and recognition applications more
efficiently. By determining more than one threshold value,
objects and segments in the image are successfully distin-
guished. In addition, the best threshold value for an image
can vary depending on the image itself and the desired
outcome. Therefore, there is not a single best threshold
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Fig. 4 Convergence graphs of some analysis results performed with the WSO algorithm

value for an image. When determining the threshold values
for an image, the image histogram is utilized [35]. A his-
togram is a graphical representation of how often each tone
appears in the image. Figure 5 shows an image histogram.

In order to segment the image I with L = {0, 1, 2, ...,
L—1} gray level pixels of M x N size into K classes (Cy,
C,, Cs, ..., Cx), K—1 threshold values (T = (t1, 1o, t3, ...,
tx_1)) must be calculated. This situation can be expressed
as in Fig. 6.

08 r b

0.7 | 4

06 ]

05 b

04 r b

03r b

02r ]

0.1 b

0 i . ] . I
0 50 100 150 200 250 300

Fig. 5 Histogram graph
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If the gray level frequencies of an image are defined as
fos f1s s --» f1—1, the probability distribution (p;) of the ith
level is calculated by Eq. 1:

Ji .
=—(0<i<L-1 1
I 0zisL-1) (1)

The probability density for each class of the image
segmented into k classes is generally expressed by Egs. 2
and 3.

W = Zpi

icCg

Pi

(2)

Ik
wx(tk-1,1x) = Z Di

i=(tg—1+1)

(3)

The density average gray level values of the classes are
expressed by Egs. (4) and (5).

uk:Zi'Pi

(4)

i€Cg wk
et 1, 1) = tz _ b (5)
k\!K—1,'K) — Ct)k(tK ) tK)
i=(tg_1+1) -

The selection of the optimal threshold values using
Otsu’s method is achieved by either minimizing the intra-
class variance or maximizing the interclass variance of the
image [37]. Equation (6) is used when maximizing the
interclass variance. In multi-level thresholding, the number
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Table 6 Test images used in applications

Original image

Grayscale image

Image histogram

M1
About IM1_—512x512 pixels / Grayscale (8 bits/pixel — uints8) ﬂ; B

M2
About IM2 — 512x512 pixels / Grayscale (8 bits/pixel — uints8) M ST T

M3
12x512 pixels / Grayscale (8 bits/pixel — uints8) e

IM4

M5
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Table 7 1D and 3D histogram graphs of test images
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of thresholds is determined by the user, and more than one
thresholds that maximize the interclass variance for each
class are found. The selection of threshold values is
expressed by Eq. (7).

Opetween—class (

) =S o (e — ur)? (6)

-
ngls

@ Springer

[tl 02,03, tK—l] = ArgMaxagetween—class (t) (7)

Otsu’s method is a simple and fast method that is fre-
quently preferred in multi-level thresholding applications.
This method remains relatively insensitive to outliers in the
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Table 8 Convergence plots for test images of PSO and chaotic
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image, thus being less affected by distortions present in the
image.

4 Threshold determination using meta-
heuristic optimization methods

Otsu’s thresholding method is used to determine a thresh-
old value to segment two different object classes or the
background in a grayscale image. This method attempts to
find an optimal threshold value using the histogram of pixel

intensities in the image. The optimal threshold is the value
where the variance between classes is maximized or the
intraclass variance is minimized. Otsu’s multi-level
thresholding method is a thresholding technique used in
image processing applications. This method is particularly
effective for cases where different objects or features in the
image have different brightness or intensity levels. Otsu’s
multi-level thresholding method helps achieve better dis-
crimination and segmentation results, especially when used
in complex and multi-component images.
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Table 9 Convergence plots for test images of WSO and chaotic versions
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Optlmlzathn algorithms help find optimal thr.eShOId Basic pseudo algorithm for determining threshold using
values by using processes such as Otsu’s multi-level optimization
thresholding method. Multi-level threshold determination
using an optimization algorithm may include the following
steps:

Fixed parameters of each algorithm are determined

Search agents are randomly distributed in the search space. If the
optimization algorithm is initialized chaotically, search agents
are distributed in the search space according to the specified
chaotic map rule

Basic pseudo algorithm for determining threshold using

L Image preprocessing:
optimization ge prep g

The color image is converted to grayscale. In this way, a gray level
Initial criteria: image is obtained where each pixel has a single intensity value
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Table 12 Friedman test results for PSO/CIPSOs and WSO/CIWSOs

Friedman testi

PSO/CIPSOs WSO/CIWSOs

p value M1 T=3 0.000 0.000
T=4 0.000 0.000

T=5 0.000 0.000

T=6 0.000 0.000

M2 T=3 0.000 0.000
T=4 0.000 0.000

T=5 0.000 0.000

T=6 0.000 0.000

M3 T=3 0.000 0.000
T=4 0.000 0.000

T=5 0.000 0.000

T=6 0.000 0.000

M4 T=3 0.000 0.000
T=4 0.000 0.000

T=5 0.000 0.000

T=6 0.000 0.000

IM5 T=3 0.000 0.000
T=4 0.000 0.000

T=5 0.000 0.000

T=6 0.000 0.000

Basic pseudo algorithm for determining threshold using
optimization

A histogram of the grayscale image is created

The probability distribution (p;) of each gray level of the image is
calculated

The number of threshold values of the image is determined
Fitness function:

The fitness function of the algorithm is organized according to
Otsu’s Method

It is aimed to maximize the interclass variance with search agents,
each of which has a potential threshold value

Local and global best:

The search size is determined by manually determining the
number of image threshold values. In this way, threshold values
are searched according to the fitness function by using image
preprocessing data. Search agents update their strategies based
on the best values found in each iteration

Determining optimal threshold values and conclusion:

The stopping criterion of optimization algorithms is the number of
iterations

When the stopping criterion is met, the values that maximize the
interclass variance are determined as threshold values

Information about the images used in the study is given
in Table 6.

The minimum points in the histogram generally indicate
the class boundaries and correspond to the locations where
the intraclass variance is minimized. This signifies maxi-
mum discrimination between classes. Therefore, when
determining the threshold value from the image histogram,
the minimum points on the graph are assigned as the
threshold value. The 1D and 3D histogram graphs of the
test images used in the study are presented in Table 7. The
3D histograms in the table represent the search space in
optimization algorithms. The search agents in the opti-
mization algorithm are distributed in the search space to
aim for finding the optimal threshold values.

In the selection of the threshold value, the process of
classifying pixels in the image based on their intensities is
utilized. Through this process, threshold values are selected
by finding the values where the intraclass variance is
minimized or the interclass variance is maximized. Since
calculating the interclass variance requires fewer compu-
tations, maximizing the interclass variance is preferred in
practical applications. The fitness functions of the opti-
mization algorithms in this study aim to maximize the
interclass variance. There may be many regions in an
image where the between-class variance is maximized.
Allowing the user to determine the number of values where
the between-class variance is maximized enables the
evaluation of results at different threshold levels in test
images. In the study, the number of thresholds for the test
images was manually defined by the user. If the number of
threshold values were to be determined automatically by
the algorithm, the results would be interpreted based on a
single value determined by the algorithm. Table 8 presents
the convergence graphs of the PSO and CIPSO algorithms.
Table 9 displays the convergence graphs of the WSO and
CIWSO algorithms.

Wilcoxon and Friedman tests are non-parametric tests
used in statistical analysis. Non-parametric tests are used
when the data distribution is not at an equal ratio scale or
when the data do not follow a normal distribution. The
Friedman and Wilcoxon statistical tests assess the inde-
pendence and uniqueness of the procedures performed and
the results obtained in a study. If the p value in the sta-
tistical analysis of the data is less than 00.05, it is con-
cluded that there is a significant difference between the
datasets. This indicates that the tested data are independent
and unique. To increase the reliability and robustness of the
proposed approach, the procedures were repeated multiple
times, and the average of the obtained results was statis-
tically tested in the study.

The Wilcoxon signed-rank test is a representation of the
statistical differences between the means of paired groups.
If the obtained p value at the end of the test is less than
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Fig. 6 Segmentation of gray levels in the image into classes [36]

00.05, it is concluded that there is a significant difference
between the groups. Table 10 contains the results of the
Wilcoxon test for each test image using the PSO and
CIPSO algorithms. When the results obtained are exam-
ined, a conclusion of approximately 98% “there is a sig-
nificant difference” is reached for all compared cases.
Table 11 shows the Wilcoxon test results of WSO and
CIWSO algorithms for the test images. When the data in
the table is examined, it is concluded that there is a sig-
nificant difference in approximately 99% of all cases.
The Friedman test is used to determine whether there is
a statistically significant difference among at least three
related groups of data. If the test result yields a p value of
less than 00.05, it indicates a significant difference between
the groups. Table 12 presents the results of the Friedman
test for the (PSO-M1-CIPSO-M2-CIPSO-M3-CIPSO-M4-
CIPSO-M5-CIPSO) group and the (PWSO-M1-CIWSO-
M2-CIWSO-M3-CIWSO-M4-CIWSO-M5-CIWSO) group
at the specified threshold values for each image. Upon
examining the overall table, it is concluded that both
groups exhibit a “significant difference” with a 100% rate.

5 Conclusion

Considering that algorithms are leveraged for computa-
tional power in many fields, studies that improve and
compare the performance of meta-heuristic optimization
algorithms hold a significant place in the literature. In this
study, five chaotic maps were adapted to the PSO and WSO
algorithms, resulting in versions with different perfor-
mance levels. Based on the analysis results obtained using
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23 benchmark functions, the algorithms presented in the
study can be applied in various fields. The use of PSO and
WSO algorithms, along with their chaotic versions, in
multi-level image thresholding serves as a guide for their
application in other image processing projects.

There are many studies that focus on integrating chaotic
maps into optimization algorithms. In each of these studies,
the performance of the proposed chaos-supported opti-
mization algorithms has been evaluated, and their appli-
cations in different fields have been implemented. As a
result, while high-performance optimization algorithms are
achieved, there is also an aim to increase the efficiency of
the application areas. Although applications performed
with chaotic optimization algorithms have achieved a high
level of success in the studies conducted, the uniqueness of
the results obtained from the applications remains uncer-
tain. Furthermore, there is no indication in the study to
prove that the obtained results are not repetitions of one
another. In this study, the performance of the proposed
chaos-supported adaptive optimization algorithms has been
analyzed using benchmark functions. It has been demon-
strated through Wilcoxon and Friedman statistical tests that
the results obtained from the multi-level thresholding
application using the proposed optimization algorithms are
not repetitive and are unique. Thus, the study has proven
both the efficiency of the proposed algorithms and the
uniqueness of the application results.

In this study, a novel comparative approach for multi-
level thresholding process using adaptive algorithms has
been presented. The chaotic versions of the rooted algo-
rithm PSO and the algorithm WSO with enhanced search
techniques have been provided with chaotic maps of
Logistic, Chebyshev, Circle, Sine, and Piecewise. The
obtained 12 versions of algorithms have been tested with
benchmark functions, and their performances have been
compared. In the second stage, multi-level thresholding has
been performed for five test images using the proposed

wWso
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algorithms, and the results obtained from the algorithms
have been presented in the study. In the final stage, non-
parametric statistical tests have been used to emphasize the
originality of the algorithms.

In the general principle of optimization algorithms, the
initial population is randomly distributed across the search
space. In this case, the ability of search agents to reach the
global best solution depends on the algorithm’s search
techniques and the occurrence of a fortunate distribution. In
this study, the distribution of initial populations for PSO
and WSO algorithms has been ensured by the character-
istics of the five selected chaotic maps. The ergodic
property of chaotic maps enables the efficient exploration
of the search space. To observe the impact of chaotic maps
on the algorithms, PSO, WSO, and their chaotic versions
were tested with 23 benchmark functions. According to the
obtained results, the performance of the PSO algorithm
increases more with Logistic and Sine chaotic maps. It was
observed that the WSO algorithm performs better with the
Logistic chaotic map compared to others.

The fitness functions of the compared algorithms were
adjusted according to Otsu’s interclass variance to be used
in multi-level image thresholding applications. According
to this method, values where the interclass variance is
maximum are determined as threshold values. This process
ensures that the problem is formulated as a maximization
problem in optimization methods. In the study, multi-level
thresholding was performed for five test images using PSO-
CIPSO(s) and WSO-CIWSOC(s) algorithms. Figure 7 shows
the average convergence plots of IM3 in PSO and WSO
when T = 3. Considering the graphs, it can be seen that
chaotic versions of the algorithms perform better.

In future studies, other optimization algorithms and
chaotic maps can be used to diversify their combinations.
Chaos-based enhanced optimization methods can be
applied to other multi-level thresholding techniques in the
literature to improve their performance. Additionally, with
the developed optimization algorithms, multi-level thresh-
old values can be determined for medical images, satellite
images, and real-time images, to efficiently segment the
images.
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