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Abstract: Optimization problems are crucial for a wide range of engineering applications, as efficient solutions lead to better
performance. This study introduces an improved coati optimization algorithm (ICOA) that overcomes the primary limitations of
the original coati optimization algorithm (COA), notably its insufficient population diversity and propensity to become trapped
in local optima. To address these issues, the ICOA integrates three innovative strategies: Latin hypercube sampling (LHS), Lévy-
flight, and an adaptive local search. LHS is employed to ensure a diverse initial population, thereby laying a foundation for the
optimization. Lévy-flight is utilized to facilitate an efficient global search, enhancing the algorithm’s ability to explore the solution
space. The adaptive local search is designed to refine solutions, enabling more precise local exploration. Together, these strategies
significantly improve the population’s quality and diversity, thereby improving the algorithm’s convergence accuracy and
optimization capabilities. The performance of the ICOA is tested against several established algorithms, using 12 benchmark
functions. Additionally, the ICOA’s practicality and effectiveness are demonstrated through application to a real-world engineering
problem, specifically the design optimization of tension/compression springs. Simulation results show that the ICOA consistently
outperforms the other algorithms, providing robust solutions for a wide range of optimization problems.

Key words: Improved coati optimization algorithm (ICOA); Latin hypercube sampling (LHS); Lévy-flight; Adaptive local search;
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1 Introduction

Optimization problems hold significant impor-
tance in engineering and other applied areas of study
(Li et al., 2023; Ye et al., 2024). For example, in mili-
tary operation planning, optimization methods are used
to determine the ideal distribution of forces. This in-
volves considering factors such as terrain, enemy capa-
bilities, and strategic objectives to ensure maximum
combat efficiency while minimizing losses (Yang et al.,
2022; Shamami et al., 2024; Liu et al., 2025). Similarly,
in weapons development, optimization is employed to
enhance the performance of armaments. This might
include improving the range, accuracy, and lethality of
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missiles, or the firepower and mobility of armored ve-
hicles (Wade, 2019; Karimi et al., 2024; Zhao et al.,
2024). Furthermore, optimization is vital for surveil-
lance systems, where it is used to enhance the cover-
age, sensitivity, and data-processing speed of sensors,
thereby enabling early threat detection (Cui et al., 2022;
Sun et al., 2024; Wang CG et al., 2024).

Research on rapid solutions to these optimization
problems has grown in importance (Pestana Barros,
2004). Rapid optimization solutions are crucial for pro-
viding immediate and effective responses to dynamic
battlefield situations, thereby granting the military a
decisive advantage (Heise and Morse, 2000). These
solutions also facilitate efficient resource utilization
within the defense sector, promoting optimal alloca-
tion of limited funds across various defense projects
(Terziev and Nichev, 2017). However, as the size and
complexity of related problems increase, traditional de-
terministic optimization algorithms often fail to meet
practical requirements (Marti Sempere, 2023). Conse-
quently, heuristic algorithms have gained prominence
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and have been extensively developed over the past few
decades to address these challenges.

Swarm intelligence algorithms have garnered sig-
nificant attention among heuristic algorithms due to
their capacity to emulate the collective behavior ob-
served in natural organisms (Brezoc¢nik et al., 2018;
Hashim et al., 2021; Saeed et al., 2022; Sharma et al.,
2022; Agushaka et al., 2023). By simulating processes
in a manner similar to interactions and behaviors of
animals, insects, or other organisms, these algorithms
effectively navigate the search space to identify optimal
solutions. Notable examples of swarm intelligence al-
gorithms include particle swarm optimization (PSO)
(Kennedy and Eberhart, 1995; Wang et al., 2018), ant
lion optimization (ALO) (Mirjalili, 2015a; Ali et al.,
2017), grey wolf optimization (GWO) (Mirjalili et al.,
2014; Faris et al., 2018), and moth flame optimization
(MFO) (Mirjalili, 2015b; Sahoo and Saha, 2022). These
algorithms have consistently demonstrated strong per-
formance and adaptability in addressing a wide range
of complex optimization problems.

Despite the significant achievements of swarm
intelligence algorithms, ongoing research has revealed
several limitations inherent to these methods. These
limitations include a tendency to fall into local optima,
slow convergence speeds, and difficulty in parameter
adjustment (Bingul and Karahan, 2018; Liu et al.,
2022). Consequently, enhancing the performance and
effectiveness of swarm intelligence algorithms, either
through development of new algorithms or refinements
to existing ones, has become a prominent research area
in recent years (Song et al., 2019; Zhao et al., 2025).

By Liu et al. (2021, 2022) and Ma et al. (2023), a
simulated annealing algorithm was combined with adap-
tive PSO to effectively address the issue of the PSO
becoming trapped in local optima. This approach has
been successfully applied in engineering fields such as
multi-target allocation, multi-missile formation design,
and multi-missile cooperative detection. To address
route planning challenges for unmanned aerial vehicles,
Yao and Wang (2017) developed a dynamic adaptive
ant lion optimizer (DAALO). This approach replaces
the traditional random walk of ants with Lévy flight,
thereby enhancing the ALO’s ability to escape local
optima. Furthermore, DAALO incorporates a feed-
back mechanism based on the improvement rate of the
population, which dynamically adjusts the size of the
trap according to the 1/5 principle. This adjustment

significantly enhances the performance of the ALO, im-
proving its convergence accuracy, convergence speed,
and stability. In the context of agricultural drone tra-
jectory planning, Liu et al. (2023) introduced a multi-
strategy collaborative improvement GWO algorithm.
This algorithm enhances search accuracy by employ-
ing an evolutionary boundary constraint processing
mechanism. This mechanism updates the positions of
grey wolf individuals that exceed boundaries, thereby
preserving the positional information of the optimal
individual. Cui et al. (2020) developed an enhanced
MFO algorithm incorporating an adaptive Lévy flight
strategy to optimize the external parameters of vari-
able cycle engines. By evaluating the fitness variance
difference between consecutive generations of moths,
this algorithm effectively assesses the population ag-
gregation state, thereby improving the global search
capability.

The coati optimization algorithm (COA) is a novel
swarm intelligence optimization technique inspired by
the foraging behavior of South American coatis, known
for their complex group cooperation and highly so-
cial nature (Dehghani et al., 2023). This algorithm em-
ulates the coatis’ collaborative search for food by fa-
cilitating information sharing and cooperation among
individuals, enabling identification of optimal solu-
tions. The core principle of COA is to balance “ex-
ploration” and “utilization.” Exploration refers to ex-
tensively searching the solution space to uncover po-
tential solutions, while “utilization” refers to making
precise adjustments near known high-quality solutions
to enhance their accuracy. This dual approach enables
COA to tackle complex optimization challenges, in-
cluding function optimization, feature selection, and
scheduling.

In (Wang Y et al., 2024), COA was selected to op-
timize the control parameters of the load frequency
controller in power systems, utilizing four error inte-
gration criteria. Their simulation results showed how
the approach effectively achieves load frequency con-
trol by significantly reducing the maximum frequency
deviation and maintaining frequency stability. In (Le
et al., 2024), COA was employed to create adaptive
synthesis rules for low-frequency components in med-
ical image synthesis. This approach improves image
quality, brightness, and contrast while preserving es-
sential details like boundaries, edges, and the original
image structure. Li et al. (2024) approached the problem



of low detection accuracy in low-cost gas sensors af-
fected by external disturbances by introducing a modi-
fied raccoon gated recurrent unit neural network model
(COA-GRU), which notably enhances the sensors’ de-
tection accuracy.

Although COA has demonstrated advantages over
other typical swarm intelligence algorithms in solv-
ing optimization problems, it also faces two signifi-
cant limitations that restrict its effectiveness in prac-
tical scenarios (Hashim et al., 2023; Emam et al.,
2024).

(1) COA suffers from a lack of population diver-
sity. The random generation of the initial population
may result in insufficient diversity, which can impede
the algorithm’s capacity to effectively explore the so-
lution space. This limitation increases the likelihood of
premature convergence to suboptimal solutions, there-
by hindering the search for the optimal solution.

(2) COA is prone to becoming stuck in local op-
tima. Like many heuristic algorithms, COA may expe-
rience a slowdown in convergence speed and is sus-
ceptible to becoming trapped in local optima, particu-
larly when applied to high-dimensional problems. These
factors collectively constrain its breadth and effective-
ness in practical applications.

To address the aforementioned limitations of
COA, we integrate three strategies: Latin hypercube
sampling (LHS), Lévy-flight, and adaptive local search,
and accordingly propose an improved coati optimiza-
tion algorithm (ICOA). This multi-strategy approach
enhances the quality and diversity of the population,
thereby improving the algorithm’s convergence accu-
racy and optimization capabilities.

2 Overview and analysis of COA
2.1 Overview of COA

The COA, inspired by the hunting behavior of
coatis, is a swarm intelligence method developed to
solve optimization problems. It simulates two primary
behaviors observed in coatis: hunting and attacking
iguanas, and escaping from predators. By integrating
these behaviors, the algorithm addresses complex op-
timization challenges through three collaborative phases:
population initialization, exploration, and exploitation.
This section offers a detailed introduction to COA and
analyzes the mechanisms involved in each stage.
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2.1.1 Phase 1: initialization

The initialization phase primarily aims to ran-
domly generate an initial population within the opti-
mized space, serving as the starting point for the COA’s
search. This phase is crucial as it establishes the foun-
dation for the algorithm’s execution, thereby facili-
tating the subsequent exploration and development
phases. The main mathematical models are described
as follows:
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where X denotes a vector with the initial positions of
the coati population; N € N* denotes the population size
of coatis, m € N* is the number of dimensions in the
problem space; r €[0, 1] is a random variable; i and j
denote the number and dimension, respectively; F de-
notes the objective function vector of the coati popul-
ation position; /,; and u,; denote the lower and upper
bounds of the jth dimensional variable, respectively.

2.1.2 Phase 2: exploration

During this stage, a group of coatis climbs a tree
to encircle and intimidate the iguanas, while other co-
atis remain on the ground, ready to act. When an iguana
falls from the tree, the coatis on the ground promptly
pursue and attack it. This coordinated strategy exem-
plifies the coatis’ ability to navigate different locations
in their environment. Such behavior underscores the
algorithm’s global search and exploration capabilities,
which are crucial for problem solving.

Specially, the model for updating the coatis’ po-
sitions when climbing trees can be expressed as:
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where the superscript P1 denotes the physical quantity
during the exploration phase; X' is the position of the
coati during its movement; /, is the iguana’s position
in the search space; / is an integer randomly selected
from the set {1, 2}; [-] denotes the floor function.

When the iguana falls from the tree, the coatis’
position model under the tree is updated by
e x,+r- (Ig-Ix;), Fg<F,
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where the superscript G denotes the physical quantity
during ground exploration, and /, is the random posi-
tion of the iguana on the ground.

If the coati’s updated individual objective func-
tion value improves, its current position information is
updated; otherwise, it is left unchanged.
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2.1.3 Phase 3: exploitation

This stage highlights the interactions between the
coatis and their predators, focusing on the encounter
and the coatis’ subsequent escape actions. When a pred-
ator attacks, the coatis update their position within the
search space by fleeing in a safe direction. This be-
havior exemplifies the COA’s ability to formulate a
local search strategy. The relevant mathematical models
are described as follows:
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where the superscript P2 denotes the physical quantity

during the exploitation phase; the superscript “local” de-

notes the physical quantity corresponding to the local

search space; ¢ € N* is the current iteration count; 7 e N*

is the maximum iteration count; X,” refers to the posi-
tion of the ith coati during the exploitation phase.

If the updated coati has an improved objective
function value, the individual location information is
updated; otherwise, it remains unchanged.
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2.2 Limitations of COA

Despite its simple structure and ease of implemen-
tation, COA exhibits several limitations that impede
optimal performance.

(1) As shown in Egs. (1) and (2), the initial popu-
lation of COA lacks effective communication and in-
teraction among individuals. This absence of diversity
reduces the performance of the optimization algorithm.
The initially generated population is often random,
and this randomness can result in insufficient diversity
during the search for the optimal solution. Conse-
quently, this reduces the algorithm’s effectiveness in
exploring the solution space and increases the risk of
premature convergence to suboptimal solutions.

(2) COA frequently shows a tendency to con-
verge prematurely to local optima during the search for
optimal solutions. This premature convergence, often
stemming from prolonged random searching during the
exploration phase, introduces heightened randomness
and uncertainty. Additionally, COA may face challenges
such as an inadequate balance between exploration and
exploitation, sluggish convergence rates, and subop-
timal convergence accuracy. These limitations are par-
ticularly pronounced in high-dimensional, complex,
and nonlinear optimization problems, underscoring
the need for improvements to COA’s efficiency and
effectiveness.

Although COA demonstrates a commendable bal-
ance between global and local search, and is character-
ized by strong evolutionary capabilities, rapid search
speed, and robust optimization ability, it still requires
enhancements for practical applications. As the com-
plexity of optimization problems escalates (particularly
in high-dimensional, complex, or nonlinear contexts
and cases), the performance of COA may be impeded.
Consequently, refinements to COA are essential for
enhancing its efficiency and effectiveness in complex
optimization challenges, and to expand its scope of
potential applications.



3 Design of ICOA

Our proposed algorithm focuses on improving two
key aspects: enhancing population diversity, and over-
coming the tendency to become trapped in local optima.
To design ICOA, we employ three strategies: LHS,
Lévy flight, and adaptive local search.

3.1 LHS

LHS is a highly efficient multidimensional strat-
ified sampling method that is extensively employed in
uncertainty analysis and optimization. The primary
objective of LHS is to achieve a more uniform cover-
age of the entire parameter space, which in turn en-
hances the efficiency of analyzing and simulating com-
plex systems (Rajabi et al., 2015; Shields and Zhang,
2016; Zhang et al., 2020; Politis et al., 2021). In com-
parison to simple random sampling, LHS provides su-
perior coverage of the parameter space and requires
fewer samples.

Specifically, in the context of the population ini-
tialization stage in a swarm optimization algorithm,
using LHS can significantly enhance the uniformity and
diversity of the initial population’s distribution across
the search space, thereby establishing a solid founda-
tion for the ensuing optimization process. The main
process can be described as follows:

(1) Define the problem dimensions and sample
size. Consider a problem of dimension m, and deter-
mine the number of samples n, which denotes the size
of the population.

(2) Divide each dimension into strata. For each
dimension, divide the range from /,; to u,, into n equal-
probability intervals or strata.

(3) Generate random permutations. For each di-
mension, generate a random permutation of the inte-
gers from 1 to n.

(4) Sample within each stratum. For each dimen-
sion and sample index, calculate the sample value x;
within the jth stratum.

(5) Map the results to the actual range of the
bounds. After obtaining the samples x; using the LHS
method, the values are adjusted to ensure they remain
within the original bounds /,; and u,, for each dimen-
sion i.

Remark 1 The application of LHS in population ini-
tialization ensures a more uniform distribution across the
search space. This uniformity facilitates comprehensive
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exploration, thereby reducing the risk of overlooking
optimal regions. Additionally, LHS increases popul-
ation diversity, which helps to prevent premature con-
vergence to suboptimal solutions. Consequently, the
performance and effectiveness of the swarm optimiza-
tion algorithm are enhanced, leading to more reliable
results in complex optimization problems.

Next, we consider a population size of N=50 for
the optimization process. The optimization variable is
selected as X=[x,, x,], where the problem dimension
is m=2. The domains for the variables are defined as
x,€[0, 10] and x,[5, 15]. Fig. 1 presents a comparison
of the population initialization results with and with-
out LHS.
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Fig. 1 Results of the population initialization: (a) without
LHS:; (b) with LHS

It can be observed that the randomly initialized
population without LHS has a distribution that is more
random and less uniform. Although this approach does
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cover the entire space, the distribution of points is un-
even, resulting in some areas being overly represented
and others insufficiently sampled. In certain popula-
tions, this uneven distribution can lead to overlapping
phenomena. Such irregularities can also cause search
inefficiencies, as the algorithm may waste computa-
tional resources by exploring closely clustered regions.
Consequently, it might also overlook promising areas
due to the inherently random nature of the initialization.

Conversely, in the case of the population initial-
ized via LHS, the point distribution is more uniformly
scattered across the two-dimensional parameter space.
This uniform dispersion is a crucial advantage of LHS.
It implies that the sampling is more systematic and bal-
anced across different regions of the search space. Con-
sequently, it is more likely that a broader spectrum of
solutions will be explored during the initial stages of
the optimization process. This enhanced coverage can
prevent the algorithm from prematurely converging to
local optima, and augment the likelihood of finding the
global optimum (or a closer approximation).

In summary, this comparison showcases the su-
periority of LHS in providing a more diverse and evenly
distributed initial population. This characteristic is vi-
tal to the success of swarm optimization algorithms,
as it establishes a better foundation for efficient ex-
ploration and convergence towards optimal solutions.
It also highlights how employing appropriate sam-
pling techniques like LHS in the initial phase can en-
hance the performance and effectiveness of optimiza-
tion algorithms.

3.2 Lévy flight

In our proposed ICOA, the Lévy flight strategy
is employed to enhance the algorithm’s exploration
capabilities, particularly during Phase 2. Lévy flight is
a random walk process that significantly improves the
ability to explore distant regions of the search space.
Its application allows for a more thorough explora-
tion of the broader solution space (Emary et al., 2019;
Houssein et al., 2020; lacca et al., 2021; He et al., 2023).

Specifically, when a certain condition is met in
Phase 2 (a 50% probability of use), Lévy flight is uti-
lized to update the coatis’ positions. The mathemati-
cal model governing this update process is detailed as
follows.

First, the Lévy step size is calculated. Set f=1.5
a parameter for the Lévy flight, and compute o using:

(1 + f)sin (7ﬂ

(1"

where y denotes the gamma function, defined as:

: (10)

y(2)= [ e (1)

Then, generate random Gaussian numbers u and
v, matching the size of the position vector. The step size,

1
which we refer to as step, is determined by ¢=u/|v |
Consequently, the updated position from Lévy flight
is expressed as:

X =x,+c (1, —Ix). (12)
In summary, employing Lévy flight in the ICOA
offers benefits such as enhanced exploration, increased
diversity, and improved convergence, making the al-
gorithm more effective in solving complex optimiza-
tion problems.
Remark 2 The reason for implementing the Lévy
flight strategy with a 50% probability is to effectively
balance exploration (global search) and exploitation
(local search) abilities. Using Lévy flight exclusively
might overly focus on a specific local area, reducing
search diversity and flexibility. However, a 50% prob-
ability helps avoid local optima, maintains randomness,
and enhances search efficiency and adaptability, increas-
ing the likelihood of finding the global optimum.

3.3 Adaptive local search

In ICOA, the Phase 3 strategy is refined to en-
hance the exploitation phase, in particular improving
the predator escape process. A significant advancement
in this phase is the introduction of a dynamic scaling
factor. Traditionally, COA adopts a relatively fixed
method for updating positions during this phase. How-
ever, in ICOA, the updated position for each agent i
and dimension j is calculated using the following dy-
namic approach:

leJZ new :x,;j'i‘s' (1 _2},) . (léical.ncw +
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The scale factor s is a dynamic parameter that
changes with the iteration number . It is calculated by

§=0.1403- (1—;). (15)

This dynamic scaling factor allows the algorithm
to adaptively control the step size during the exploita-
tion phase. At early iterations (small ) the scale factor
is relatively large, enabling a more extensive search
around the current position. As the iterations increase
and ¢ approaches 7, the scale factor decreases, leading
to a more refined search around promising regions.
Remark 3 This adaptive adjustment helps to balance
exploration and exploitation throughout the optimiza-
tion process. It makes the algorithm more efficient in
finding better solutions by gradually focusing on the
most promising areas, while maintaining some level of
exploration to avoid getting stuck in local optima. Over-
all, this Phase 3 strategy provides a more intelligent and
effective way of exploiting the search space compared
to the simpler scheme in COA.

4 Simulations and analysis of results
4.1 Parameter settings

The simulation environment utilizes a 13th Gen-
eration Intel Core i15-13500H processor with 16 GB
RAM on a Windows 10 64-bit system. To evaluate the
effectiveness and superiority of the proposed ICOA,
we conducted comparative simulation experiments with
COA, PSO, ALO, GWO, and MFO algorithms. Un-
less otherwise specified, all subsequent simulations set
the population size to N=30 and the maximum number
of iterations to 7=500. The parameter settings for each
algorithm are detailed in Table 1.

4.2 Description of benchmark functions

This study employs 12 benchmark functions for
performance testing (Yao et al., 1999), as outlined in
Table S1 of the electronic supplementary materials
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Table 1 Parameter values for the compared algorithms

Algorithm Parameter Description
PSO Topology Fully connected
Cognitive constant, 2
CI
Social 2
constant, C,
Inertia weight Linearly decreasing from
0.9 to 0.6 (controling the
impact of prior velocity)
Maximum speed, v, 1
MFO  Control gain Linearly decreases from
-1 to =2 (controls moth
movement)
GWO  Control gain Decreasing from 2 to 0

(controling wolf
movement)

(ESM). The functions are categorized into two types:
unimodal benchmark functions F,—F, and multimodal
benchmark functions F—F,. The unimodal functions
are utilized to assess the algorithm’s development ca-
pability. In contrast, the multimodal functions contain
both a global optimal solution and multiple local opti-
mal solutions, thereby enabling evaluation of the algo-
rithm’s ability to perform global searches and escape
local optima. By employing these two types of test func-
tions, the optimization performance of the ICOA can
be validated comprehensively.

4.3 Analysis of simulation results

To ensure the reliability of the experimental re-
sults, six algorithms are independently executed 30
times for each benchmark function. The convergence
results and statistical results are presented in Figs. 2—
4 and Table 2, respectively. It can be observed that the
ICOA consistently achieved superior optimal conver-
gence values and stability compared to the other five
algorithms, for the majority of benchmark functions.

Specifically, for the unimodal benchmark func-
tions F,—F, and F,, ICOA successfully converges to
the theoretical value of 0 with the fewest iterations re-
quired. This outcome indicates that ICOA possesses
high convergence accuracy and convergence speed. Fur-
thermore, in the experiments involving multimodal
functions F—F,,, ICOA demonstrates excellent opti-
mization accuracy and robustness, with consistent con-
vergence to the theoretical optimal value observed in the
experiments on F, and F .



1204 |

J Zhejiang Univ-Sci A 2025 26(12):1197-1210

7 - v .
—e— ICOA —*— PSO —&— GWO 15
6 —&— COA —6— ALO —%— MFO -
5
o 4 o
x X
W 3 <
2 5
1
08 o0 1
0 100 200 300 400 500
t
(a)
15 100

3.0

25

Fs (x108)

140
120
100

80

o

60
40

20

0¢

—6— ICOA —*— PSO —&— GWO
—=— COA —¢— ALO —*— MFO

300 400

0

100 200 300 400 500

t
(©)

—6— ICOA —*— PSO —&— GWO 1
—&— COA —¢— ALO —— MFO

®
\ g

100 200 400 500

—6— ICOA —*— PSO —+— GWO
—&— COA —6— ALO —*— MFO

0 100 200 500 0 300 400 500
t t
(c) (d)
Fig. 2 Comparison of convergence results: (a) 7; (b) F; (¢) F; (d) F,
. . . 7 . . .
—6—ICOA —#— PSO —%— GWO —6— ICOA —#+— PSO —#— GWO
—=— COA —6— ALO —%— MFO 6 —=— COA —6— ALO —%— MFO
5
4
x
W 3
2
1
08 o—80—0— . .
100 200 300 400 500 0 100 200 300 400 500
t t
(a) (b)
T T T T 0 T T T T
—6— ICOA —#+— PSO —+— GWO —6— ICOA —#— PSO —#— GWO
—=— COA —6— ALO —%— MFO 1 -2 —=— COA —6— ALO —%— MFO
1 -4
| 5 % 0 ——
X
1 =
4 _10 L
-12+ N
=0 e -14

100 200 300 400 500

t
(d)

Fig. 3 Comparison of convergence results: (a) 7; (b) F; (¢) F; (d) F



J Zhejiang Univ-Sci A 2025 26(12):1197-1210 | 1205

500 25
—e— |[COA —— PSO —— GWO —e— ICOA —+— PSO —— GWO
06 —=— COA —6— ALO —»— MFO | - ~=— COA —¢— ALO —— MFO |
300 15
200 10
100 5
0 0
0 100 200 300 400 500
t t
(a) (b)
700 6
—e— ICOA —— PSO —s— GWO —e— ICOA —+— PSO —+— GWO
600 —=— COA —— ALO —— MFO A 5 —=— COA —— ALO —— MFO |
500
4
_ 400 <}
& x 3
= 300 o
s 2
200
100 1
0 0 &=—0——o—F
0 100 200 300 400 500
t t
(c) (d)
Fig. 4 Comparison of convergence results: (a) Z; (b) F; (¢) F,; (d) F,
Table 2 Statistics of the simulation results
Function Index ICOA COA PSO ALO GWO MFO
F Mean 0 0 6.4981x107 1.4891x107° 1.4849x107 3.3369%10°
Std 0 0 2.8153%10" 1.4953x107° 1.9991x10™ 6.0651x10°
F, Mean 0 5.0705x107% 7.4008%10™ 6.1835x10" 1.2026x107" 3.9691x10"
Std 0 0 2.1226x10™ 5.0512x10" 1.4013x107" 2.5103x10"
F, Mean 0 0 2.0881x10" 4.2635x10° 1.1973x10°° 2.2044x10*
Std 0 0 7.6665 1.9577x10° 2.8560x10°° 1.1525%10*
F, Mean 0 7.4457x107" 4.8538x10™ 1.7989x10" 8.5723x107 6.9062x10"
Std 0 0 3.2722x10™ 5.8175 7.6335x107 8.8306
F, Mean 1.6510x107° 0 6.7068x10" 3.7673x10° 2.7076x10' 1.0176x10*
Std 7.3731x10° 0 4.8673x10" 5.7860x10° 7.5212x10™ 2.7262x10*
Fy Mean 0 0 0 1.8300x10" 0 2.6917x10°
Std 0 0 0 5.9199 0 5.2005%10°
F, Mean 5.6370x107°  5.2599x10™* 3.3879x10™ 2.6864x10™" 1.8004x107° 3.5536
Std 4.9143x10°  4.0657x10™* 9.2339x107" 9.4353x107 9.1275x10™ 8.5897
Fy Mean -1.2569x10* -1.2569%10* -2.8463x10° -5.5112x10° -6.0958x10° -8.6010x10°
Std 1.0504x10"  3.3467x10™ 4.0004x10? 3.3503x10° 5.0699%10° 9.3781x10?
F, Mean 0 0 5.7428x10" 8.6729x10" 3.5644 1.4958x10°
Std 0 0 1.3964x10" 2.0242x10" 4.7493 2.7364x10'
Fo Mean 8.8818x107° 8.8818x107'° 2.4598x10™ 4.8471 1.0711x107" 1.6476x10"
Std 0 0 5.4681x107 3.0114 1.9151x10™ 6.2344
Fu Mean 0 0 3.4561x10" 6.9750%107 5.9996x107 2.5359%10"
Std 0 0 4.7060 3.2149x107 7.9950x107° 4.0276x10"
F, Mean 4.0754x107  1.5705x107* 1.5894 1.4556x10" 4.3799%x10" 8.5340%10°
Std 1.8967x10°  5.5674x10™* 1.2485 6.6168 2.1997x10* 4.6739x10’

Bold data in Table 2 represent the best results
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In summary, integrating LHS, Lévy flight, and
adaptive local search significantly improves COA per-
formance. These strategies collectively improve the ini-
tial population distribution, promoting a more diverse
search space. This diversity is crucial for effective cap-
turing of local optima, thereby preventing premature
convergence. Consequently, the algorithm’s conver-
gence accuracy is enhanced, allowing it to reach the
theoretical optimum with fewer iterations.

4.4 Wilcoxon rank sum test

To further investigate the differences between
ICOA and other swarm intelligence algorithms, a sta-
tistical analysis is performed. Specifically, the Wilcox-
on rank sum test is applied to the test set with a signif-
icance level of 5%. A P-value of less than 5% indicates
a significant difference between the two algorithms for
a given test function. Conversely, a result of NaN sig-
nifies that the optimization performance of the two al-
gorithms is equivalent (Hussien et al., 2020; Saheed
et al., 2023).

Table 3 presents the statistical results of the Wil-
coxon rank sum test P-values for ICOA and the al-
gorithms COA, PSO, ALO, GWO, and MFO, under
the condition of a 30-dimensional space and 30 inde-
pendent times. The symbols “+/-/NaN” are used to
summarize the simulation results in Table 2, represent-
ing “excellent/poor/equivalent” performance, respec-
tively. As indicated in Table 3, significant differences
exist between ICOA and the five aforementioned

algorithms. For all benchmark functions except F
(where the P-value for COA is 0.057738, slightly above
the 5% significance threshold), the P-values are below
0.05, confirming statistically significant differences in
performance. Additionally, ICOA achieves better per-
formance statistically in 11 out of 12 benchmark func-
tions compared to COA, and in all 12 benchmark func-
tions compared to PSO, ALO, GWO, and MFO. These
results demonstrate the consistent superiority of ICOA
across a wide range of benchmark functions.

5 Comparative analysis of engineering
applications

Tension/compression springs are employed in a
variety of engineering applications owing to their mul-
tifaceted functionality. A prime example can be seen in
the trigger systems of firearms. Here, compressional
springs store and release energy upon the shooter pull-
ing the trigger, thus controlling the trigger’s travel and
providing force feedback. The design of tension/com-
pression springs is a nonlinear optimization problem
marked by multiple design variables and complex prac-
tical constraints. This complexity poses significant chal-
lenges to swarm intelligence optimization algorithms,
and makes spring design a good test for evaluating the
optimization capabilities of such algorithms.

Based on Arora (2004), the tension/compression
spring design problem aims to minimize the weight of

Table 3 Wilcoxon rank sum test P-values for different algorithms

Wilcoxon rank sum test P-value

Function

COA PSO ALO GWO MFO
F 2.6979x107"% 3.7554x107% 1.5556x10" 5.5692x107"* 1.9687x107"*
F, 5.9203x107'% 5.7613x107% 2.1249x107"* 5.8009x107"* 4.9618x107%
F, 3.5954x107"% 3.9923x107* 2.2138x107"* 5.6454x107"% 3.5087x107'%
F, 5.8802x107'% 3.4613x107% 6.5667x107'% 4.9619x107'% 1.9836x107'*
F; 2.9549x107'% 2.0209%x107'* 3.2441x107 2.7635x107"! 7.8826x107'¢
Fy 5.7738%x107 6.9653x107"* 4.7857x107'% 3.9612x107" 1.8899x107'%
F, 1.6947x107' 5.6663x107 3.0597x107"" 2.5785x107% 1.1033x107'¢
F 1.8056x107* 1.1491x107 1.0505x107'* 1.9135%x107% 8.0966x107"
F, 7.4359%x107° 5.7986x107"% 1.6091x107"™ 5.4941x107"% 3.8068x107"%
Foo 1.0299x10™" 4.9955x107'% 1.1458x107'% 4.1970x107'% 1.9568x107'%
F 1.8977x107 3.1536x107% 1.5451x107"* 5.5266x10™" 1.7899x107"%
F 2.4572x107"7 2.0006x107'* 3.3082x107 3.2884x107" 1.1411x107%

+/-/NaN 11/1/0 12/0/0 12/0/0 12/0/0 12/0/0




the spring. As depicted in Fig. 5, this problem involves
three continuous variables: wire diameter (), average
coil diameter (D), and the number of active coils (P)
(Altay et al., 2024). The mathematical model is pre-
sented in the ESM.

[ d

Fig. 5 Tension/compression spring design

Consequently, this section focuses on assessing the
applicability and advantages of ICOA through testing
on the tension/compression spring design problem. To
reach the optimization goal, ICOA’s performance is
compared with seven other swarm intelligence algo-
rithms. Here, SCA means sinusoidal coordinate algo-
rithm, GSA means gravitational search algorithm, and
HHO means Harris hawks optimization.

It is important to note that the simulation results
for the other algorithms are derived from values re-
ported in existing literature. In contrast, the ICOA is
executed independently 30 times, with each execution
allowing a maximum of 1000 iterations to determine the
optimal result. The results of these simulations are pre-
sented in Fig. 6 and Table 4.

The simulation results demonstrate that ICOA ex-
hibits superior optimization performance on a tension/
compression spring design problem compared to seven
other swarm intelligence algorithms, thereby confirming
the effectiveness of the improvement strategies de-
scribed in this study.
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Fig. 6 Convergence process of ICOA applied to the tension/
compression spring design problem

6 Conclusions

This study introduces an ICOA that addresses the
limitation of the traditional COA, such as limited po-
pulation diversity and a tendency to become trapped in
local optima. The main conclusions are as follows.

(1) The integration of LHS, Lévy-flight distribu-
tion, and adaptive local search strategies significantly
enhanced both the quality and diversity of the popula-
tion, thereby improving the algorithm’s performance.
LHS offers a robust starting point for the search pro-
cess, ensuring a well-distributed initial population.
Meanwhile, Lévy-flight introduces an efficient ran-
dom walk mechanism that facilitates global explora-
tion. The adaptive local search strategy complements
both these strategies by fine-tuning solutions for better
exploitation. This synergistic combination leads to

Table 4 Optimization results for the tension/compression spring design problem

Algorithm Study d (m) D (m) P Optimal f{x)
ICOA This paper 5.1706x107 3.5713x10™ 1.1265%10' 1.2665x107
COA Dehghani et al. (2023) 5.1913x107 3.6212x10™ 1.0979%x10' 1.2666x107
PSO He and Wang (2007) 5.1728x107 3.5764x10™ 1.1245%10' 1.2675%10
SCA Braik (2021) 5.0780x107 3.3478x10" 1.2723x10' 1.2710x107°
GWO Mirjalili et al. (2014) 5.1690x107 3.5674x10" 1.1289x10' 1.2666x107
MFO Mirjalili (2015b) 5.1994x107 3.6411x10™" 1.0868x10' 1.2667x107
GSA Houssein et al. (2021) 5.3903x107 4.0698x10" 9.3675 1.3442x107
HHO Houssein et al. (2021) 5.1416x107 3.5018x10" 1.1683x10' 1.2667x107

Bold data in Table 4 represents the best result
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improved optimization ability and convergence accu-
racy for the algorithm.

(2) The proposed ICOA was tested using 12 bench-
mark functions, with its performance compared to tra-
ditional optimization algorithms including COA, PSO,
ALO, GWO, and MFO. Analysis of convergence, sta-
bility, and statistical significance was performed, as as-
sessed through the Wilcoxon rank sum test. The simu-
lation results showcased the superior optimization ca-
pabilities of the ICOA algorithm. Its improved balance
between exploration and exploitation enabled better
identification of global optima across complex fitness
landscapes.

(3) The practical applicability and efficacy of the
ICOA have been substantiated through successful ap-
plication on design optimization of tension/compression
springs. This real-world case study validates the theo-
retical advantages of ICOA, and underscores its poten-
tial to address complex engineering optimization chal-
lenges with enhanced efficiency and reliability.

Future research will aim to enhance the perfor-
mance of [COA by broadening its application to a wider
range of defense engineering optimization problems.
Furthermore, we will investigate the integration of ma-
chine learning techniques to predict and guide the search
process, with the goal of developing a more intelligent
and adaptive optimization framework.
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