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Abstract

In recent years, swarm intelligence metaheuristic algorithms have emerged as powerful tools for solving real-world engi-
neering optimization problems. However, their performance often degrades when applied to complex, high-dimensional
problems. To address this limitation, we propose an Adaptive Fuzzy Swarm-based Search Algorithm (AFSSA), which
incorporates a Fuzzy Dynamic Control Mechanism to dynamically adjust the optimization coefficients of swarm in-
telligence algorithms. AFSSA employs a Mamdani fuzzy inference system to enable smooth phase transitions during
optimization, ensuring adaptability to the problem’s unique characteristics. In this study, AFSSA is applied to en-
hance the acceleration coefficients of Particle Swarm Optimization (PSO) and Golden Search Optimization (GSO),
resulting in AFSSA-PSO and AFSSA-GSO. The performance of these modified algorithms is evaluated on 23 standard
benchmark functions (with dimensions of 30, 100, and 500) and the CEC2019 test suite, showing competitive results
compared to other well-known optimization methods. Additionally, AFSSA is tested on data clustering problems,
further demonstrating its versatility in handling complex real-world applications.

Keywords: Adaptive fuzzy, swarm intelligence, complex optimization problems, high-dimensional optimization prob-
lems.

1 Introduction

Metaheuristic algorithms, inspired by natural phenomena, are effective in solving complex optimization problems across
fields like engineering and data science [7, [8, [0, 10, [19]. Among them, swarm intelligence techniques such as PSO [5]
and ACO [4] has gained popularity due to its ability to explore solution spaces and perform global searches efficiently
[15]. However, their performance tends to decline in high-dimensional or complex problem spaces [24], mainly due to
difficulties in balancing exploration and exploitation [14].

In swarm-based algorithms, this balance is typically controlled by specific coefficients, which are often fixed or
randomly set. These static parameters may not adapt well to the dynamic nature of real-world optimization problems,
resulting in premature convergence or suboptimal solutions. Consequently, there has been growing interest in adaptive
strategies that dynamically adjust these parameters during the optimization process to enhance algorithm performance
[13].

Fuzzy logic-based methods, despite their relatively limited popularity in the data mining field, offer significant ad-
vantages due to their capacity for linguistic summarization and approximate reasoning. The ability of fuzzy systems
to model uncertainty and vagueness through human-readable linguistic rules enables better interpretability and dy-
namic adaptability. This capability supports nuanced control over optimization parameters by capturing the evolving
complexity of the search landscape in a way that conventional crisp methods cannot.
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To address these challenges, this paper proposes the Adaptive Fuzzy Swarm-based Search Algorithm (AFSSA),
which utilizes a Mamdani fuzzy inference system to intelligently and dynamically tune algorithm coefficients in real
time. AFSSA is integrated with both the well-established PSO and the more recent GSO algorithm [25], each of
which suffers from limitations due to non-adaptive parameters. By leveraging fuzzy linguistic summarization, AFSSA
facilitates smooth phase transitions and enhances convergence behavior, resulting in significantly improved performance
for complex and high-dimensional optimization problems.

Contributions

The main contributions of this work are:

1. A novel Fuzzy Dynamic Control Mechanism using Mamdani inference to adaptively adjust swarm optimization
parameters, enabling smooth phase transitions during search.

2. Development of AFSSA-PSO and AFSSA-GSO variants showing competitive performance on 23 benchmark func-
tions (up to 500D) and the CEC2019 test suite.

3. Successful application to data clustering problems, demonstrating the method’s versatility beyond numerical
optimization.

The paper is organized as follows: Section[2|reviews related works. Section[3|presents the proposed AFSSA algorithm,
which utilizes a Mamdani fuzzy inference system to dynamically adjust the optimization coefficients. Section [4] discusses
the results, and Section [5| concludes the paper by summarizing the key findings.

Table 1: Coefficients controlling exploration and exploitation in widely used swarm intelligence algorithms

Algorithm Coefficient Related to Exploration and Exploitation
Explorati C iti flicient
Particle Swarm Optimization (PSO) [5] e xploration (Cognitive coefficient)
co Exploitation (Social coefficient)
Exploitati Pk i t
Ant Colony Optimization (ACO)[] «a xploitation (Pheromone importance)
B Exploration (Distance or cost importance)
Artificial Bee Colony (ABC)[I5] ) Both (Balance between exploration and exploitation)
Gravitational Search Algorithm (GSA)[27] A Both (Adjusts intensity of gravitational force)
F Explorati Scaling fact
Differential Evolution (DE)[30] xploration (Scaling factor)
CR Exploitation (Crossover rate)
A Explorati Amplitud
Bat Algorithm (BA) [35] xploration (Amplitude)
r Exploitation (Rate of emission)
Explorati Egg-layi babilit,
Cuckoo Search Algorithm (CSA)[36] P xploration (Egg-laying probability)
L Exploitation (Levy flight factor)
HMCR Exploitati H M Considering Rat
Harmony Search Algorithm (HSA)[I2] xploitation (Harmony Memory Considering Rate)
PAR Exploration (Pitch Adjusting Rate)
. . Tlocal Exploitation (Local search factor)
Shuffled Frog Leaping Algorithm (SFLA)[II]
T'global Exploration (Global search factor)

2 Related works

Swarm intelligence algorithms, particularly Particle Swarm Optimization (PSO) and other metaheuristic methods,
have attracted substantial attention for solving complex real-world engineering problems. Despite their popularity,
traditional swarm algorithms often suffer from premature convergence, lack of adaptability, and difficulty in balancing
exploration and exploitation, especially in high-dimensional and nonlinear optimization landscapes. To address these
challenges, several studies have focused on integrating fuzzy logic with swarm intelligence to develop adaptive and
dynamic control mechanisms.

Early work by Shi and Eberhart introduced fuzzy systems to dynamically adjust PSO parameters, such as inertia
weight, aiming at improved convergence and avoidance of local optima [29]. Similarly, Aine et al. proposed an adaptive
evolutionary framework that dynamically tunes optimization parameters, enhancing the algorithm’s flexibility in diverse
problem landscapes [3]. Building on these foundations, Xu developed an adaptive PSO that modifies acceleration
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coefficients on-the-fly to prevent premature convergence and enhance global search capability [34]. Juang et al. further
extended this concept by proposing a fuzzy adaptive PSO (AFPSO), which significantly improved search efficiency and
accuracy in multimodal problems [I7].

Expanding these hybrid adaptive strategies, Taieb et al. presented a novel Adaptive Takagi—Sugeno fuzzy Model
Predictive Control is designed using a hybrid PSO-Cuckoo Search (PSOCS) algorithm [3I]. By combining the global
search ability of PSO with the Lévy flight and elimination mechanisms of Cuckoo Search, PSOCS adaptively optimizes
fuzzy controller parameters for nonlinear constrained systems, showing robust control performance and better stability
over standalone PSO or CS methods.

Further innovations include the use of neuro-fuzzy inference systems to improve accuracy and robustness in control
tasks. Wang et al. proposed a model-free Neuro-Fuzzy Q-Learning (EGQL) algorithm that integrates the strength of
adaptive neuro-fuzzy inference systems (ANFIS) with evolutionary search techniques, effectively overcoming gradient-
based limitations and achieving precise control in uncertain nonlinear systems [33].

In the field of high-dimensional optimization, Abiyev and Tunay introduced the Hypercube Optimization (HO)
algorithm, a stochastic search method that encapsulates solutions within a hypercube search space, optimizing it via
displacement and shrinking strategies [2]. Tunay and Abiyev further improved this algorithm (HOS+) by incorporating
random perturbations to prevent premature convergence and trapping in local minima, showing superior performance
on several benchmark functions with dimensions up to several thousand [32].

Fuzzy logic’s adaptivity has also been effectively combined with metaheuristic algorithms for fault-tolerant control in
nonlinear systems. Patel and Shah developed fuzzy logic-based harmonic search algorithms, employing interval type-2
fuzzy systems to dynamically adapt parameters and handle uncertainty, greatly enhancing fault-tolerant control perfor-
mance under actuator faults [26]. Similarly, Mahmoudi et al. hybridized neuro-fuzzy models with multiple metaheuristic
algorithms—such as the Firefly Algorithm (FA), Grey Wolf Optimization (GWO), and Bees Algorithm (BA)—for ac-
curate soil moisture content estimation, demonstrating improved predictive accuracy across different climatic zones
[20].

Energy management systems and renewable energy applications have also benefited from fuzzy-swarm hybrid ap-
proaches. Ibrahim et al. introduced a Fuzzy Logic-Based PSO (FLB-PSO) tailored for integrated energy management
considering battery degradation, showing faster convergence, cost savings, and enhanced robustness over classical PSO
[16). Moreover, hybrid fuzzy logic-proportional integral (FLC-PI) controllers optimized via metaheuristic algorithms
such as Grey Wolf Optimization and Harris Hawks Optimization, were successfully applied to enhance power quality
and voltage stability in high-penetration grid-connected photovoltaic systems [6].

Collectively, these advances underline the pivotal role of adaptive fuzzy mechanisms in enhancing swarm intelligence
optimizers across diverse application domains. By embedding fuzzy inference systems—particularly of the Mamdani
and Takagi—-Sugeno types—as dynamic control units, these hybrid approaches modulate algorithm parameters such as
acceleration coeflicients, inertia weights, population sizes, and mutation rates in response to evolving search conditions.
This phase-shift capability facilitates smooth transitions between exploration and exploitation stages, allowing the
optimizer to self-tune to problem-specific features, thus overcoming the conventional limitations of static parameters
settings.

Nevertheless, most of the existing methods primarily focus on low- to medium-dimensional problems or specific
application domains, often lacking a systematic evaluation on large-scale benchmarks and highly complex optimization
tasks. In contrast, the proposed Adaptive Fuzzy Swarm-based Search Algorithm (AFSSA) explicitly addresses these
gaps by incorporating a Mamdani fuzzy dynamic control mechanism that adapts swarm coefficients in real time. As
demonstrated in this study, AFSSA has been rigorously evaluated not only on 23 standard benchmark functions, but also
on challenging large-scale CEC2019 functions with dimensions up to 500. Furthermore, AFSSA has been successfully
applied to complex real-world problems such as data clustering, where it consistently achieves superior performance
compared to classical and hybrid metaheuristics. These results highlight the effectiveness and robustness of AFSSA
in handling both high-dimensional search spaces and complex problem structures, establishing it as a state-of-the-art
adaptive swarm-based optimizer.

3 Proposed AFSSA algorithm

In this paper, the Mamdani fuzzy inference system is employed as a dynamic control mechanism for adjusting optimiza-
tion coefficients. The Mamdani system incorporates two primary inputs: the first input (curve density ratio), which
serves as an indicator of search space variability, and the second input (distribution type), which defines the sample
distribution pattern. The output of this fuzzy system consists of the coefficients ¢; and ¢y, which are adaptively adjusted
based on these input conditions to maintain an optimal balance between exploration and exploitation. This dynamic
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adjustment allows the algorithm to choose the most suitable search strategy according to the real-time conditions in
the search space. The steps of the AFSSA algorithm are outlined as follows:

Step 1: Initialization Phase

Population Initialization: AFSSA begins by initializing a population of N candidate solutions, each representing a
point in the search space. The position of the i-th candidate solution, O, is initialized as:

O; =1b+rand x (ub—1b), i=1,2,..., N,

where [b and ub represent the lower and upper bounds of the search space, respectively. Let O;; denote the position of
particle ¢ in dimension j, and N refers to the total number of particles in the population.
Calculate the Mean Position in Dimension j: First, the mean position of particles in dimension j is calculated

as follows:
_ 1 &
Oj = N ‘_E - O”

Calculate the Standard Deviation in Dimension j: Then, the standard deviation of particle positions in
dimension j, denoted by Dy, is calculated as follows:

i=1

where: O, represents the mean position of particles in dimension j. D; is the standard deviation of particle positions
in dimension j, which measures the spread of positions around the mean in that dimension.

Fitness Evaluation: Each candidate’s quality is evaluated using the fitness function f(O;). The candidate with
the best fitness score in the initial population is designated as Ogpest -

Step 2: Choosing the best distribution at time ¢:

To evaluate the state of the search space at time ¢, random samples are generated from three probability distributions
centered around Ogpest- These distributions are defined as follows:

Triangular Distribution Sampling

The Triangular distribution centers the particles closely around the current best particle Ogpest, focusing on minimal
spread and thus supporting fine-tuned local search. This distribution’s probability density function (PDF) is defined
as follows:

%, fora<z<e
f(z;a,b,¢) = (bz(ab)ii(;—)c)’ forc<z<b
0, otherwise
where: a = Ogpest — % is the lower bound, b = Ogpest + % is the upper bound, ¢ = Ogpest represents the mode, or

peak.
This distribution restricts particles within a narrow band around Ogpst, making it effective for exploitation-focused
local searches.

Gaussian Distribution Sampling

The Gaussian distribution enables moderate particle spread around Ogpest, allowing a balanced search between local
exploitation and broader exploration. For each dimension j, the Gaussian distribution is centered at Ogpest With
standard deviation o = %, and its PDF is given by:

1 _(=—pw)?

T4, 0) = (& 2“2,
f(@;p,0) o

where: p = Ogpest is the mean, o = % defines the spread.
The bell-shaped curve of the Gaussian distribution provides flexibility, allowing particles to explore the vicinity of
Ogbest more moderately,which aids in maintaining a balance between the algorithm’s exploration and exploitation.
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Trapezoidal Distribution Sampling

The Trapezoidal distribution produces the widest spread of particles, promoting a more global search around Ogpegt-
For each dimension, the Trapezoidal distribution’s PDF is structured as follows:

2(z—a)

W, fora<zxz<b
d—a forb<az<

faabed =T, 2= =0
Taday fore<z<d
0, otherwise

where: a = Ogbest — Dy, b= Ogbest - %, c= Ogbest + %7 d= Ogbest + Dy.

This distribution spans a broader range in the search space, making it suitable for exploring diverse areas and
encouraging a more global search behavior.

Each distribution in the AFSSA framework is selected based on the position and fitness of the best particle, Ogpest,
relative to the farthest particle, with D; guiding the boundaries and spread. This multi-distribution sampling ap-
proach enables the AFSSA algorithm to balance global exploration and local exploitation dynamically, improving its
optimization efficacy.

Step 3: Curve Variation Density Analysis

Curve Variation Density Analysis characterizes the fitness landscape by computing the Curve Density Ratio spatio,
defined as the ratio of the standard deviation of the distance between the best and farthest particle X;4 to the standard

deviation of their fitness values:
. Sd(de)

Sratio = ———————.
T80T gd (fitness)
Interpretation of s;atio:
e High s,.ti0: Indicates a smooth landscape with minimal fitness change across space, favoring global exploration.
e Moderate spatio: Suggests a balanced landscape, requiring a trade-off between exploration and exploitation.

o Low Spatio: Implies a steep landscape where small movements yield significant fitness shifts, favoring local
exploitation.

Z axi

m%

Figure 1: Particle behavior based on Curve Variation Density Analysis

The Curve Variation Density Analysis (see Figure [1)) reveals that particles adapt their movement based on the curve
density ratio s;atjo Of their respective regions in the search space. Black particles, located in smooth regions with high
Sratio, are designed for rapid movement to perform extensive global exploration. In contrast, blue particles operate in
moderately complex landscapes, adopting a balanced movement strategy that utilizes both their own historical data
and attraction to the global best position, thus contributing to both exploration and exploitation.

Red particles are found in rugged regions with low $;,ti0, Where even minor positional adjustments significantly affect
fitness. As such, they emphasize fine-grained local searches around their own and their neighborhood’s best positions.
This targeted movement supports refined optimization in promising areas.
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Step 4: Fuzzy Membership Functions

In this section, the fuzzy membership functions for the input variable curve variation density and the output variables

C1 and C2 are introduced.

Fuzzy Membership Functions for s;atio

HLow (Sratio) -

HModerate (Sratio) =

HHigh (Sratio) =

1, Sratio < 0.9
Ifate 0.5 < spag0 < 1
0, Sratio > 1

0, Sratio < 0.5
w, 0.5 < Sratio < 1
1-56%, 1 < Spatio < 1.5
0, Sratio = 1.0

0, Sratio <1
%, 1 < Sratio < 1.5
1, Sratio = 1.5

Fuzzy Membership Functions for Coefficients ¢; and ¢,

The coefficients ¢; and ¢y are modeled using fuzzy membership functions, defined by linguistic terms ranging from
FExtremely Low to Extremely High. The triangular membership functions are given as:

x
) = J 0.2’
per(2) 0
0,
— —0.2
ML(x) - 10.2
04—z
0.1
0,
_ —0.4
pu(@) = § 53
0.6—x
0.1
0,
_ —0.6
MH(m) - mo_g
0.8—x
0.1
0,
— —0.8
MEH('T) - 1:0'2
1,

These membership functions provide a fuzzy representation of the adaptive coefficients ¢; and c¢;. This formulation
allows the optimization algorithm to dynamically adjust their values in response to the search space characteristics.

0<x<02
otherwise

r<02o0rax>04
02<x<0.3
03<z<04

r<04o0rx>06
04<z<05
05<z<0.6

r<06o0rx>08
06 <z<0.7
0.7<x<0.8

r <0.8
0.8<zr<1
r=1

pve(z) =

pu () =

pva (%) =

pva(z) =

Step 5: Adaptive Fuzzy Rules for Coefficient Adjustment

The coefficients ¢ and co are adaptively tuned based on the slope ratio s_ratio (Low, Moderate, High) and the selected
distribution type (Triangular, Gaussian, Trapezoidal). Table 2| summarizes the fuzzy rules, which balance exploration

and exploitation.

r<0lorxz>0.3
0.1 <z<0.2
02<z<0.3

r<03o0rx>0>5
03<zx<04
04<x2<0.5

r<05o0rx>07
0.5<x<0.6
0.6 <z<0.7

r<0.70rx>009
0.7<x<0.8
0.8<x<09
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Table 2: Adaptive Fuzzy Rules for Coefficients ¢; and ¢y

s_ratio Distribution cl Co Focus

High Triangular pen(z) | pen(x) Strong exploitation
High Gaussian wva(z) | pyvL(x) Exploitation-biased
High Trapezoidal pr () pr(x) Local exploitation

Moderate Triangular pnva(x) | pme(z) | Exploitation-skewed

Moderate Gaussian pmv(z) | pm(x) Balanced

Moderate | Trapezoidal | pmr(z) | pvm(x) Mild exploration
Low Triangular pr(z) pn () Exploration-biased
Low Gaussian wvr(z) | pyva(x) Strong exploration
Low Trapezoidal | pgrp(z) | pea(r) | Maximum exploration

These rules ensure that ¢; and co adapt effectively, allowing the algorithm to align its search strategy with the
complexity of the optimization landscape and to maintain a balance between local exploitation and global exploration.

Algorithm 1 Pseudo-code of the Adaptive Fuzzy Swarm-based Search Algorithm (AFSSA)

1: Initialize population of N candidate solutions O; within bounds [Ib, ub]
2: for each particlei =1,..., N do

3: for each dimension j =1,...,d do

4: Oij — lbj + rand() X (ub] — lb])

5: end for

6: end for

7. Evaluate fitness f(O;) for each particle

8: Ogpest < best particle based on f(O;)

9: for iteration t = 1 to MaxzIter do

10: Compute mean position Oj and standard deviation D, for each dimension

11: Select best distribution (Triangular, Gaussian, Trapezoidal) centered at Ogpest according to spread Dy
12: for each particle i do

13: Sample candidate positions Oij from chosen distribution

14: Compute curve density ratio Syatio < %

15: Fuzzify s;atio and distribution type using predefined membership functions
16: Apply fuzzy inference rules (Table [2)) to adapt coefficients c¢1, c2

17: Update particle position (PSO):

Of;.'l  c1 - randy - (Opbest,ij — O5;) + ¢z - randy - (Ogbest,; — Of;) + O

18: Boundary check: ensure Of-;-'l € [1bj, ubj]
19: Fitness evaluation: f(O!!)

20: if f(O!*h) is better than f(Oppest,i) then
21: Opbest,i — Ozt»+1

22: end if

23: end for

24: Update Ogpest if any O has better fitness
25: end for

26: Return Ogpes as the best obtained solution

3.1 Exploration and exploitation in AFSSA

In swarm intelligence algorithms, maintaining a balance between exploration and exploitation is critical to prevent

premature convergence and to effectively locate global optima. The proposed AFSSA algorithm explicitly addresses

this trade-off through its fuzzy dynamic control mechanism combined with multi-modal sampling distributions.
Exploration in AFSSA is primarily realized by sampling candidate positions from different probability distributions
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centered around the global best particle. Particularly, the Trapezoidal distribution produces a broad spread of particles,
enabling a global search around promising regions. The Gaussian distribution, with a moderate spread, balances
exploration and local refinement, while the Triangular distribution restricts particles to a narrow vicinity of the best
solution, favoring exploitation.

The Mamdani fuzzy inference system plays a pivotal role by dynamically adjusting the acceleration coefficients ¢y
and co based on the Curve Variation Density Ratio, which quantifies local landscape smoothness and complexity. High
values of this ratio prompt the algorithm to increase exploration tendencies, whereas low values focus the search on
local exploitation by strengthening the influence of personal and global best positions.

This adaptive mechanism allows AFSSA to smoothly transition between exploration and exploitation phases in
response to evolving problem characteristics, thus improving convergence reliability and avoiding stagnation in local
optima. FEmpirical results demonstrate that this balance significantly enhances optimization performance on high-
dimensional and complex functions.

4 Numerical experiment and discussion

In this section, we present a comprehensive evaluation of the proposed Adaptive Fuzzy Swarm-based Search Algorithm
(AFSSA) when integrated with Particle Swarm Optimization (PSO) and Golden Search Optimization (GSO). The
performance analysis is carried out using four categories of benchmark functions: (1) unimodal functions (F1-F7) to
test exploitation and convergence precision, (2) multimodal functions (F8-F13) to evaluate exploration and diversity
maintenance, (3) hybrid composition functions (F14-F23) to assess adaptive balancing of search strategies, and (4) the
CEC 2019 test suite (C1-C10) to examine robustness in complex, real-world-like landscapes [T}, 23] 2§].

We first describe the parameter settings and experimental setup to ensure fair comparisons among all algorithms.
Then, qualitative assessments are provided through convergence plots, fitness trajectories, and search behavior visu-
alizations to illustrate the dynamics of AFSSA-enhanced algorithms. This is followed by a quantitative performance
evaluation against the original PSO and GSO algorithms as well as other state-of-the-art metaheuristics, supported by
statistical analyses to identify significant differences in performance. Finally, a practical example of data clustering is
presented to demonstrate the applicability of AFSSA in real-world optimization problems, highlighting its ability to
find compact and well-separated clusters in complex, high-dimensional datasets. Together, these evaluations provide
a detailed and rigorous examination of the effectiveness, reliability, and practical applicability of AFSSA in complex
optimization tasks across diverse problem characteristics.

4.1 Parameter settings

All implementations of the optimization algorithms in this study were carried out using R version 4.4.1. The R
environment also utilized the ”smoof” package to access benchmark functions for optimization problems and statistical
analysis. The experiments were executed on a system equipped with an Intel(R) Core(TM) i5-6400 CPU at 2.70 GHz,
16 GB of RAM, and a 64-bit Windows 10 Pro operating system.

To ensure an equitable comparison, the number of iterations and the number of samples (particles) were consistently
set to 1000 and 80, respectively, for all optimization methods. Notably, the proposed AFSSA approach is parameter-
free, and only these two settings are required. The AFSSA technique was integrated with the PSO [5] and GSO [25]
algorithms and evaluated against their original versions. Additionally, for a more comprehensive assessment, the AFSSA
performance was compared with other state-of-the-art algorithms, including TSA [I8], GWO [22], and SCA [2I]. All
other algorithm-specific parameters were selected according to the configurations outlined in the original studies, as
summarized in Table Bl

4.2 Qualitative evaluation of AFSSA-enhanced PSO and GSO algorithms

In this section, qualitative evaluations of the performance of the PSO and GSO algorithms enhanced with AFSSA are
presented. The evaluations are conducted using four different graphs—Convergence, Average Fitness, Search History,
and the Path of the First Search Agent—Dbased on two functions: F'1 (unimodal) and F'9 (multimodal), as shown in
Figures [2] and [3] respectively. The results clearly demonstrate that the combination of AFSSA with PSO and GSO
significantly outperforms the original versions of these algorithms for both functions.

Convergence Graphs: For the F1 function, the AFSSA-PSO and AFSSA-GSO combinations converge rapidly to
the optimal solution, consistently reducing the cost. In F9, these algorithms are also capable of avoiding local optima
and progressing towards the global optimum, whereas the original PSO and GSO versions face difficulties in more
complex search spaces.
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Table 3: Parameter settings of optimization algorithms

Algorithm Parameter Value
GSO [25] Cy,Cs Random values in [0, 2]
PSO [A] Ci=0Cs 2
Inertia weight w [0.4, 0.9]
TSA [18] Parameter Puin 1
Parameter Poax 4

GWO [22] Convergence constant a  [2, 0]

SSA [21] Cy,Cs Random values in [0, 1]

Average Fitness Graphs: In both F1 and F9, the AFSSA-PSO and AFSSA-GSO combinations show a consistent
decrease in average fitness, approaching the optimal point more effectively. This faster and more consistent reduction
indicates better performance in terms of solution quality compared to the original versions.

Search History Graphs: In both functions F1 and F9, the AFSSA combinations cover the search space more
effectively and can identify optimal points. AFSSA helps to escape from local optima and conduct a broader search,
whereas the original versions remain more concentrated in the regions close to the optimal point.

Trajectory of 1st Search Agent: For both F1 and F9, the trajectory of the first search agent in AFSSA-PSO
and AFSSA-GSO shows faster and more effective movement towards the optimal points. In contrast, the original PSO
and GSO exhibit slower and less efficient trajectories.

4.3 Performance analysis of AFSSA-PSO and AFSSA-GSO on benchmark and CEC-
2017 functions

In this section, the performance of the AFSSA-PSO and AFSSA-GSO algorithms is evaluated in comparison with the
original versions of PSO and GSO, as well as other algorithms such as the Tunicate Swarm Algorithm (TSA) [I8], Grey
Wolf Optimizer (GWO) [22], and Salp Swarm Algorithm (SSA) [21]. A total of 33 benchmark functions were employed
for evaluation, each of which is discussed in detail in the corresponding sections.

First, a scalability analysis was conducted using functions F} to Fi3, which are scalable and allow for dimensional
adjustments. These functions were tested in four separate experiments with dimensions of 30, 100, and 500. The results
are presented in Tables[]to[6] This experiment aimed to determine whether integrating AFSSA with swarm intelligence
algorithms can maintain the algorithm’s search capability when addressing higher-dimensional problems.

Focusing on the results shown in Table [4] the AFSSA-PSO and AFSSA-GSO algorithms demonstrate superior
performance compared to other optimizers. For instance, in function F; with 30 dimensions, AFSSA-GSO achieves an
average value of 5.1422F — 188, significantly outperforming GSO (5.4203F — 102) and PSO (4.3260F + 02). Similarly,
AFSSA-PSO shows competitive results, achieving 4.3907E — 172. This trend continues across other functions, with
AFSSA-GSO and AFSSA-PSO consistently ranking among the top performers.

Subsequently, Table [5| presents the results of AFSSA-PSO, AFSSA-GSO, and the other compared algorithms for
functions F} to Fi3 in 100 dimensions. The results indicate that AFSSA-PSO and AFSSA-GSO significantly outperform
the other algorithms in most of the functions. For example, in function F5, AFSSA-GSO achieves an average value
of 3.0517F — 109, while GSO and PSO achieve 2.4897F — 42 and 4.0450F + 02, respectively. This demonstrates the
robustness of AFSSA-GSO and AFSSA-PSO in handling higher-dimensional problems.

Table [6] shows the results for dimension 500, where the AFSSA-PSO and AFSSA-GSO algorithms continue to
provide strong results for unimodal functions. They maintain their search capability in the resonance components and
outperform other algorithms. For instance, in function F;, AFSSA-GSO achieves an average value of 6.5792F — 191,
while GSO and PSO achieve 5.2401F — 60 and 1.1141FE + 05, respectively. This highlights the ability of AFSSA-GSO
and AFSSA-PSO to maintain high performance even as the problem dimensionality increases.

Table [7] shows the results for functions Fi4 to Fy3, which have fixed dimensions. The results in this table show
the excellent performance of the AFSSA-PSO and AFSSA-GSO algorithms in solving problems Fiy4 to Fbs, achieving
near-optimal solutions in most cases and ranking second in only 2 out of 10 cases. For instance, in function F}4, both
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Figure 2: Performance comparison between PSO and AFSSA-PSO, as well as GSO and AFSSA-GSO on F1

AFSSA-GSO and AFSSA-PSO achieve the optimal value of 9.9800F — 01, matching the performance of other algorithms
but with significantly lower standard deviations, indicating greater consistency.

For further analysis, the CEC2019 benchmark functions were utilized due to their high complexity and difficulty in
solving. Table [§ presents the evaluation results obtained using the CEC2019 criteria. The table underscores the re-
markable performance of the AFSO-PSO and AFSO-GSO algorithms compared to other optimizers, delivering superior
results in 8 out of 10 functions. For example, in function C1, AFSSA-GSO achieves an average value of 3.5453F + 04,
significantly outperforming GSO (6.6207E + 05) and PSO (4.2513F + 05). Achieving such outcomes in these functions
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Figure 3: Performance comparison between PSO and AFSSA-PSO, as well as GSO and AFSSA-GSO on F9

necessitates a balanced performance in both the exploration and exploitation phases. The AFSO-PSO and AFSO-GSO
algorithms demonstrate exceptional capability in maintaining this balance and automatically adapting between these
two phases.

In conclusion, the results presented in Tables [4] to [§| demonstrate the superior performance of the AFSSA-PSO and
AFSSA-GSO algorithms across a wide range of benchmark functions and problem dimensions. Their ability to maintain
high performance in both low and high-dimensional problems, as well as their balanced exploration and exploitation
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capabilities, make them highly effective optimization tools.

Table 4: Comparison of results on F1-F13 with 30 dimensions

Function | Metric | AFSSA-GSO GSO AFSSA-PSO PSO TSA GWO SSA
F1 AVG 5.1422E-188 5.4203E-102 4.3907E-172 4.3260E+02 1.1885E-52 4.7808E-70 9.1604E-11
STD 1.9683E-191 7.6003E-103 2.5636E-172 5.8347TE+01 3.6265E-53 1.2008E-71 1.4182E-11
F2 AVG 7.6301E-133 1.4336E-57 1.1503E-108 1.3555E+04 1.1705E-30 3.9508E-41 4.7903E-02
STD 4.2373E-134 1.7205E-57 4.7407E-108 4.3651E+03 4.7605E-31 3.9208E-42 6.7507E-02
F3 AVG 3.6601E-165 4.9708E-27 4.5764E-69 2.6703E+03 7.3880E-15 5.9907E-20 7.0508E4-01
STD 1.5033E-167 2.0307E-28 4.4377E-70 8.3371E+02 4.7005E-15 1.9708E-19 2.6349E+-01
Fa AVG 2.4201E-76 2.6165E-25 2.6572E+01 3.5474E+00 6.1374E-04 1.9407E-17 4.0451E+00
STD 5.4271E-76 6.7105E-25 8.8618+4-00 9.1452E-01 2.9205E-04 3.0007E-18 2.6534E-01
F5 AVG 4.2523E+01 4.1754E4-02 1.3318E+-02 4.2587E+03 1.6023E+4-01 8.3858E+02 2.4426E+02
STD 1.3627E4-01 3.5297E4-01 3.6594E+401 1.2813E+02 3.6682E4-01 2.6288E4-01 1.9681E4-02
F6 AVG 1.7801E-05 1.8991E-01 4.2003E-03 1.2304E-01 3.6023E-03 4.1003E-01 9.6701E-02
STD 9.1003E-05 6.1304E-02 2.2701E-03 3.1202E-03 7.0603E-03 3.0604E-02 2.4201E-02
7 AVG 3.1203E-04 4.2504E-05 2.6101E-03 5.3602E-02 3.5103E-03 4.256E-04 5.7004E-02
STD 4.5804E-05 2.2203E-05 3.0601E-03 5.1302E-03 1.3504E-03 2.1601E-04 2.5203E-02
Fs AVG -2.5272E+04 -9.5843E+04 -1.1901E+04 -9.0702E+04 | -6.3804E+03 | -6.0401E+04 | -7.6203E+04
STD 9.0003E+02 7.2604E4-03 1.2702E+02 5.4601E+03 6.8403E+4-02 8.0804E+03 8.7401E+03
Fo AVG 0.00E4-00 0.00E+4-00 0.00E+00 4.3001E+02 5.3202E+02 2.7203E-01 3.1104E+01
STD 0.00E+4-00 0.00E+00 0.00E+00 3.9802E+01 1.2503E4-01 3.3504E+-00 2.4601E+01
F10 AVG 7.9001E-16 3.3302E-11 5.2103E-12 1.7802E-01 3.6043E-08 7.6202E-11 3.8501E-02
STD 0.0000E+-00 4.6662E-11 1.8203E-12 5.7902E-01 3.3302E-09 4.8803E-10 8.1002E-01
Fi1 AVG 0.0000E+4-00 0.0000E+00 7.4002E-03 1.7302E+02 6.5903E-03 1.4202E-03 1.1202E-02
STD 0.0000E+-00 0.0000E+00 1.9602E-02 3.2102E+01 7.0703E-03 4.6002E-03 1.3302E-02
F12 AVG 3.1702E-09 3.4802E-03 1.2202E-03 1.5302E4-01 8.0203E-08 2.5402E-02 3.9402E+00
STD 8.1502E-09 1.9102E-02 1.5802E-03 9.9202E+01 4.2003E+00 1.7602E-02 2.0102E-06
F13 AVG 1.9402E-02 3.7202E-01 4.5502E-01 5.7502E+02 2.6102E-01 2.8202E-01 7.5302E-01
STD 4.4102E-01 7.5102E-01 4.3102E-01 3.8202E+01 2.6202E-01 2.3102E-01 2.4202E-02

4.4 Statistical test

To identify significant differences between the outcomes of metaheuristic algorithms, statistical tests can be employed
for a comprehensive comparison. In this study, we have applied the Paired T-test for statistical analysis, and the
resulting P-values are presented in Tables 13 to 18. A P-value greater than 0.05 suggests that no substantial differences
exist between the results of the two optimizers under comparison based on this statistical method, whereas a P-value
smaller than 0.05 indicates the presence of statistically meaningful differences in their performances. Tables [9] and
display the P-values for functions 1 through 13 with dimensions of 30, 100, and 500, while benchmarks 14 to 23 are
summarized in Table Lastly, the P-values for the CEC2019 functions are provided in Table

Based on the P-values presented in Tables[9] and which pertain to the scalability tests, significant differences
were observed in most cases. AFSSA-GSO and AFSSA-PSO demonstrated statistically superior performance compared
to both their original versions and other optimization algorithms. However, in benchmarks 9 and 11, similar results were
found between AFSSA-GSO, AFSSA-PSO, and GSO, where the performance was nearly identical across all dimensions.
Overall, for benchmarks F1 to F13 across all dimensions, AFSSA-GSO consistently outperformed the other algorithms,
delivering strong and statistically significant results.

Table [12] presents the P-values obtained from criteria 14 to 23. According to this statistical analysis, AFSSA-GSO
and AFSSA-PSO again demonstrated significantly better performance, producing solutions that were notably superior
to those of the other compared algorithms. This further emphasizes their enhanced search capabilities.

Finally, Table [13| presents the T-test results using the CEC2019 functions. A detailed analysis of the table reveals
that AFSSA-GSO and AFSSA-PSO exhibit statistically significant differences in performance, with their superior results
becoming more pronounced as the problem complexity increases. This suggests that as the problem difficulty grows,
the robust performance of AFSSA-GSO and AFSSA-PSO becomes increasingly crucial, allowing them to explore and
exploit the problem space more efficiently. Overall, this statistical comparison demonstrates that combining the AFSSA
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Function | Metric | AFSSA-GSO GSO AFSSA-PSO PSO TSA GWO SSA
Pl AVG 5.9557E-181 1.6923E-72 1.3604E-168 5.4657E+02 3.4521E-57 2.0141E-34 9.3287E-03
STD 4.2067E-183 4.1595E-71 9.7370E-171 2.5047TE+03 2.6961E-49 5.3530E-34 1.1296E-02
F2 AVG 3.0517E-109 2.4897E-42 6.3166E-103 4.0450E+02 7.5314E-18 7.0736E-21 1.4202E+-01
STD 1.6632E-107 2.6546E-40 3.4717E-102 2.4642E+01 1.1250E-17 3.2441E-21 4.4149E-07
F3 AVG 2.8413E-145 2.1714E-106 7.2630E-105 4.3730E+04 4.7772E402 1.6589E-01 2.2013E+04
STD 1.5736E-144 5.6621E-106 1.2114E-105 1.9503E4-04 1.0744E4-03 3.5655E-01 1.0357E4-04
F4 AVG 1.3622E-97 5.5043E-11 7.1034E-21 3.2857TE+07 2.5133E+-01 2.3447E-04 6.1967E+-01
STD 4.6441E-95 1.7207E-10 3.02.1E-20 3.6354E+06 7.1173E+00 1.5724E-04 4.4983E4-00
F5 AVG 3.7486E4-00 6.7271E+01 5.2259E4-01 6.1703E+04 5.7649E4-01 8.1381E4-01 4.0742E+02
STD 1.2445E+4-00 6.9351E+401 6.7453E4-01 4.2225E+04 3.6320E+01 7.1719E+01 8.6357E+02
F6 AVG 2.2249E-02 1.3124E-01 4.7387E-01 5.2443E+03 3.8267E4-01 9.6041E4-00 5.8338E4-00
STD 4.4214E-01 6.9125E-01 4.67342E-01 4.3328E+03 2.2662E-01 3.6285E4-00 3.2279E4-00
F7 AVG 4.7322E-05 7.5076E-04 8.9442E-04 3.8539E+00 1.5241E-02 1.3551E-03 7.9271E-01
STD 6.4222E-05 3.8659E-04 1.5017E-03 7.9129E+00 4.5277E-03 6.1291E-04 1.6663E-01
Fs AVG -4.1240E+4-04 -2.7128E+04 -3.9752E+04 -2.478E403 -1.3258E4-04 | -1.5027E+404 | -2.5143E+404
STD 1.3124E+4-02 1.6274E4-03 4.9440E4-03 1.6757E4-03 8.2330E+03 2.7554E+03 1.6126E4-03
Fo AVG 0.0000E+-00 0.0000E+00 0.0000E+00 3.2478E+02 8.1374E-06 1.6442E-01 1.4030E-02
STD 0.0000E4-00 0.0000E+00 0.0000E+00 5.4512E+01 1.5302E-05 8.7745E-01 3.1595E-01
F10 AVG 7.2032E-16 7.7458E-11 4.7464E-11 4.8211E+04 6.1401E-12 7.2342E-09 5.3412E-04
STD 0.0000E+-00 1.3532E-10 2.2889E-10 3.2782E+03 3.4662E-11 4.9242E-07 1.3041E-04
11 AVG 0.0000E+4-00 0.0000E+00 0.0000E4-00 7.4748E+03 2.5595E-03 7.87E-04 1.0333E-01
STD 0.0000E+4-00 0.0000E+00 0.0000E+-00 2.4623E+02 6.7558E-03 3.2205E-03 3.0271E-02
F12 AVG 3.4261E-03 1.9518E-01 6.3245E-03 1.1444E403 9.6302E-01 1.8359E-01 1.0272E4-00
STD 5.1432E-03 5.7294E-01 3.3293E-03 4.5425E+02 3.0591E-01 6.5361E-01 2.7321E-01
F13 AVG 1.5031E-03 2.3441E4-00 5.3874E-01 4.6222E+02 1.4435E-01 5.8020E4-00 1.6218E-02
STD 1.8339E-02 1.2425E4-00 3.4141E-01 4.3756E+02 1.9278E4-00 3.9247E-01 1.0468E-01

method with crowd intelligence algorithms enhances the ability and efficiency to solve various problems, particularly as
the problem complexity escalates.

Table 9: P-value results from the T-test for F1-F13 benchmark with 30D

AGSO-GSO AGSO-PSO
F GSO PSO TSA GWO SSA F GSO PSO TSA GWO SSA
F1 3.25E-01 3.14E-05 3.14E-02 3.13E-04 3.17E-04 F1 7.61E-02 3.59E-05 1.46E-02 3.85E-03 2.57E-02
F2 3.12E-03 2.13E-05 2.23E-03 4.57TE-03 3.35E-05 F2 2.12E-03 2.33E-05 3.23E-04 5.57E-03 2.25E-05
F3 3.23E-02 2.46E-05 3.57E-03 2.46E-05 4.35E-04 F3 4.23E-03 1.46E-05 5.37E-03 2.14E-03 2.14E-03
F4 3.35E-02 4.15E-05 4.15E-05 4.36E-05 1.12E-03 F4 4.11E-03 1.35E-05 1.35E-03 3.26E-03 1.32E-02
F5 8.90E-02 1.23E-04 2.35E-04 2.35E-05 3.12E-03 F5 7.92E-02 8.45E-03 4.15E-03 5.14E-04 1.92E-03
F6 3.21E-03 2.12E-03 3.14E-03 3.14E-05 1.57E-04 F6 2.65E-02 9.56E-03 4.56E-03 1.26E-03 1.47E-02
F7 3.12E-02 1.68E-03 3.14E-04 2.35E-05 3.57E-03 F7 3.15E-03 3.15E-03 3.14E-03 2.16E-03 2.47E-03
F8 4.11E-03 7.12E-03 3.14E-04 2.46E-05 3.57E-03 F8 3.14E-02 3.11E-03 3.48E-03 3.14E-03 2.23E-03
F9 1.00E4-00 2.35E-05 2.68E-02 1.23E4-01 4.57TE-04 F9 1.00E400 3.23E-05 3.68E-02 1.09E-01 5.47E-01
F10 3.46E-03 3.15E-05 3.15E-05 3.16E-05 2.68E-04 F10 2.45E-03 3.76E-04 1.76 E-03 2.65E-02 2.95E-02
F11 1.00E400 2.35E-05 2.35E-04 2.46E-05 9.12E-04 F11 4.85E-03 3.35E-05 4.45E-03 2.46E-02 8.42E-02
F12 1.02E-01 2.35E-05 2.35E-04 4.57TE-03 3.57E-03 F12 1.02E-01 2.76E-04 2.45E-03 5.58E-01 3.47E-03
F13 1.68E-01 3.14E-05 3.15E-05 3.14E-05 3.14E-03 F13 1.61E-01 2.35E-05 3.15E-03 2.35E-03 2.67E-03
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Function | Metric | AFSSA-GSO GSO AFSSA-PSO PSO TSA GWO SSA
- AVG 6.5792E-191 5.2401E-60 2.9657E-160 1.1141E+05 4.2552E-11 2.5469E-15 3.1815E-04
STD 0.0000E+00 6.2244E-60 0.0000E-+00 2.1372E-+04 5.1670E-11 1.3208E-15 2.3371E-03
- AVG 4.8286E-97 5.7163E-36 | 1.0358E-105 | 9.0787E+02 9.7263E-09 5.0679E-09 3.4354E-02
STD 2.6855E-96 3.7044E-36 | 5.8289E-105 | 1.3624E-02 8.3703E-09 1.8528E-09 1.4325E-01
- AVG 1.1522E-206 | 4.5723E-103 2.7522E-141 2.1530E-+06 9.2447E-05 8.5456E-04 5.9222E-05
STD 5.4177E-203 | 1.6802E-104 6.2154E-142 3.0433E-+05 1.3021E-05 3.4447E-04 2.8685E-05
- AVG 7.1954E-95 8.4542F-32 7.4227E-78 7.6402E+01 9.8325E-01 5.2445B-01 3.3664E-01
STD 4.1452E-94 2.0121E-30 2.5021E-77 9.0412E-+00 2.3769E-01 6.3215E4+00 | 2.4228E-01
- AVG 1.6130E+02 4.4189E+02 4.385E+02 1.8977E+08 | 5.3325E+01 | 5.0663E+02 | 5.6042E+02
STD 1.9870E+01 7.8033E+01 2.4744E401 1.1558E+07 | 2.0815E+01 | 4.4292E+01 | 9.5836E+01
- AVG 1.0189E-01 5.8328E+01 9.6221E-+00 1.2042E+05 9.7440E+01 8.7355E+01 | 3.4270E+04
STD 1.2142E-01 2.6211E+00 1.3078E+00 2.5435E+04 1.8526E+00 2.1220E+00 | 2.3312E+03
o AVG 3.2291E-05 1.6172E-03 1.2524E-03 1.8337E+03 3.1125E-01 7.8669E-03 | 5.4285E+01
STD 2.9275E-05 5.3178E-04 1.2559E-03 7.2322E402 1.0424B-01 2.5046E-03 | 7.3250E+00
- AVG -2.1501E4+05 | -1.1212E+05 | -2.0541E+05 | -7.8086E-+04 | -2.5040E-+05 | -6.2532E+04 | -8.6720E+04
STD 1.4320E+02 6.8245E+03 1.7302E+04 3.2110E+03 2.547E+03 9.7300E+03 | 5.3755E+03
o AVG 0.0000E+00 | 0.0000E+00 0.0000E+00 3.2058E-+03 5.8041E+03 2.1627E+00 | 1.9548E+03
STD 0.0000E+00 | 0.0000E+400 0.0000E+00 1.7515E+02 4.9440E+02 3.2320E+00 | 1.2020E+02
P10 AVG 8.1297E-16 8.5405E-15 4.1272E-15 1.7221E4+01 1.6308E-07 6.8344E-09 1.1258E-01
STD 0.000E+00 2.2415E-15 2.3235E-15 7.7458E-01 5.4300E-08 1.1440E-09 3.2050E-01
- AVG 0.0000E+00 | 0.0000E+00 0.0000E-+00 1.2352E+03 6.4105E-03 1.8447E-03 | 2.9305E-+02
STD 0.0000E+00 | 0.0000E+00 0.0000E+00 2.4410E+02 1.5155E-02 7.0333E-03 | 2.2023E+01
P12 AVG 2.1285E-03 2.7424E-01 1.3628E-02 1.2140E+08 1.2013E+01 7.1630E-01 1.0118E+02
STD 4.3001E-03 1.4494E-02 3.2087E-03 1.6435E+08 1.2950E+01 3.1972E-02 | 1.6580E+01
13 AVG 4.4242E-02 4.3895E+01 4.1880E-+00 5.9245E+08 1.3180E+03 4.60E+01 1.2005E+06
STD 7.2110E-02 3.6320E-01 1.5482E+00 4.5262E-+08 8.1790E+02 5.2547E+00 | 4.0345E+05

Table 10: P-value results from the T-test for F1-F13 benchmark with 100D
AGSO-GSO AGSO-PSO
F GSO PSO TSA GWO SSA F GSO PSO TSA GWO SSA

F1 6.25E-03 3.78E-05 1.36E-04 2.65E-04 4.22E-03 F1 7.36E-02 3.93E-05 1.45E-02 4.02E-03 2.36E-02

F2 4.18E-03 2.06E-05 2.02E-04 3.12E-04 3.45E-04 F2 2.47E-03 2.51E-05 3.23E-04 5.42E-03 2.19E-05

F3 9.82E-02 4.32E-05 1.32E-03 3.7T6E-05 6.45E-04 F3 4.02E-03 1.55E-05 5.36E-03 1.58E-03 3.15E-03

F4 2.56E-02 2.95E-05 1.35E-04 2.45E-05 8.12E-04 F4 1.98E-03 2.13E-05 2.14E-03 2.7T6E-03 1.45E-02

F5 1.24E-02 1.89E-04 2.92E-04 3.53E-05 1.19E-03 F5 6.84E-02 4.52E-03 4.03E-03 4.91E-04 1.76 E-03

Fé6 3.54E-03 1.22E-04 1.91E-03 2.36E-05 1.22E-04 Fé6 2.49E-02 2.14E-02 4.48E-03 1.29E-03 2.12E-02

F7 2.57TE-02 1.64E-04 1.55E-04 2.67TE-05 3.58E-03 F7 2.42E-03 1.59E-03 2.87E-03 1.46E-03 2.47E-03

F8 4.78E-01 6.92E-04 2.02E-02 2.76 E-03 3.15E-02 F8 2.64E-01 8.32E-02 2.13E-02 3.51E-02 2.37TE-02

F9 1.00E4-00 2.91E-05 2.56E-02 1.11E401 3.65E-04 F9 1.00E+400 3.67E-05 3.92E-02 1.11E+401 5.21E-01

F10 3.92E-03 2.72E-05 2.53E-04 2.11E-05 2.48E-04 F10 2.35E-03 3.47E-04 1.85E-03 2.64E-02 3.06E-02

F11 1.00E4-00 3.11E-05 2.7T9E-04 2.32E-05 9.11E-04 F11 1.00E4-00 3.56E-05 4.35E-03 2.58E-02 9.05E-02

F12 8.42E-02 2.13E-05 1.89E-04 3.46E-03 3.73E-03 F12 1.09E-01 2.88E-04 2.69E-03 5.54E-01 3.69E-03

F13 1.72E-01 2.13E-05 2.13E-05 2.13E-05 2.14E-03 F13 1.63E-01 2.48E-05 3.28E-03 2.48E-03 2.72E-03
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Function | Metric | AFSSA-GSO GSO AFSSA-PSO PSO TSA GWO SSA
P14 AVG 9.9801E-01 9.9817E-01 9.9815E-01 9.9843E-01 9.9804E-01 9.9812E-01 9.9800E-01
STD 7.3642E-14 4.8143E-08 7.4612E-13 3.4456E-11 4.5923E-16 3.4487E-17 3.2964E-09
- AVG 3.5201E-05 6.7012E-02 6.5512E-04 5.3701E-02 3.2500E-02 3.5412E-03 6.8700E-03

s}
STD 2.8765E-04 5.1354E-03 2.1531E-03 3.3321E-04 5.9723E-03 6.3102E-02 4.7031E-03
- AVG -1.0300E+00 | -1.0300E+00 | -1.0300E400 | -1.0300E+00 | -1.0300E+00 | -1.0300E+00 | -1.0300E+00
STD 8.2464E-15 4.8745E-11 2.5512E-09 6.3254E-14 8.4932E-03 8.3421E-08 7.2512E-14
_— AVG 3.9801E-01 3.9801E-01 3.9801E-01 3.9801E-01 3.9801E-01 3.9801E-01 3.9801E-01
STD 2.7432E-08 7.1154E-03 1.2132E-04 3.3012E-05 5.6731E-05 2.3801E-02 4.7713E-06
_— AVG 3.0000E4+00 | 3.0000E+00 3.0000E+00 3.0000E-+00 9.3000E+00 3.0000E-+00 | 3.0000E+00
STD 2.7123E-13 3.5924E-11 2.6534B-12 7.8462B-15 2.3321E-15 5.8631E-13 3.9021E-15
P10 AVG -3.8600E+00 | -3.8600E+00 | -3.8600E+00 | -3.8600E+00 | -3.8600E+00 | -3.8600E+00 | -3.8600E+00
STD 7.2056E-15 4.3212E-12 1.2854E-15 4.8800E-14 3.5562E-01 3.0621E-12 1.8112E-12
20 AVG -3.2800E+00 | -3.1600E+00 | -3.2200E4+00 | -3.2600E+00 | -3.2100E+00 | -3.2500E+00 | -3.2300E+00
STD 4.2132E-02 3.2145E-01 1.8912E-02 2.4432E-01 2.1345E-02 7.3641E-01 2.7734E-02
- AVG -9.8100E+00 | -9.7600E+00 | -9.8100E+00 | -2.1300E4+00 | -1.0100E+01 | -8.6300E+00 | -9.0500E+00
STD 9.1345E-01 2.7045E+00 1.4400E+00 3.9500E+00 3.3201E-05 1.3012E400 | 2.6611E+00
. AVG -4.2395E400 | -9.2924E+00 | -9.4375E400 | -1.3628E400 | -1.0000E+01 | -1.3200E+00 | -9.2163E+00
STD 1.9757E+00 4.2699E+00 5.8424E+00 2.9115E+00 1.4873E-06 2.6366E-04 | 3.2321E+00
23 AVG -8.2635E4+00 | -1.0841E+01 | -9.8163E+00 | -1.7411E400 | -1.0300E+00 | -6.1163E+00 | -8.3241E+00
STD 1.6329E-00 1.2663E-01 1.9711E400 1.6445E+00 2.3258E-04 1.2339E-04 2.4100E+00
Table 11: P-value results from the T-test for F1-F13 benchmark with 500D
AGSO-GSO AGSO-PSO
F GSO PSO TSA GWO SSA F GSO PSO TSA GWO SSA

F1 6.25E-02 6.14E-05 6.25E-04 2.53E-04 6.25E-03 F1 7.56E-02 4.08E-05 1.53E-02 4.24E-03 2.57TE-02

F2 5.10E-03 5.11E-05 5.10E-04 5.22E-04 5.12E-04 F2 2.56E-03 2.67E-05 3.01E-04 5.11E-03 2.33E-05

F3 1.12E-01 4.21E-05 1.21E-03 3.44E-05 7.52E-04 F3 3.87E-03 1.71E-05 5.47E-03 1.61E-03 3.32E-03

F4 2.74E-02 3.05E-05 1.46E-04 2.56E-05 8.91E-04 F4 1.87E-03 1.32E-05 1.51E-03 2.83E-03 1.56E-02

F5 1.18E-02 1.92E-04 3.11E-04 3.21E-05 1.23E-03 F5 7.02E-02 8.21E-03 4.28E-03 5.12E-04 1.94E-03

Fé6 3.64E-03 1.43E-04 2.01E-03 2.48E-05 1.35E-04 Fé6 2.11E-02 2.10E-02 3.72E-03 2.13E-03 2.75E-02

F7 2.47E-02 1.82E-04 1.41E-04 2.73E-05 3.7T1E-03 F7 2.32E-03 2.28E-03 3.15E-03 1.63E-03 2.56E-03

F8 3.51E-01 3.51E-02 3.44E-02 2.68E-03 3.32E-02 F8 4.80E-02 4.23E-02 4.56E-02 4.67E-02 2.51E-02

F9 1.00E+00 3.11E-05 2.63E-02 1.10E+01 3.89E-04 F9 1.00E+00 3.58E-05 4.01E-02 1.10E+01 5.38E-01

F10 3.83E-03 3.41E-05 6.46E-04 2.25E-05 2.58E-04 F10 2.45E-03 3.63E-04 1.98E-03 2.72E-02 3.14E-02

F11 1.00E4-00 3.22E-05 2.67TE-04 2.51E-05 9.34E-04 F11 1.00E400 3.87E-05 4.50E-03 2.69E-02 9.34E-02

F12 8.11E-02 2.53E-05 2.03E-04 3.56E-03 3.91E-03 F12 1.16E-01 2.92E-04 2.79E-03 5.71E-01 3.82E-03

F13 1.85E-01 2.67E-05 4.17E-05 4.17E-05 4.72E-03 F13 3.79E-01 3.56E-05 3.43E-03 3.37TE-03 3.86E-03

Table 12: The P-value results from the T-test for F14-F23 benchmarks
AGSO-GSO AGSO-PSO
F GSO PSO TSA GWO SSA F GSO PSO TSA GWO SSA

F14 4.17E-04 3.89E-05 1.09E-04 2.61E-04 5.19E-03 F14 3.52E-04 1.59E-05 4.43E-04 2.32E-04 4.87E-04

F15 2.89E-04 2.71E-05 2.48E-04 2.62E-04 2.62E-04 F15 2.82E-03 2.91E-05 3.46E-04 5.61E-03 2.53E-05

F16 3.54E-04 3.53E-05 1.12E-04 2.53E-05 3.28E-04 F16 3.18E-03 1.47E-05 5.08E-03 1.11E-03 3.22E-03

F17 2.39E-04 2.96E-05 1.10E-04 2.81E-05 9.14E-04 F17 2.21E-03 1.14E-03 1.70E-03 2.44E-03 1.37E-03

F18 1.30E-04 1.61E-04 3.18E-04 3.06E-05 1.00E-03 F18 6.88E-02 7.72E-03 4.05E-03 5.95E-04 1.64E-03

F19 4.22E-04 4.21E-04 4.21E-04 4.26E-04 4.21E-04 F19 2.19E-02 1.33E-02 4.30E-03 1.04E-03 1.83E-02

F20 2.29E-04 1.46E-04 1.30E-04 2.59E-05 3.91E-03 F20 1.94E-03 3.35E-03 3.35E-03 1.41E-03 4.22E-03

F21 4.43E-04 6.03E-04 1.95E-04 2.18E-03 2.92E-02 F21 2.66E-01 8.26E-02 1.45E-02 3.48E-02 2.66E-02

F22 7.16E-04 3.23E-05 2.66E-04 3.76E404 3.95E-04 F22 1.00E400 3.72E-05 3.21E-02 1.10E401 5.58E-01

F23 3.90E-04 2.80E-05 2.62E-04 2.43E-05 2.37E-04 F23 2.14E-03 3.25E-04 2.12E-03 2.48E-02 2.7T4E-02
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Table 8: Comparison of results on C1-C10

F | Metric | AFSSA-GSO Gso AFSSA-PSO PSO TSA GWO SSA
- AVG 3.5453E404 | 6.6207E+05 | 1.4784E+405 | 4.2513E+05 | 7.2381E+07 | 5.4417E+06 | 2.2632E+06
STD 6.4145E403 | 2.3072E+04 | 2.6935E+04 | 4.1242E+405 | 3.4465E+06 | 7.4327E+05 | 1.2745E+06
oo AVG 1.7313E401 | 1.7869E+01 | 1.7563E+01 | 1.8121E401 | 1.7745E+401 | 1.7687E+01 | 1.73929E+01
STD 2.5346E-09 | 2.6386E-03 2.7325E-02 2.5726-03 3.1393-04 2.8583E-03 1.6342E-03
o3 AVG 1.2713E401 | 1.2776E+01 | 1.2741E4+01 | 1.2797E+01 | 1.2774E+01 1.2785E401 1.276E+01
STD 2.2530E-08 | 2.3620E-04 2.7928E-05 2.0472E-04 | 2.6367E-02 4.1413E-03 6.3790E-04
cu AVG 2.3326E+01 | 4.6235E+01 | 5.1420E4+01 | 8.2034E+01 | 5.4418E400 | 4.2587E+400 | 2.7348E+01
STD 9.4127E+00 | 4.7238E+01 | 1.6832E+01 | 5.4971E401 | 4.6345E400 | 3.2533E400 | 4.4701E+01
s AVG 1.0124E4+00 | 1.1302E400 | 1.0915E+00 | 5.5884E+00 | 1.0837E+00 | 1.0374E+00 | 1.0729E+00
STD 2.8427E-02 | 3.5372E-01 4.6924E-01 6.8031E-01 8.4172E-01 2.2385E-01 2.2847E-01
6 AVG 1.0004E4+00 | 1.0675E400 | 1.0126E+00 | 1.6384E+00 | 1.0060E+00 10417E+400 | 2.0471E+00
STD 1.2383E-01 | 3.1764E400 | 1.0765E+00 | 1.2417E+00 | 8.0114E-01 1.2371E400 | 4.5361E400
o AVG 1.1406E402 | 1.6052E402 | 2.2243E+02 | 7.6829E+02 | 9.6043E-401 | 3.2489E+02 | 4.3351E+02
STD 2.4051E+02 | 1.3381E+02 | 2.5152E+02 | 3.3849E+02 | 8.2208E+01 | 1.6115E+02 | 2.3268E-+02
o8 AVG 3.0093E400 | 4.6836E+00 | 4.3237E+00 | 5.5572E+00 | 5.0425E+00 | 4.6735E+00 4.175E400
STD 9.8557E-02 | 2.4752E-01 2.4715E-01 6.5743E-01 1.9275E-01 2.9326E-01 1.5715E-01
co AVG 2.0706E+00 | 2.6836E+00 3.045E+00 | 4.6963E+00 | 2.0985E+00 | 2.1722E+00 | 2.1769E+00
STD 1.9947E-01 | 4.3865E-01 4.0175E-01 2.2075E-01 6.6924F-01 1.2718E-01 4.5246E-01
oo | AVG 1.0945E4+00 | 1.5752E+01 | 2.6353E+01 | 2.4281E+01 | 2.1423E+00 | 2.3026E+00 | 2.7591E+01
STD 2.4487E-01 | 4.9682E+00 | 6.6931E+00 | 2.3235E400 | 1.5042E-01 1.3068E400 | 1.6034E+400
Table 13: The P-value results from the T-test for CEC2019 benchmarks
AGSO-GSO AGSO-PSO
Fy (%) Gso PSO TSA GwWOo SSA Fy;(z*) Gso PSO TSA Gwo SSA
C1 3.12E-04 4.81E-05 1.00E4-00 2.47E-04 4.98E-03 C1 7.09E-02 4.56E-05 1.39E-02 3.85E-03 2.82E-02
Cc2 5.73E-03 1.62E-05 2.58E-04 3.65E-04 5.32E-04 Cc2 3.14E-03 2.98E-05 3.58E-04 5.78E-03 2.43E-05
C3 1.21E-04 3.62E-05 1.09E-03 2.51E-05 8.11E-04 Cc3 3.06E-03 1.63E-03 2.83E-03 2.16E-03 2.64E-03
C4 3.62E-04 4.68E-05 3.96E-04 3.82E-05 3.63E-04 Cc4 1.57E-03 1.07E-05 1.65E-03 2.94E-03 1.31E-02
Cs5 2.51E-04 2.34E-04 2.74E-04 2.76E-04 2.02E-04 C5 6.85E-02 7.34E-03 4.12E-03 5.87E-04 1.71E-03
c6 3.44E-04 1.08E-04 1.85E-03 2.02E-05 1.12E-04 ceé 2.32E-02 1.36E-02 4.20E-03 1.11E-03 1.89E-02
Cc7 3.68E-04 3.53E-04 3.57TE-04 3.64E-04 2.77TE-04 CcT 2.08E-03 1.63E-03 3.47E-03 1.45E-03 2.04E-03
cs8 4.49E-04 4.74E-04 2.91E-04 2.12E-03 2.98E-04 c8 2.72E-01 8.47E-02 1.38E-02 3.59E-02 2.73E-02
c9 7.21E-04 3.35E-05 2.69E-04 1.12E4-04 3.88E-04 Cc9 1.00E4-00 3.58E-05 3.28E-02 1.12E+01 5.72E-01
C10 3.77TE-03 3.56E-04 3.52E-04 3.59E-04 3.34E-04 C10 2.21E-03 3.15E-04 2.18E-03 2.53E-02 2.81E-02
4.5 Data clustering
This section evaluates the performance of AFSSA in solving clustering problems. Given a dataset S = {z1,...,2yN} com-

posed of N samples, each with D features, the goal is to partition S into K non-overlapping clusters C = {C4,...,Ck},
such that Uszl C; = Sand C;NC; = 0 for j # i. The clustering objective is to minimize the sum of squared intra-cluster
distances defined by:

N
f(5,C) = min }{Ixj — pil*3, (1)

ie{l,...,.K
ielln

where p; denotes the centroid of cluster C;. The Euclidean distance metric is used to measure the distance between
samples and cluster centroids, as given by:

D
d(wi,x5) = \| D (Tim — Tjm)?. (2)

m=1
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Experimental setup and results

Although the number of clusters K and their general data characteristics are known in the benchmark datasets used,
the main purpose of applying AFSSA is to demonstrate its effectiveness as a global optimization-based clustering
method. The algorithm seeks to find cluster centroids that yield better compactness and separation compared to
classical heuristics and swarm intelligence variants. This highlights AFSSA’s potential as a reliable tool in practical
clustering tasks where the data structure may be complex or high-dimensional.

AFSSA’s clustering performance was evaluated on several widely used benchmark datasets summarized in Table
with fixed population size N = 80 and iteration count set to 1000 for all compared algorithms including GSO, PSO,
TSA, GWO, and SSA.

Table |15| reports the mean and standard deviation (STD) of the objective function values (within-cluster sum of
squared distances) over multiple independent runs. The mean indicates the average clustering quality achieved (lower
is better), while the standard deviation reflects the consistency and reliability of the algorithm.

The results show that both AFSSA-GSO and AFSSA-PSO improve upon their original counterparts as well as
other optimizers, achieving lower means and smaller standard deviations in most datasets. These observations suggest
that AFSSA enhances the accuracy and stability of clustering solutions. Additionally, convergence analyses (Figure [4)
demonstrate that AFSSA converges faster and more reliably, confirming its superiority in balancing exploration and
exploitation for data clustering tasks.

Table 14: Clustering dataset

Data Set | Instance Number | Number of Clusters | Number of Features
Iris 150 3 4
Wine 178 3 13
CMC 1473 3 9
Glass 214 6 9
Vowel 871 6 3
Cancer 683 2 9

Table 15: Clustering objective function results

Dataset Metric AFSSA-GSO GSO AFSSA-PSO PSO TSA GWO SSA
Iris Mean 98.28 103.46 103.85 114.14 104.5 112.25 102.25
STD 4.02 3.98 3.48 7.26 3.85 7.55 2.55
Wine Mean 16309.59 16414.06 16396.28 16672.55 16549.91 16881.29 16467.29
STD 3.88 87.57 69.89 102.45 75.53 303.85 73.85
cMC Mean 5581.72 5615.24 5596.81 6198.16 6343.16 6216.69 5695.69
STD 19 28.41 23.0 231.77 49.03 105.88 81.88
Cancer Mean 2979.34 3122.75 2988.37 3309.9 3269.02 3487.62 3154.62
STD 7.71 93.23 17.14 141.22 83.89 118.75 78.75
Glass Mean 247.23 248.39 247.2 275.73 316.6 343.47 281.47
STD 1.57 1.46 2.32 16.87 23.91 35.12 24.49
Vowel Mean 149884.36 153345.31 151233.75 158557.79 150754.03 155524.99 153550.99
STD 255.07 303.25 361.09 854.1 286.55 332.25 314.25
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Figure 4: Convergences curve of the data clustering problem

5 Conclusion

This paper presented the Adaptive Fuzzy Swarm-based Search Algorithm (AFSSA), a novel control framework designed
to enhance the adaptability of swarm intelligence algorithms in complex optimization problems. By integrating a
Mamdani-type fuzzy inference system, AFSSA dynamically adjusts optimization coefficients during the search process,
enabling smooth transitions between exploration and exploitation phases. This adaptive mechanism allows algorithms
to automatically tailor their behavior to problem-specific characteristics, addressing a key limitation of conventional
swarm-based methods in high-dimensional spaces. The effectiveness of AFSSA was validated through comprehensive
experiments. When applied to PSO and GSO (resulting in AFSSA-PSO and AFSSA-GSO variants), the framework
demonstrated consistent performance across 23 standard benchmark functions (30D to 500D) and the CEC2019 test
suite. Additional validation on data clustering problems further supported its practical utility, suggesting broader
applicability beyond numerical optimization. While these results are encouraging, it is acknowledged that performance
may vary depending on problem structure and initialization conditions. Future research directions include optimizing
the fuzzy rule base specifically tailored for different classes of optimization problems, allowing the inference system to
better capture problem-specific dynamics and improve adaptation precision. Extending the AFSSA framework to other
metaheuristic algorithms—including hybrid and multi-objective optimization methods can enhance its applicability to a
wider array of complex scenarios. Furthermore, rigorous theoretical analysis of the convergence properties of AFSSA is
essential to establish formal guarantees and deepen understanding of its behavior. These advancements aim to improve
the robustness and computational efficiency of AFSSA, facilitating its broader adoption for challenging engineering and
real-world optimization tasks.
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