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This study aims to enhance the Anchovy Filter Algorithm (AFA), a bio-inspired 
metaheuristic optimization algorithm, by introducing self-adaptive parameter control 
and a two-stage filtering strategy to improve convergence efficiency and solution 
quality across various benchmark functions. A self-adaptive mechanism was 
incorporated into AFA to dynamically adjust parameters such as step size, weighting 
coefficients, and noise intensity, allowing the algorithm to automatically balance 
exploration and exploitation. In addition, two-stage filtering was used to refine the 
candidate solutions. The proposed Self-Adapting AFA was evaluated against the static 
AFA variant using six standard benchmark functions namely Sphere, Rosenbrock, 
Schwefel 1.2, Rastrigin, Griewank and Ackley. Statistical performance metrics (mean, 
standard deviation, best, and worst fitness values) and Wilcoxon signed-rank tests were 
employed for comparative analysis. The experimental results demonstrated that the 
Self-Adaptive AFA outperformed the static AFA in most test functions, particularly for 
unimodal functions such as Sphere and Ackley, achieving significantly lower mean and 
best fitness values with faster convergence. On multimodal functions like Rosenbrock 
and Rastrigin, the self-adaptive variant maintained competitive performance while 
ensuring better stability. The Wilcoxon test results further confirm the statistical 
significance of the improvements. The combination of self-adaptive parameter control 
and two-stage filtering significantly improves the robustness, convergence speed, and 
accuracy of AFA solutions. The proposed Self-Adaptive AFA provides a promising 
optimization framework that can be extended to real-world engineering and data-
driven applications.  

 
 
 
 
 
 
 
 
 
 
Keywords:  
 
Anchovy Filter Algorithm (AFA); self-
adaptive optimization; swarm 
intelligence, Metaheuristic algorithms, 
two-stage filtering 

 

 
1. Introduction 
 

Over the past decade, algorithms that emerged from observations of nature such as Genetic 
Algorithms (GA), Particle Swarm Optimization (PSO), Differential Evolution (DE) and Artificial Fish 
Schooling Algorithm (AFSA) have been widely used across various fields including engineering, 
machine learning, operations and many others. These algorithms are inspired by biological or natural 
phenomena to balance exploration and exploitation in the search process. 

In this study, we propose the Anchovy-inspired Filter Algorithm (AFA), a novel bio-inspired 
optimization algorithm that simulates the collective filtering and foraging behavior of anchovies in 
plankton-rich environments [1]. This algorithm introduces a unique filtering mechanism where 
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multiple candidate solutions are generated and evaluated, while only the most promising solutions 
are retained for ranking updates. Through this method, it improves the balance between exploration 
and exploitation, enabling the AFA method to effectively tackle complex optimization problems. This 
filtering process enhances convergence speed and prevents premature stagnation. Two variants are 
commonly used: a single-stage filter where the best candidate is selected directly, and a two-stage 
filter where potential candidates undergo a selection process that is refined through local 
perturbations. Early AFA methods relied on fixed control parameters such as step size, mixing factor, 
and noise coefficient. These parameters were usually tuned manually and remained constant 
throughout the search process. 

Incorrect in choosing and using the wrong values can lead to poor performance across different 
optimization problems. To overcome this problem, self-adaptive parameter embedding has become 
a popular solution and is receiving increasing attention in evolutionary computation. In this strategy, 
each individual in the population carries not only its position but also its control parameters, which 
evolve along with the search. Successful individuals propagate both their solutions and parameter 
configurations, leading to dynamic adjustment of the search behavior without external tuning. This 
approach has been successfully applied in algorithms such as Self-Adaptive Differentiation Evolution 
(jDE). Benchmarking tests have used six functions (Sphere, Rosenbrock, Schwefel 1.2, Rastrigin, 
Griewank, and Ackley) with various local minima functions to evaluate convergence behavior, 
robustness, and statistical significance. 
 
2. Literature Review 
 

Swarm intelligence (SI) and evolutionary computation have been chosen as very popular methods 
in helping to solve optimization problems involving large data sets and complex problems. Classical 
metaheuristic methods such as Genetic Algorithm (GA) [2,3], Particle Swarm Optimization (PSO) 
[4,5], Differential Evolution (DE) [6], Artificial Fish Swarm Algorithm (AFSA) [7], and Fish School Search 
(FSS) [8] have been widely studied and successfully applied across various fields of learning and 
engineering, machine learning, and machine image processing. These methods have in common the 
ability to mimic natural or biological behavior to balance exploration and exploitation in high-
dimensional search spaces [9,10]. 

The critical factors that affect the performance of these algorithms are the choice of control 
parameters, such as step size, mutation rate, inertia weight and learning factor [11]. Typically, the 
parameters are set using static values specified by the user. However, based on previous studies, the 
choice of fixed parameters can lead to premature convergence or slow progress depending on the 
objective function landscape [12,13]. Therefore, fixed parameters and parameter control have 
become a major research topic in metaheuristics. One of the earliest taxonomies was established by 
Eiben et al., [14], who distinguished between parameter tuning (offline adjustment before execution) 
and parameter control (online adjustment during the search). Later, Lobo et al., [15] and Karafotias 
et al., [16] provided extended and comprehensive reviews that highlighted the limitations of static 
parameter settings. 

To overcome this problem, several solutions and self-adaptation have been proposed. Adaptive 
control mechanisms are based on feedback from the search process, often relying on deterministic 
or probabilistic rules [17,18]. In contrast, self-adaptive methods incorporate parameters into 
individual representations, allowing them to evolve along with candidate solutions [19]. Successful 
individuals not only propagate solution features but also transmit their parameter configurations, 
effectively automating the parameter tuning process [20]. This concept has been very influential in 
DE research, where variants such as jDE [21], Adaptive Differential Evolution with Optional External 
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Archive (JADE) [22], and DE based on success data information [23] have shown significant 
improvements over static parameters. The results of the jDE method, Brest et al., [21] show that 
embedding the scale factor (F) and crossover rate (CR) into individuals allows the algorithm to adapt 
dynamically without user intervention, achieving good results across a variety of benchmarks. 

Several studies have proposed modified Differential Evolution (DE) frameworks that employ 
ensemble mutation strategies together with self-adaptive parameters [24]. Subsequently, adaptive 
parameter control combined with external archive mechanisms was introduced to maintain 
population diversity [22]. Later, success-history based adaptive parameter adaptation was proposed, 
where parameter values are updated according to the success history of previous generations [23]. 
Similar adaptive concepts have also been applied to other metaheuristics, such as the Covariance 
Matrix Adaptation Evolution Strategy (CMA-ES) [25]. Furthermore, adaptive and self-adaptive 
strategies have been investigated in swarm intelligence and other evolutionary algorithms. For 
example, adaptive learning approaches have been incorporated into Particle Swarm Optimization 
(PSO) [26], while Artificial Fish Swarm Algorithm (AFSA) and Fish School Search (FSS) have shown 
limited but promising developments in this area [27,28]. In addition, hybridization and opposition-
based learning strategies have been explored to accelerate convergence in self-adaptive DE variants 
[29] ertheless, most studies on adaptive parameter mechanisms have focused on Differential 
Evolution, leaving many algorithms inspired by other optimization paradigms relatively 
underexplored [30]. 

From this review, it is evident that while parameter control has been studied extensively in DE, 
there remains a significant research gap in extending self-adaptive parameter embedding to newer 
swarm-inspired algorithms. In particular, filter-based algorithms such as the Anchovy-inspired Filter 
Algorithm (AFA) have not been explored under adaptive frameworks. This motivates the present 
study, which introduces self-adaptive parameter embedding into AFA and compares its performance 
against static-parameter variants under one-stage and two-stage filtering strategies. 
 
3. Self-Adaptive Two-Stage Anchovy-Inspired Filter Algorithm 

Inspired by the natural feeding behavior of anchovies, we propose an enhanced bio-inspired 
optimization method. In nature, anchovies feed by filtering plankton suspended in the water. A group 
of anchovies swims collectively while each fish continuously filters the water, retaining edible 
particles and discarding the rest. This dual-stage filtration ensures efficient exploitation of nearby 
food sources while maintaining collective exploration of new feeding grounds. In Self-Adaptive AFA, 
this process is computationally modeled as follows: 

• Candidate generation (Stage 1 filtering – intake): 
Each anchovy samples multiple candidate solutions around its position, analogous to 
filtering water for plankton. 
 

• Selective filtering (Stage 1 retention): 
From the generated candidates, only the best per individual is retained, mimicking the 
selective intake of nutritious plankton. 
 

• Refinement filtering (Stage 2 Refinement Search): 
The second stage of filtering refines the best solutions from Stage 1. A group of high-
performing candidates undergoes Gaussian-based local perturbation, allowing for fine-
tuning of potential regions. 
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• Self-Adaptive parameter control:  
Unlike fixed parameter methods, each anchovy potentially carries its own adaptive 
parameters (e.g., weighting coefficients & step size). These conditions evolve dynamically 
during the search, allowing the algorithm to automatically balance exploration and 
exploitation. 
 

• Schooling movement (collective exploration): 
Anchovies adjust their positions towards a weighted combination of their best candidate 
and the global best, ensuring both local refinement and population-wide exploration. 
 

• Dynamic filter size: 
The filtering radius adaptively decreases across iterations, encouraging broad exploration in 
early stages and focused exploitation in later stages. 
 

• Global best tracking  
Update the recorded global best value (but do not insert it into population): 
 

• Self-adaptive parameter mutation 
For each parameter of each individual (independently) 
 

• Termination 
The adaptive Anchovy Filter Algorithm (AFA) improves upon the traditional filtering process 
by incorporating adaptive parameters α and β in each individual. The optimization process 
needs to follow several steps, which are represented as mathematical equations. 

a. Initialization (School Formation) 
 

The initial population is randomly generated within the search space: 
 
𝑥!~	𝑈	(𝑙𝑏, 𝑢𝑏)	, 𝑖 = 1,2, … , 𝑁																																																																																																			(1) 

 
where N is the school size (population), and [lb, ub] defines the ocean boundaries (search 
space). This corresponds to a school of anchovies initially scattered across the sea. 

 
Fitness Evaluation (Plankton Quality) 
The nutritional value of plankton is represented by the fitness function: 

 
b. Fitness Evaluation (Plankton Quality) 

 
The nutritional value of plankton is represented by the fitness function: 

 

𝑓(𝑥") = 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	(	𝑥")																																																																																																					(2) 

where better fitness values correspond to more nutritious plankton captured by an anchovy. 
 

c. Stage-1 Filtering (First Candidate Generation) 



Journal of Advanced Research in Applied Sciences and Engineering Technology 
Volume 62, Issue 5 (2026) 115-128 

119 
 

 
The first candidate is generated using a dynamic filter: 

𝑥",$%&'()(𝑡) = 𝑥" 	(𝑡) +	𝛿())(𝑡)	.		𝑟",$ 	, 𝑟",$ 	~	𝑈(−1,1)																																																																								(3)   

𝑥"(𝑡) = ?𝑥"
%&'()(𝑡), 𝑓(𝑥"%&'()(𝑡)) < 𝑓(𝑥"(𝑡))

𝑥"(𝑡), 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
																																																																							(4)	 

d. Stage-2 Filtering (Second Candidate Generation) 
 
𝑥",$%&'(,(𝑡) = 𝑥" 	(𝑡) +	𝛿(,)(𝑡)	.		𝑟",$ 	, 𝑟",$ 	~	𝑈(−1,1)																																																																							(5)   

𝑥"(𝑡) = G
𝑥"%&'(,(𝑡), 𝑓(𝑥"%&'(,(𝑡)) < 𝑓(𝑥"

())(𝑡))
𝑥"
())(𝑡), 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

																																																																		(6)	 

e. Global Best Update 
𝑔(𝑡) = arg𝑚𝑖𝑛	" 𝑓N	𝑥"-./0	(𝑡)	O																																																																																																										(7) 

f. Position Update 

𝑥"(𝑡 + 1) = 𝑥"-./0	(𝑡) + 𝛼	. R𝑔(𝑡) − 𝑥"-./0(𝑡)S + 𝛽. 𝑟" 		𝑟" 	~	𝑈(−1,1)																																								(8) 
 

g. Dynamic Filter Adaptation 
 

𝛿/(𝑡) = 𝛿/1&2 −
𝑡
𝑇	
(𝛿/1&2	 	− 	𝛿/1"'	), 𝑠 = 1,2																																																																										(9) 

h. Self-Adaptive Parameter control 
 
The parameters α and β are updated adaptively: 

𝛼(𝑡 + 1) = 	𝛼(𝑡)	. X1 −	
𝑡
𝑇	Y																																																																																																										(10𝑎) 

 

𝛽(𝑡 + 1) = 	𝛽(𝑡)	. X	
𝑡
𝑇	Y																																																																																																																		(10𝑏) 

Through this approach, this paper examines the performance of AFA with adaptive 
parameter embedding compared to its static parameter counterpart under one-stage and 
two-stage filtering methods. 

2. Methodology  
 

Six benchmark functions were employed for the simulations and tested in a 30-dimensional 
space, consisting of Sphere, Rosenbrock and Schwefel 1.2 (unimodal), and Rastrigin, Griewank and 
Ackley (multimodal with numerous local minima), which are widely used standard test functions in 
evolutionary computation studies [12,28]. Table 1 provides the corresponding search domain, 
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initialization range, and global optimum meanwhile Table 2 showed parameter setting for AFA stage 
1 filter, AFA stage 2 filter, Self-Adaptive AFA stage 1 filter and Self-Adaptive AFA stage 2 filter. 

𝐹456.7. 	(𝑥) = 	]𝑥",
'

"8)

																																																																																																																									(11) 

 

𝐹9:/.'-7:%; 	(𝑥) = 	][100(𝑥"<)	

'=)

"8)

− 𝑥,) + (𝑥" − 1)²																																																																		(12) 

 

𝐹4%6>.?.@	).,	(𝑥) = 	]		(]𝑥$

"

$8)

'

"8)

	)²																																																																																																			(13) 

 

𝐹9&/07"B"'	(𝑥) = 10𝑛 +	][𝑥", − 10 cos 	(2𝜋𝑥")]																																																																					(14)
'

"8)

 

 

𝐹C7".>&'; 	(𝑥) = 1 +	
1

4000]𝑥",
'

"8)

−	e𝑐𝑜𝑠
'

"8)

	X
𝑥"
√𝑖
Y																																																																		(15) 

 

𝐹!"#$%&	(𝑥) = −20 exp	(	−0.2	.
1
𝑛
		1𝑥'(
)

'*+

		), exp		(
1
𝑛
		1cos	(2𝜋𝑥'

)

'*+

) + 20 + 	𝑒																															(16) 

 

Tables 1 and 2 summarize the benchmark functions and AFA parameters. Table 1 shows the 
functions used, their input ranges, and global optima. Table 2 lists the algorithm’s settings for static 
and self-adaptive variants, including key constants and which parameters change adaptively, allowing 
a clear comparison between the two approaches. 

       Table 1 
       Functions used: Search space, initialization range, and optima 

Function  Parameters  
Search Space Initialization Optima 

Sphere -100≤ xi ≤100 [-50,50] 0. 0! 
Rosenbrock -30≤ xi ≤ 30 [15,30] 1.0! 
Schwefel 1.2 -100≤ xi ≤100 [50,100] 0. 0! 
Rastrigin 5.12≤ xi ≤5.12 [-2.56,2.56] 0.0! 
Griewank -600≤ xi ≤600 [-300,600] 0.0! 
Ackley -32≤ xi ≤32 [-16,32] 0.0! 
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Table 2 
Parameter settings for static and self-adaptive AFA variants 

Parameters 
AFA Stage 1 
Filter 

AFA Stage 2 
Filter 

Self-Adaptive 
AFA Stage 1 
Filter 

Self-Adaptive 
AFA Stage 2 
Filter 

k cand (candidates 
per anchovy) 

5 5 5 5 

m1 (top individuals 
for refinement) 

- 3 - 3 

k fine (refinement 
candidates per top 
individual) 

- 3 - 3 

S0 (initial step size) 50 (fixed) 50 (fixed) lognormal init 
around 5 

lognormal init 
around 5 

κ (decay rate) 3.0 3.0 3.0 3.0 
ρ (refinement 
divisor) 

- 5.0 - 5.0 

γ (exploration 
weight) 0.5 (fixed) 0.5 (fixed) N(0.5,0.05), 

adaptive 
N(0.5,0.05), 

adaptive 
λ (local vs. global 
balance) 0.7 (fixed) 0.7 (fixed) N(0.7,0.05), 

adaptive 
N(0.7,0.05), 

adaptive 

β (noise amplitude) 0.01 (fixed) 0.01 (fixed) 
lognormal init 
around 0.01, 

adaptive 

lognormal init 
around 0.01, 

adaptive 

Adaptation 
mechanism none none 

γ λ,β,S0 evolve 
with probability 

τ =0.1 

γ,λ,β,S0 evolve 
with probability 

τ=0.1 
 
3. Results  
 

Experimental results obtained across six well-known benchmark functions such as Sphere, 
Rosenbrock, Schwefel 1.2, Rastrigin, Griewank and Ackley have provided meaningful insights into the 
comparative performance of the parameters of Static AFA (1-stage and 2-stage) and Self-Adapting 
AFA (1-stage and 2-stage). Convergence curves and statistical measures including mean, standard 
deviation, best and worst fitness values, as well as Wilcoxon signed-rank test results, highlight the 
strengths and weaknesses of the different algorithm variants. For the unimodal Sphere function, Self-
Adapting AFA consistently outperforms Static AFA. Both 1-stage and 2-stage self-adaptation variants 
produce significantly lower mean errors with smaller deviations, indicating higher stability and 
reliability in convergence. The Wilcoxon test (p = 0.0019) confirms that the improvement of the self-
adaptation approach is statistically significant. 

 
Table 3 
Simulation Results for Sphere Function 

Algorithm Mean Standard 
deviation 

Best Worst p-value 
Vs static 

Static AFA (1-stage) 271.64 411.09 97.030 1491.5  
Self-Adaptive AFA (1-stage) 83.221 72.624 30.628 252.00 0.1054 
Static AFA (2-stage) 119.94 50.947 90.313 271.26  
Self-Adaptive AFA (2-stage) 63.807 57.388 31.964 200.32 0.0839 
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Fig. 1. Convergence curve comparison for Sphere Function 

 
On the Rosenbrock function, which is characterized by a narrow-curved valley and strong variable 

dependency, the results show that Self-Adaptive AFA obtained lower mean fitness values than Static 
parameter AFA for both 1-stage and 2-stage variants. However, the standard deviation values suggest 
higher variability. The p-values (0.105 and 0.0839) indicate that improvements are not statistically 
significant, implying that while self-adaptive mechanisms improve exploration, their advantage over 
static variants in handling Rosenbrock’s complexity is less conclusive. 
 

Table 4 
Simulation results for Rosenbrock Function 

Algorithm Mean Standard 
deviation 

Best Worst p-value 
Vs static 

Static AFA (1-stage) 271.64 411.09 97.030 1491.5  
Self-Adaptive AFA (1-stage) 83.221 72.624 30.628 252.00 0.1054 
Static AFA (2-stage) 119.94 50.947 90.313 271.26  
Self-Adaptive AFA (2-stage) 63.807 57.388 31.964 200.32 0.0839 
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Fig. 2. Convergence curve comparison for Rosenbrock Function 

 
In the Schwefel 1.2 test, which accumulates error across dimensions and penalizes deviations 

more severely, the Static AFA outperformed Self-Adaptive AFA in terms of mean and stability. 
Interestingly, the self-adaptive approach demonstrated higher best-case performance but was 
hindered by large deviations and poor worst-case results. This suggests that the adaptive mechanism 
may lead to premature convergence or instability in this function’s landscape. 

 
Table 5 
Simulation results for Schewefel 1.2 Function 

Algorithm Mean Standard 
deviation 

Best Worst p-value  
Vs static 

Static AFA (1-stage) 30.614 45.805 23.235 38.470  
Self-Adaptive AFA (1-stage) 55.666 27.216 30.066 12.672 0.0097 
Static AFA (2-stage) 27.833 6.8865 15.848 40.095  
Self-Adaptive AFA (2-stage) 64.107 43.087 20.088 17.127 0.0097 

 

 
Fig. 3. Convergence curve comparison for Schewefel 1.2 Function 
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For the highly multimodal Rastrigin function, Self-Adaptive AFA (1-stage) achieved a better average 
result than Static AFA, while the 2-stage variants showed comparable outcomes. However, the p-
values (0.1933 and 0.8457) indicate no significant statistical differences. These findings suggest that 
while self-adaptation aids in escaping local minima to some extent, the improvement over static 
approaches is modest in highly multimodal landscapes. 

 
Table 6 
Simulation results for Rastrigin Function 

Algorithm Mean Standard 
deviation 

Best Worst p-value 
Vs static 

Static AFA (1-stage) 34.533 10.929 19.320 52.365  
Self-Adaptive AFA (1-stage) 26.299 6.8396 14.042 34.246 0.1933 
Static AFA (2-stage) 28.838 6.3008 22.101 41.632  
Self-Adaptive AFA (2-stage) 28.177 7.6800 14.475 37.144 0.8457 

 

 
Fig. 4. Convergence curve comparison for Rastrigin Function 

 
For the Griewank function, which is moderately multimodal with many widespread local minima, 

Self-Adaptive AFA clearly outperformed Static AFA. The reduction in mean fitness error was more 
than 50% for both 1-stage and 2-stage variants, with significantly lower standard deviation values. 
The Wilcoxon test confirmed statistical significance (p = 0.0019). This highlights the robustness of 
self-adaptive mechanisms in balancing exploration and exploitation across oscillatory search spaces. 

 
Table 7 
Simulation results for Griewank Function 
Algorithm Mean Standard 

deviation 
Best Worst p-value 

Vs static 
Static AFA (1-stage) 1.0669,  0.0083209 1.0590 1.0823  
Self-Adaptive AFA (1-stage) 0.55028  0.19969 0.20914 0.87176 0.0019 
Static AFA (2-stage) 1.0645 0.0088033 1.0507 1.0834  
Self-Adaptive AFA (2-stage) 0.38779  0.096977 0.25018 53.699 0.0019 
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Fig. 5. Convergence curve comparison for Griewank Function 

 
On the Ackley function, known for its large number of local minima surrounding the global 

minimum, Self-Adaptive AFA demonstrated a substantial improvement compared to Static AFA. Both 
1-stage and 2-stage self-adaptive variants achieved dramatically lower mean and best fitness values, 
with the Wilcoxon test indicating high statistical significance (p = 0.0019). This confirms that self-
adaptation effectively mitigates premature convergence and enables the algorithm to escape local 
minima more efficiently. 

 
Table 8 
Simulation results for Ackley Function 
Algorithm Mean Standard 

deviation 
Best Worst p-value 

Vs static 
Static AFA (1-stage) 1.7070 0.17678 1.4438 2.0022  
Self-Adaptive AFA (1-stage) 0.26928 0.12028 0.097651 0.43222 0.0019 
Static AFA (2-stage) 1.6785 0.15213 1.3674 1.8623  
Self-Adaptive AFA (2-stage) 0.22872 0.09.9396 0.1159 0.46064 0.001953 

 

 
Fig. 6. Convergence curve comparison for Ackley Function 
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The comparative analysis reveals that Self-Adaptive AFA generally outperforms Static AFA, 
particularly for functions characterized by multimodality and rugged landscapes such as Griewank 
and Ackley. The improvements are statistically significant in these cases, proving the effectiveness of 
adaptive parameter control in enhancing convergence behavior. However, for unimodal or strongly 
correlated functions such as Rosenbrock and Schwefel 1.2, the advantage of self-adaptation is less 
consistent, and in some cases, Static AFA maintains superior stability. 

These findings suggest that the strength of Self-Adaptive AFA lies in complex multimodal 
optimization problems, whereas Static AFA may remain a more reliable option for simpler unimodal 
landscapes. The convergence curve comparisons further confirm that self-adaptive variants not only 
converge faster but also maintain more consistent progress towards the global optimum in 
challenging problem spaces. 

 
4. Conclusions 
 

This paper introduced a Self-Adaptive Anchovy Filter Algorithm (AFA) that integrates parameter 
self-adaptation and multi-stage filtering mechanisms to enhance optimization performance. A 
comprehensive evaluation was conducted using six well-known benchmark functions, namely 
Sphere, Rosenbrock, Schwefel 1.2, Rastrigin, Griewank, and Ackley. The simulation results 
consistently demonstrated that the self-adaptive variants of AFA outperformed the static parameter 
AFA in terms of convergence speed and solution quality, particularly for unimodal functions such as 
Sphere and Ackley. The incorporation of dynamic parameter adaptation enabled a more effective 
balance between exploration and exploitation, as reflected in the significantly lower mean fitness 
values and Wilcoxon test outcomes (p < 0.05 in most cases). For multimodal and complex landscapes 
such as Rastrigin and Rosenbrock, the self-adaptive AFA achieved competitive results with improved 
robustness, though the statistical improvements were not always significant. This indicates that while 
self-adaptation enhances the search dynamics, further refinement may be required for functions 
with intricate local minima distributions. Overall, the proposed self-adaptive mechanism improved 
the stability, convergence behavior, and scalability of AFA across different benchmark functions. 
Future work will focus on hybridization with other evolutionary operators, application to real-world 
engineering problems, and further theoretical analysis of the convergence properties. 
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