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Article history: Cuckoo Search Algorithm (CSA) has emerged as a powerful bio-
Received 4 March 2026 inspired metaheuristic, yet its reliance on random-walk search often
Revised 15 April 2026 leads to slow convergence and susceptibility to local optima. This study
éc%ept?i 2t1 May 2026 introduces an Adaptive Elite Cuckoo Search Algorithm (AECSA),
Pl?bllrilsehelésl September 2026 designed to enhance both convergence speed and solution precision. The

proposed modifications integrate two key mechanisms: (i) an adaptive
step-size strategy that dynamically adjusts the Lévy flight scale to
Keywords: . balance global exploration and local exploitation, and (ii) an elitist
Adaptive Step-Size crossover scheme that enables information sharing among the top-

Crossover : : :

. performing solutions to accelerate progress toward the global optimum.
gﬁf};ﬁ? Search Algorithm The AECSA was validated across six classical benchmark functions
Metaheuristic Algorithm under extensive simulations. Results demonstrate that AECSA
Optimization consistently outperforms the standard CSA, achieving up to 85% faster

convergence and significantly improved solution accuracy, with
DOI: statistical validation via a two-tailed t-test. These findings highlight the
10.24191/jerinn.v11i2.609 robustness and efficiency of AECSA, making it a promising approach

for tackling complex, high-dimensional optimization problems in
engineering and computational intelligence.

1. INTRODUCTION

Optimization underpins a wide spectrum of scientific and engineering applications, including feature
extraction, scheduling, manufacturing and path planning (Begum & Valan, 2026; Mechaacha et al., 2026;
Wu et al., 2026; Yang et al., 2025). Yet, real-world problems are rarely static; they are often characterized
by uncertainty, dynamic constraints, computational expensive and high-dimensional search spaces. Such
complexities render many classical optimization techniques inadequate, as their rigid structures prevent
effective adaptation to changing problem landscapes (Alibabaei Shahraki, 2025). Moreover, the reliance of
gradient-based approaches on derivative information further limits their applicability. In highly nonlinear
or ill-posed problems, generating accurate derivatives is either computationally expensive or infeasible,
leading to poor convergence and suboptimal solutions (Walton et al., 2011). These limitations highlight the
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need for flexible, derivative-free optimization frameworks capable of maintaining performance across
diverse problem settings.

Bio-inspired metaheuristic algorithms have emerged as a promising alternative, offering adaptability
and robustness by mimicking natural phenomena. Genetic Algorithms (Holland, 1992), grounded in
evolutionary theory, Ant Colony Optimization (Dorigo et al., 1991), inspired by pheromone-based foraging,
and Carnivorous Plant Algorithm (Ong et al., 2021), motivated by adaptive survival strategies of
carnivorous plants in resource-limited environments, exemplify this class of approaches. Their rule-based
mechanisms allow efficient exploration and exploitation without explicit gradient information, making
them well-suited for complex and dynamic problem spaces.

Within this paradigm, the Cuckoo Search Algorithm (CSA) (Yang & Deb, 2010) has gained attention
for its simplicity and effectiveness. Modelled on the brood parasitism behaviour of cuckoos, CSA employs
Lévy flight random walks and selection strategies to balance exploration and exploitation. Since its
introduction, CSA has been successfully applied across diverse fields, including scheduling (Pavithra &
Rekha, 2025), feature extraction (Shi et al., 2025), image segmentation (Subha & Kumaran, 2025) and
financial risk prediction (Cai, 2025), to name a few. Despite its successes, CSA remains challenged by slow
convergence, weak global exploration, and insufficient exploitation of population knowledge, resulting in
premature convergence (Ouyang et al., 2025).

To address these limitations, extensive enhancements to CSA have been proposed. Choudhary and
Rajak (Choudhary & Rajak, 2026) introduced an egg-laying radius mechanism to guide solution generation
toward an ideal habitat, improving directed exploration. Ouyang et al. (Ouyang et al., 2025) incorporated
entropy-based selection, adaptive global search, and hierarchical nest replacement to accelerate
convergence and mitigate premature stagnation. Subha and Kumaran (2025) strengthened exploitation by
integrating opposition-based learning. Further improvements include chaotic and adaptive control
mechanisms, such as integrating logistic maps (Dar et al., 2025), reinforcement learning (Yu et al., 2026),
adaptive step-size regulation (Tian et al., 2025), inertia-weight reduction (Safdar et al., 2025), dynamic
switching parameters (Mimansha & Kumar, 2025), migration operators (BahraniPour et al., 2025), and
adaptive termination strategies (Acharjee & Chaudhuri, 2023). Another line of research emphasizes elite-
guided optimization (Tian et al., 2024; Yang et al., 2023), where high-quality solutions are explicitly
exploited to accelerate convergence. In addition, population-level structural enhancements, such as
diffusion mechanisms (Chen et al., 2023a), Voronoi-based partitioning (Maddaiah & Narayanan, 2023),
and dynamic neighbourhood search (Chen et al., 2023b), have been explored to further improve search
efficiency and diversity. In parallel, hybrid CSA variants combining complementary metaheuristics, such
as Ant Colony Optimization (Yin et al., 2025), Naked Mole Rat Algorithm (Salgotra et al., 2025), Bat
Algorithm, Grey Wolf Algorithm (Garg et al., 2025), Simulated Annealing (Saleh et al., 2025), Whale
Optimization Algorithm (Mazari et al., 2025) and Big Bang-Big Crunch (Yajid et al., 2025), have been
widely investigated to further enhance robustness and solution quality.

Despite extensive modifications, existing CSA variants still face key limitations. Adaptive strategies
remain problem-dependent with limited generalizability, hybrid methods increase computational overhead,
and elite-guided approaches often induce premature convergence due to excessive selection pressure.
Moreover, exploration and exploitation are typically treated separately, leading to weak coordination
between global and local search. Consequently, a unified and efficient framework remains lacking. Building
on prior advances in adaptive control and elite utilization, this study aims to propose an Adaptive Elite
Cuckoo Search Algorithm (AECSA) that integrates adaptive search regulation with elitist exploitation to
enhance convergence efficiency. The proposed approach is validated through comprehensive benchmark
evaluations. The main contributions of this study are summarized as follows:

e An AESCA is proposed by integrating adaptive Lévy flight step-size control with elitist crossover,
enabling coordinated exploration and exploitation while maintaining computational simplicity.
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e Extensive evaluations show that AECSA significantly improves convergence efficiency and
solution accuracy compared to the standard CSA and conventional metaheuristic methods.

The remainder of this paper is organized as follows. Section 2 reviews the standard CSA and its
limitations. Section 3 presents the proposed AECSA, while Section 4 reports comparative performance
results on benchmark functions. Conclusions are drawn in Section 5.

2. CUCKOO SEARCH ALGORITHM

The CSA is inspired by the brood parasitism behaviour of cuckoos. In this strategy, cuckoos lay eggs in
host nests by mimicking the appearance of host eggs, thereby increasing the likelihood of survival. Host
birds may detect and reject alien eggs or abandon the nest, prompting cuckoos to continuously refine their
parasitic strategies. This evolutionary arms race between cuckoos and host birds is abstracted in CSA
through selection and replacement mechanisms that favour high-quality solutions while eliminating inferior
ones, forming the basis of its search mechanism (Yang & Deb, 2010).

Accordingly, CSA initializes with a randomly generated population of host nests, where each nest
represents a candidate solution. New solutions are subsequently generated via Lévy flight and evaluated
against randomly selected nests, and those superior solutions are retained and propagated to the next
generation through selection-based replacement (Tian et al., 2024).

For simplicity, CSA is formulated under three idealized assumptions (Yu & Luo, 2023), whereby (i)
each cuckoo deposits a single egg in a randomly selected host nest representing a candidate solution; (ii) a
subset of nests containing high-quality solutions is preserved for subsequent generations; and (iii) the total
number of host nests remains fixed while inferior solutions are probabilistically discarded or replaced to
model host discovery behaviour.

The first assumption is implemented through stochastic solution generation using Lévy flight, whereby
a new candidate solution is produced via a random-walk process defined in Eq.(1) and Eq.(2).

x, (iter +1) = x, (iter) + a x Levy(A) )
1

(A |
F(l—i—ﬂ)xsm?
A-1

(M4 )

Levy(4) = (2)

Here, x, denotes the solution vector, ifer represents the current iteration, I' is the gamma function, and A is
a constant (1< A <3). To ensure convergence, the second assumption enforces elitist selection, allowing
only fitter solutions to survive. The third assumption introduces diversification by probabilistically
replacing a fraction p, €[1,0] of the »n host nests with newly generated solutions within the prescribed

bounds, as defined in Eq.(3):

X =X

i i,min

+rand (0,1)(X, o = X; i ) 3)

i,max
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where x, . and x, __denote the lower and upper limits of the i-th dimension. The complete CSA procedure

i.min i.max

is summarized in Algorithm 1 (Yang & Deb, 2010).

Algorithm 1. Cuckoo search algorithm
begin
Generate initial population of » host nest x;, i = 1,2,...,n
for all x;do
Evaluate the fitness function F; = f{x;)
end for
while (iter<MaxGeneration) or (stopping criterion)
Generate a cuckoo egg x; from random host nest by using Lévy flight
Calculate the fitness function F; = f{x))
Get a random nest i among » host nest
if (F;> F;) then
Replace x; with x;
Replace F; with F;
end if
Abandon a fraction p, of the worst nests
Build new nests randomly to replace nests lost
Evaluate the fitness of new nests
end while
end

While the standard CSA provides an effective framework for global optimization, its search behaviour
is heavily governed by the stochastic nature of Lévy flight. As indicated in Eq.(1), the step size a critically
determines the search scale: large values enhance exploration but may cause inefficient sampling or
boundary violations, whereas small values restrict diversity and slow convergence (Chandrasekaran &
Simon, 2012). To balance global and local search, a is fixed at 1 in the original CSA formulation (Xin-She
& Deb, 2009). However, this static setting lacks adaptability across different search stages. In addition, the
absence of structured information exchange among elite solutions limits exploitation efficiency, increasing
susceptibility to premature convergence in complex or high-dimensional problems. These limitations
motivate the development of an enhanced CSA framework that adaptively regulates search dynamics while
explicitly exploiting elite information, leading to the proposed AECSA.

3. ADAPTIVE ELITE CUCKOO SEARCH ALGORITHM

To accelerate convergence while preserving the fundamental characteristics of CSA, the proposed AECSA
introduces two key enhancements: (i) an adaptive Lévy flight step-size strategy; and (ii) an elitist crossover
mechanism.

3.1 Adaptive search strategy

Appropriate regulation of the Lévy flight step size a is critical to balancing global exploration and local
exploitation such that the search strategy is neither too aggressive nor too ineffective. Unlike the original
CSA, where a is fixed, AECSA dynamically adjusts a according to the search progress. The adaptive step-
size formulation is defined in Eq.(4):

https://doi.org/10.24191/jcrinn.v11i2.609

©Authors, 2026


https://doi.org/10.24191/jcrinn.v11i2.609
https://doi.org/10.24191/jcrinn.v11i2.609

92 Pauline & Hang / Journal of Computing Research and Innovation (2026) Vol. 11, No. 2

a
a=a_ | 1+—=xtanh

i NG m 4

where amin denotes the minimum allowable step size, ay is the initial step size, G represents the current

iteration, tanh(() is the hyperbolic tangent function, F' (PO ) is the best fitness in the initial population, and

best

F (F;fes,) is the best fitness at iteration G.

At carly stages, the population is widely dispersed across the search space; therefore, a relatively large
a is employed to promote global exploration. As iterations progress and solutions converge toward
promising regions, o is gradually reduced to enable finer local search around the current best solution. This

behaviour motivates the inclusion of the scaling parameter «,, / JG in the adaptive strategy, where a large

initial value is assigned to oy in accordance with the problem domain to enhance far-field randomization
during early iterations. Additionally, the hyperbolic tangent function provides a normalized measure of

optimization progress. For a minimization problem, F (Pb’m)SF (Pb(is,), and thus the ratio

F (Bfm)/ F (Bf;w )monotonically decreases as the optimization progresses. Consequently, the tanh-based

scaling term gradually diminishes, leading to a reduction in step size and a natural transition from global
exploration to local exploitation.

From an optimization standpoint, search agents intensify exploitation in regions associated with high-
quality solutions, where the probability of generating competitive offspring and locating the global
optimum is higher. Conversely, stagnation or degradation in solution quality triggers exploration of
unexplored regions to restore diversity (Salinas-Gutiérrez & Muifloz Zavala, 2023). This behaviour is
regulated by the adaptive adjustment of the step size a, driven by the fitness improvement rate encoded by
the monotonic hyperbolic tangent function in Eq.(4). Higher improvement rates result in smaller step sizes,
enabling intensive local search, whereas stagnation increases a to facilitate exploration. Note that since
0 <tanh(0) <1, to prevent premature stagnation, a lower bound amir is enforced, ensuring nonzero step sizes

throughout the search.

3.2 Elitist crossover mechanism

In the standard CSA, search agents operate independently, resulting in limited information exchange
among solutions. To address this limitation, AECSA incorporates a genetic algorithm—inspired crossover
mechanism that generates new candidate solutions from an elite subset of the population. Specifically, the
top 25% of solutions ranked by fitness are designated as elites, from which two individuals are randomly
selected to produce offspring using the crossover operation defined in Eq.(5) (Higashi & Iba, 2003):

x,, (iter +1) = rand x elite, (iter) + (1 — rand ) x elite, (iter)

(6))

X, ,(iter +1) = rand x elite, (iter) + (1 - rand) x elite, (iter)

where rand is a random value from a uniform distribution over the interval [0,1]. This elite-guided
recombination enables effective information sharing among high-quality solutions, biasing offspring
generation toward promising regions of the search space and thereby accelerating convergence with fewer
function evaluations. The 25% elite threshold represents a trade-off between selection pressure and
population diversity. A smaller elite set may lead to rapid but potentially premature convergence, whereas
https://doi.org/10.24191/jcrinn.v11i2.609
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a larger set may dilute the influence of high-quality solutions. The chosen proportion ensures that crossover

is guided by sufficiently fit individuals while preserving diversity for effective exploration.

The procedural steps of the proposed AECSA are summarized in Algorithm 2. To enforce boundary
constraints, any newly generated solution that falls outside the feasible domain is discarded, and the

corresponding solution position and fitness value are retained.

Algorithm 2. Adaptive elite Cuckoo search algorithm

begin
Generate initial population of n host nest x;, i = 1,2,...,n
Define minimum Lévy flight step size omin
Define initial Lévy flight step size ao
for all x;do
Evaluate the fitness function F; = f{x;)
Find the minimum fitness value y among all the host nests
end for
while (iter<MaxGeneration) or (stopping criterion)
for all host nests do
Sort all host nests by order of fitness
for all top eggs do
Current position Xx;
Generate the new cuckoo egg x; using Eq.(1)
end for
for all non-top eggs do
Current position Xx;

Generate a cuckoo egg x; from host nest x; by calculating the step size a for Lévy flight using

Eq.(4)
end for
if (x;falls outside the bounds)
Replace x; with x;
end if
Calculate the fitness function F; = f(x;)
Get a random nest 7 among 7 host nest
if (F;> F;) then
Replace x; with x;
Replace F; with F;
end if
end for
Abandon a fraction p, of the worst nests
Build new nests randomly to replace nests lost using Eq.(5)
Evaluate the fitness of new nests
end while
end

4. RESULTS AND DISCUSSION

In this study, six standard benchmark functions, i.e., Ackley, de Jong, Easom, Griewank, Rastrigin, and
Rosenbrock (Ong et al., 2021), are employed to evaluate the effectiveness of the proposed AECSA and to
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compare its performance against the standard CSA. The dimensionality, search domains, and global optima
of these benchmark functions are summarized in Table 1.

In practical optimization, the effectiveness of an algorithm is assessed by its ability to achieve
meaningful performance gains under reasonable computational cost and acceptable error tolerance.
Accordingly, the search performance of CSA and AECSA is evaluated using two criteria: convergence
efficiency and solution precision. Precision is quantified by the average Euclidean distance between the
best solution and the known global optimum under a fixed number of iterations, while convergence
efficiency is measured by the average number of iterations required to satisfy a predefined error tolerance.

For each benchmark function, 30 independent runs are conducted with a population size of 20 host
nests. At each iteration, the Euclidean distance between the current best solution and the global optimum
(Ey) is recorded, and simulations terminate when the best fitness falls below a minimum error threshold
€<10”°. Mean performance curves are obtained by averaging results of Er over all runs. Statistical
significance of performance differences between CSA and AECSA is assessed using a two-tailed t-test at
a 5% significance level.

Table 1: Parameter settings of the benchmark functions

Global

Function Equation Dim, Search space Optimum, Opt.lmum
d Point, x+«
fix)
d
f(x)=-20 exp(O.Z %fo J
Ackley ) - 50 [-32.768,32.768] 0 (0,0,....0)
—exp (éZcos(Zﬁxi)J +20+e
i=l
d
De Jong fx=>x 50 [-5.12, 5.12] 0 (0,0,...,0)
i=1
Easom 2D f(x)=—cos(x,) cos(x,) exp [*(xl ~z) (%, - ﬂ)z} 2 [-100, 100] -1 (m, m,..., m)
Griewank f(x)—Lix2 —ﬁcos S I 100 [-600, 600] 0 (0,0,...,0)
riewa 2000 & ; | \/l— -600, 0,...,
d
Rastrigin F(x)=10d + Y [x? ~10cos(27x,)] 10 [-5.12,5.12] 0 (0,0,....0)
i=1
d-1
Rosenbrock  f(x) = [(1-x,)" +100(x,,, —x7)’] 10 [-100, 100] 0 (L1,...,1)
i=1

4.1 Performance comparison of AECSA with benchmark algorithms in terms of fixed tolerance
error

Table 2 first compares the number of iterations required by AECSA and the baseline CSA to reach the
known global optima under a fixed error tolerance €. In addition, AECSA is further evaluated against
Particle Swarm Optimization (PSO) and Genetic Algorithm (GA). The convergence behaviour, expressed
as the average distance to the global optimum, is illustrated in Fig. 1 to Fig. 6 for each benchmark function.
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Table 2: Comparison of CSA and AECSA in terms of iterations required to converge to the global optimum

Function CSA AECSA t- p- Statistically
Best  Worst Mean  SD Best Worst Mean  SD  Statistic  value  Significant?
Ackley 3799 4856 4249 223 2780 3065 2965 67 30.20 <0.05 Yes
de Jong 1673 1815 1753 42 1104 1317 1222 65 37.58 <0.05 Yes
Easom 2D 311 787 512 96 51 114 74 15 24.69 <0.05 Yes
Griewank 4405 4647 4537 59 3481 3819 3642 88 46.27 <0.05 Yes
Rastrigin 1603 2176 1891 131 1028 1704 1375 156 13.87 <0.05 Yes
Rosenbrock 23218 34916 27635 2450 11328 22701 19687 2247 13.10 <0.05 Yes
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Fig. 1. Convergence comparison of AECSA and benchmark algorithms on the Ackley function
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Fig. 5. Convergence comparison of AECSA and benchmark algorithms on the Rastrigin function
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Fig. 6. Convergence performance comparison of AECSA and benchmark algorithms on the Rosenbrock function

A comparison between AECSA and the baseline CSA is first conducted to assess whether the
incorporation of adaptive step size and elitism improves convergence performance. As observed from Table
2 and Figs. 1 to 6, both algorithms exhibit an exponential-like reduction in distance error; however, AECSA
consistently converges faster than the standard CSA. For the Ackley function, AECSA reaches the global
optimum in approximately 3,000 iterations, requiring about 1,300 fewer iterations on average than CSA.
For the unimodal de Jong function, both methods converge rapidly due to the simplicity of the test function,
yet AECSA still achieves an approximately 30% improvement in convergence speed due to the integration
of adaptive step-size control and elitist exploitation.

AECSA significantly outperforms the standard CSA on the two-dimensional Easom function. As
reported in Table 2, AECSA converges to the global optimum in an average of 74 iterations, achieving
nearly a sevenfold reduction in convergence time compared to CSA. This performance gain is probably
attributed to the conservative Lévy flight step size of CSA (where a=1), and the absence of structured
information exchange among high-quality solutions, which limit effective exploration and exploitation. The
Griewank function in a 100-dimensional space exhibits numerous local minima but a single global optimum
at (0,0,...0), with the number of local minima increasing exponentially with dimensionality. Despite this
complexity, both CSA and AECSA successfully avoid entrapment in local minima and converge to the
global optimum. As shown in Table 2, AECSA achieves convergence in approximately 3,600 iterations,
compared to about 4,500 for CSA, reaffirming the superior convergence efficiency of the proposed
AECSA.

Fig. 7 illustrates the three-dimensional surface of the Rastrigin function, which is characterized by a
large number of local extrema, making it a challenging benchmark for optimization algorithms, particularly
gradient-based methods. To further assess convergence capability, a more challenging 10-dimensional
Rastrigin function is examined. As indicated in Fig. 5, AECSA exhibits a faster convergence rate than CSA.
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On average, AECSA reaches the global optimum at (0,0,...,0) within approximately 1,300 iterations,
whereas CSA requires about 1,600 iterations to achieve convergence.

Fig. 7. The 3-dimensional surface plot of the Rastrigin’s function

Fig. 8. The 3-dimensional surface plot of the Rosenbrock’s function
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Fig. 8 depicts the three-dimensional surface of the Rosenbrock function, characterized by a narrow,
curved valley containing the global minimum. Although the valley is relatively easy to locate, convergence
to the global optimum within this region is challenging, typically resulting in a large number of iterations
(Walton et al., 2011). This behaviour is reflected in Table 2, where the standard CSA requires
approximately 28,000 fitness evaluations on average to converge. By contrast, the incorporation of adaptive
step-size control and elite information exchange in AECSA reduces the required evaluations to about
20,000, corresponding to an improvement of approximately 30%.

Next, AECSA is compared with two widely used classical bio-inspired metaheuristic algorithms,
namely PSO and GA. As illustrated in Figs. 1-6, both PSO and GA exhibit significantly slower
convergence and inferior performance. Except for the Easom function, neither PSO nor GA attains the
predefined tolerance error, even when AECSA has already converged much earlier. This indicates that
AECSA possesses superior search efficiency and robustness, effectively balancing exploration and
exploitation, and is more capable of escaping local optima compared to conventional approaches.

4.2 Performance comparison with baseline CSA in terms of fixed iterations

From a precision perspective, performance is assessed based on solution quality achieved within a
fixed number of iterations. For each benchmark function, the average distance between the best solution
and the known global optimum obtained by CSA and AECSA at 1, 500, 1,000, 1,500, and 2,000 iterations
is reported in Table 3. Lower distance values indicate higher solution accuracy.

Table 3: Comparison of CSA and AECSA based on solution accuracy at fixed iteration counts

Average E; over 30 Independent Runs

Function Generation CSA AECSA
Ackley 1 20.9015 20.9126
500 11.1213 0.5015
1000 3.9515 0.0361
1500 1.9738 0.0044
2000 0.6089 0.0005
de Jong 1 336.3923 337.0073
500 1.8928 0.0050
1000 0.0156 5.8419¢-05
1500 0.0001 9.9746¢-07
2000 1.0394¢-06 1.7962¢-08
Easom 2D 1 52.4996 49.2165
500 0.0118 1.2549¢-08
1000 3.1400e-06 3.8041e-09
1500 6.2143e-09 3.8041e-09
2000 4.8688¢-09 3.8041e-09
Griewank 1 2460.9166 2483.6485
500 90.2198 10.3679
1000 7.4227 0.7493
1500 1.4941 0.1170
2000 1.0232 0.0144
Rastrigin 1 788.3416 788.4332
500 281.3610 79.7475
1000 223.2405 68.7607
1500 193.6881 60.0045
2000 174.4563 52.1707
Rosenbrock 1 134.1209 138.6492
500 11.4478 6.4302
1000 6.6084 2.5646
1500 4.8169 2.0547
2000 3.7297 1.8498
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Consider all benchmark functions, AECSA consistently yields solutions closer to the global optimum
than the standard CSA. The improvement in solution accuracy is particularly pronounced for the Ackley,
de Jong, and two-dimensional Easom functions, where AECSA attains near-optimal solutions within 500
iterations, while CSA remains far from convergence. For the Griewank and Rastrigin functions, AECSA
exhibits a more rapid reduction in distance error after 500 evaluations, indicating superior exploitation
capability. Notably, even after 2,000 iterations on the Griewank function, CSA lags behind AECSA in
solution quality. In contrast, performance differences on the Rosenbrock function are marginal, likely due
to its narrow, curved valley structure and increased optimization difficulty.

4.3 Discussion

Overall, AECSA consistently demonstrates faster convergence and higher solution accuracy than the
baseline CSA. This improvement can be attributed to the synergistic integration of adaptive step-size
control and elitist information exchange. Unlike the standard CSA, where a fixed step size limits
adaptability, the proposed adaptive mechanism enables dynamic adjustment of the search scale, allowing
efficient exploration in early iterations and refined exploitation in later stages. Similar observations have
been reported in adaptive metaheuristics, where dynamic parameter control improves convergence
behaviour across complex landscapes (Abu-Ein et al., 2026; Gaborit et al., 2026; Zhou et al., 2026). The
incorporation of elitist crossover further contributes to the improved performance by enabling structured
information sharing among high-quality solutions. In contrast to the independent search behaviour in
standard CSA, the recombination of elite individuals biases the search toward promising regions while
preserving diversity. Similar elite-guided strategies have been shown to improve solution in evolutionary
and population-based algorithms (Ekinci et al., 2025; Torres-Cardenas et al., 2026; Wang & Xu, 2026).
When compared with PSO and GA, AECSA demonstrates superior convergence behaviour and robustness
across most benchmark functions. While PSO and GA are effective general-purpose optimizers, their
performance is often sensitive to parameter settings and may suffer from premature convergence or slow
exploitation (Chauhan et al., 2025; Katoch et al., 2021). In contrast, AECSA achieves a more balanced
search process, resulting in faster convergence and improved accuracy.

Despite these advantages, it is important to note that the performance of AECSA may still depend on
the choice of parameters such as the initial step size and elite proportion. Although these parameters are
less sensitive than in many hybrid approaches, further investigation into parameter self-adaptation could
enhance generalizability across different problem domains.

5.  CONCLUSIONS

This study proposed an AECSA that enhances the standard CSA by jointly integrating adaptive Lévy flight
step-size control and elite-guided information exchange. The adaptive mechanism enables a dynamic
balance between global exploration and local exploitation, while the elitist crossover strategy promotes
effective knowledge sharing among high-quality solutions without increasing algorithmic complexity.
Evaluations on six benchmark optimization functions demonstrate that AECSA consistently outperforms
the standard CSA in terms of both convergence efficiency and solution precision. Specifically, AECSA
accelerates convergence by approximately 30% for the Ackley, de Jong, Rastrigin, and Rosenbrock
functions, and by about 85% and 20% for the Easom and Griewank functions, respectively. In terms of
solution precision, AECSA consistently achieves higher accuracy than CSA under fixed iteration budgets.
Overall, the results confirm that synergistically combining adaptive search control with elite exploitation
provides an effective and computationally efficient enhancement to CSA. Future work will focus on
extending AECSA to constrained, multi-objective, and real-world engineering optimization problems.
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