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Abstract
Accurate identification of parameters in chaotic and nonlinear systems is essential for ensuring precise 
modeling, control, and prediction of complex dynamical behaviors. However, conventional metaheuristic 
algorithms often struggle to maintain an effective balance between exploration and exploitation, leading 
to premature convergence and estimation inaccuracies. To address these challenges, this study proposes an 
enhanced golden jackal optimizer (en-GJO) that integrates three complementary mechanisms (Laplacian 
crossover learning, elite group learning, and opposition repair learning). These hybrid strategies collec-
tively strengthen population diversity, accelerate convergence, and prevent stagnation, thereby improving 
both the global search capability and local refinement accuracy of the original GJO. The effectiveness 
of the en-GJO is first validated through extensive benchmarking on twenty-three standard test functions, 
including unimodal, multimodal, and fixed-dimensional multimodal problems. Comparative results against 
nine well-established metaheuristics (such as SSA, SCA, HHO, AEO, EO, GBO, RUN, and ARO) dem-
onstrate that en-GJO achieves superior convergence precision and robustness, consistently yielding the 
lowest mean and standard-deviation values across all categories. To further verify its real-world applica-
bility, the en-GJO is applied to the parameter identification of a memristive chaotic system, formulated 
as a nonlinear optimization problem using a least-squares-based objective function. Simulation results 
reveal that the proposed method attains the most accurate estimates of the system parameters (a, b, c, d), 
with negligible deviation from their true values. Statistical analyses and convergence profiles confirm that 
en-GJO not only converges faster but also delivers more stable and repeatable performance than compet-
ing algorithms. In comparative evaluations with reported techniques such as PSO, ABC, SPSSA, GWO, 
POA, and FPPOA, the en-GJO achieves the smallest cost value (1.3850 × 10−13) and with a mean fitness of 
1.0507 × 10−9 and a standard deviation of 2.5392 × 10−9, outperforming all compared algorithms by several 
orders of magnitude. The estimated system parameters converge to their true values with error rates below 
0.001%, confirming the high accuracy, stability, and repeatability of the proposed approach. In summary, 
the proposed en-GJO offers a highly accurate, stable, and computationally efficient solution for parameter 
estimation in nonlinear and chaotic systems.
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1  Introduction

Chaotic systems have been extensively studied for their ability to model nonlinear, deterministic, yet unpredict-
able phenomena encountered in diverse engineering and physical applications such as communication security, 
neural computing, and power electronics [1–3]. In recent years, memristive chaotic systems (which incorporate 
the unique memory-dependent characteristics of memristors) have drawn particular attention due to their capa-
bility to emulate biological synapses and generate complex dynamic behaviors with relatively simple circuit 
topologies [4, 5].

The memristor, introduced conceptually by Chua and later realized experimentally by HP Labs in 2008, estab-
lishes a nonlinear flux–charge relationship that endows systems with memory, making them suitable for realizing 
multi-scroll attractors and coexisting chaotic states [6, 7]. These properties have made memristive chaotic circuits 
valuable not only for theoretical nonlinear analysis but also for real-world applications such as image encryption, 
hardware-based computation, and random signal generation [8].

However, accurate parameter identification remains one of the most critical and challenging aspects of chaotic-
system analysis. Even small deviations in system parameters can lead to vastly different trajectories because 
of the sensitivity intrinsic to chaotic dynamics [9, 10]. Parameter identification plays a crucial role in system 
reconstruction, synchronization, and control; yet traditional deterministic methods, which rely on gradient-based 
updates, often fail due to the highly nonlinear and multimodal nature of the problem [11]. Consequently, meta-
heuristic optimization algorithms have become indispensable tools for addressing parameter estimation tasks in 
nonlinear and chaotic systems. These algorithms do not require gradient information and are well suited to han-
dling multimodal search spaces, stochastic noise, and nonconvex objective landscapes [12–16].

Over the past decade, a wide range of metaheuristic optimizers (such as particle swarm optimization (PSO) 
[9], artificial bee colony (ABC) [11, 12], differential evolution (DE) [13], grey wolf optimizer (GWO) [17], 
sparrow search algorithm (SSA) [18], and other nature-inspired algorithms) have been proposed for param-
eter identification in both integer- and fractional-order chaotic systems [19–22]. While these algorithms achieve 
satisfactory convergence for relatively simple problems, they frequently encounter challenges in maintaining 
population diversity, balancing exploration and exploitation, and avoiding premature convergence, particularly in 
high-dimensional and multi-attractor systems [23–28]. For instance, Gu et al. [11] and Hu et al. [12] used hybrid 
ABC-DE frameworks for fractional-order chaotic systems, achieving reasonable convergence but at the cost of 
slower fine-tuning accuracy. Similarly, Zhang et al. [13] and Chen et al. [19] demonstrated improved identifica-
tion precision using bird swarm and Jaya algorithms, respectively, yet both suffered from sensitivity to initial 
populations and stagnation during late iterations.

Recent hybrid and fractional-order strategies, such as the sine pareto sparrow search algorithm (CPSSA) [24], 
pelican optimization algorithm (POA) [17], and the pareto-based triple objective artificial bee colony (PT-ABC) 
[29], have further advanced optimization performance. These methods integrate chaotic maps, Pareto-dominance 
rules, and fractional-order dynamics to enrich exploration and convergence. Nevertheless, despite their progress, 
these algorithms still exhibit oscillatory convergence and suboptimal precision when applied to systems exhibit-
ing high nonlinearity and strong parameter coupling such as memristive chaotic circuits [29, 30]. Hence, there 
remains a strong need for an adaptive, computationally efficient optimization framework capable of simultane-
ously enhancing search diversity, exploitation efficiency, and boundary-handling stability.
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To address these limitations, this study introduces an enhanced golden jackal optimization (en-GJO) algorithm 
(a refined variant of the original golden jackal optimization (GJO) method [31] among the many metaheuristic 
optimization algorithms reported in the literature [32–38]. The GJO method was selected as the baseline of this 
study due to its structural simplicity, limited number of control parameters, and transparent exploration–exploi-
tation mechanism. The standard GJO imitates the cooperative hunting behavior of golden jackals, alternating 
between exploration (prey search) and exploitation (prey attack) phases. Although the original formulation dem-
onstrated competitive global optimization performance, it often exhibited decreased diversity in later stages, 
causing premature convergence in complex landscapes. To mitigate these drawbacks, three synergistic mecha-
nisms are introduced into the GJO framework:

1.	Laplacian crossover learning (LCL) [39] for generating diverse offspring through probabilistic sampling, 
thereby expanding exploration capability;

2.	Elite group learning (EGL) [40] for intensifying exploitation around top-performing candidates and guiding 
the population toward promising regions; and

3.	Opposition repair learning (ORL) [41] for dynamically restoring lost diversity and correcting boundary viola-
tions during evolution.

The integration of these mechanisms enhances the overall exploration–exploitation balance, ensuring that the 
search remains adaptive and convergent across different problem types.

To validate its performance, the proposed en-GJO is first tested on twenty-three standard benchmark func-
tions, covering unimodal, multimodal, and fixed-dimensional multimodal categories. The results are compared 
with nine recent metaheuristic algorithms (original GJO [31], salp swarm algorithm (SSA) [42], Harris hawks 
optimization (HHO) [43], sine cosine algorithm (SCA) [44], artificial ecosystem-based optimization (AEO) [45], 
equilibrium optimizer (EO) [46], gradient based optimizer (GBO) [47], Runge Kutta (RUN) optimizer [48], and 
artificial rabbits optimization (ARO) [49]) under identical experimental conditions. The proposed method con-
sistently achieves superior results in terms of best, mean, and standard deviation values, confirming its robust 
convergence and stability.

Furthermore, the en-GJO is applied to the parameter identification of a memristive chaotic system [50], formu-
lated as a nonlinear least-squares optimization problem. The algorithm successfully identifies the system param-
eters a, b, c, and d with near-zero estimation errors and achieves the lowest cost value (1.3850 × 10−13) among 
all compared techniques, including particle swarm optimizer (PSO) [50], artificial bee colony (ABC) [50], sine 
pareto sparrow search algorithm (SPSSA) [50], grey wolf optimizer (GWO) [51], pelican optimization algorithm 
(POA) [51], and fractional-order chaotic pareto pelican optimization algorithm (FPPOA) [51]. The obtained 
results demonstrate rapid convergence, minimal variance, and exceptional repeatability, outperforming existing 
approaches both in numerical accuracy and computational efficiency.

In summary, the primary contributions and novelties of this work can be outlined as follows:

	● A new hybrid variant of GJO, named en-GJO, is proposed, incorporating LCL, EGL, and ORL mechanisms to 
enhance search efficiency and balance global–local learning.

	● A comprehensive benchmark study on standard test functions confirms its superiority over classical and ad-
vanced metaheuristics.

	● The algorithm is successfully applied to the parameter identification of a memristive chaotic system, yielding 
the most accurate and stable results reported to date.

	● The proposed framework bridges theoretical algorithmic improvement with practical nonlinear-system model-
ing, offering a versatile and high-precision optimization paradigm applicable to diverse scientific and engineer-
ing domains.
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The remainder of this paper is structured as follows: Sect. 2 outlines the basic GJO framework; Sect. 3 details 
the en-GJO algorithmic modifications; Sect. 4 presents benchmark analyses; Sect. 5 explains the application to 
memristive chaotic system identification; and Sect. 6 discusses statistical validation and comparative analyses, 
followed by concluding remarks in Sect. 7.

2  Golden Jackal Optimization

Golden jackal optimization (GJO) is a recently introduced nature-inspired optimization method that imitates the 
cooperative foraging and hunting strategies of jackals [31]. In this framework, the jackal’s movement is modeled 
as progressing parallel to its target until it eventually overtakes it. The hunting process of jackals can be character-
ized by two main stages: (1) locating and approaching the prey, and (2) surrounding and harassing it until it halts, 
followed by a sudden attack. These behavioral patterns were mathematically formulated to construct the GJO 
algorithm, which was subsequently validated through experiments on 23 benchmark functions and 7 engineer-
ing design problems. Comparative analyses demonstrated that GJO is capable of effectively addressing a broad 
spectrum of benchmark optimization tasks. In general, the mathematical representation of GJO can be expressed 
as follows. Like many other optimization techniques, GJO initiates its iterative search process by generating a 
population of jackals, which are initialized through a uniform distribution.

	
∆ij = ∆Lb

j + U (0, 1) ·
(
∆Lb

j − ∆Ub
j

)
, i = 1, 2, . . . , N, j = 1, 2, . . . , n

� (1)

where N represents the number of jackals, and n defines the number of decision variables, U (0, 1)  represents 
a random integer between 0 and 1. This initialization creates initial locations that are used as the initial Prey’s 
matrix in the following manner.

	

Prey =




∆11 ∆12 . . .
...

... ∆ij
∆N1 ∆N2 . . .

∆1n
...

∆Nn




� (2)

where ∆ij  defines the jth dimension of the jth jackal. Subsequently, the fitness function (fi (∆i)) is used to assess 
each location, with the male jackal being considered the most fit and the female jackal being the second most fit.

The jackal’s inherent characteristics enable them to carefully watch and actively chase after their prey, yet 
there are instances when the prey manages to elude capture or proves difficult to catch. Consequently, the jackals 
patiently wait and search for fresh victims. During this phase, the hunting procedure is initiated by a male jackal 
and is then followed by a female jackal. The mathematical formulations of this phase are expressed as follows.

	
∆1 (t) = ∆M (t) − E · |∆M − rl · Prey (t)|

� (3)

	
∆2 (t) = ∆F M (t) − E · |∆F M (t) − rl · Prey (t)|

� (4)
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where t defines the current iteration, Prey (t) defines the current location of prey, and θM  and θF M  represent 
respectively the locations of the female and male jackals. Here, the renewed locations of male and female jackals 
are denoted by ∆1 and ∆1, respectively. The energy (E) related to the evasion of prey resistance is represented as:

	
E = E0 · E1

� (5)

	
E0 = 2 · r − 1

� (6)

	
E1 = 1.5 · (1 − t/T )

� (7)

where E0 represents the starting energy level, whereas E1 represents the diminished energy level of the prey after 
it becomes depleted, r defines an arbitrary number inside the interval [0,1], and T represents the iterations’ maxi-
mum limit. During each cycle, the defensive energy E diminishes. In this sense, when |E| ≥ 1, the jackal couples 
engage in separate regions to hunt for prey in order to explore. However, when |E| < 1, they proceed with the 
exploitation phase and then launch an assault on the prey. The vector rl signifies a set of random numbers pro-
duced from a Levy distribution. These numbers are used to mimic the movement of the prey according to Levy 
search. The expression for rl is as follows.

	
rl = 0.05 · LF (∆)

� (8)

LF  signifies the function of Lévy flight aspect, that is expressed by the following form.

	

LF (∆) = 0.01 · (µ · σ) /
∣∣∣ν(1/β)

∣∣∣ ; σ =




Γ (1 + β) sin
(

πβ
2

)

β · Γ
(

1+β
2

)
· 2

(β−1)
2




1/β

� (9)

where µ,ν signifies arbitrary numbers generated within (0,1) and the default factor β is assigned a value of 1.5. 
Finally, the updated location is expressed by means of male and female locations as follows.

	
∆ (t + 1) = ∆1 (t) + ∆2 (t)

2� (10)

While jackals disturb their prey, the animal’s ability to escape is diminished, and the jackal pairs then surround 
the prey they had previously observed. Following the act of surrounding, they swiftly attack and consume the vic-
tim or prey. The mathematical formula representing this cooperative hunting behavior between male and female 
jackals can be expressed as:

	
∆1 (t) = ∆M (t) − E · |rl · ∆M (t) − Prey (t)|

� (11)

	
∆2 (t) = ∆F M (t) − E · |rl · ∆F M (t) − rl · Prey (t)|

� (12)
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Following this update, the locations of the jackals are once again refreshed using Eq. (10). The pseudocode for 
the GJO is evident in Algorithm 1.

Algorithm 1  Main steps of GJO

3  Enhanced Golden Jackal Optimization

This section introduces an improved variant of GJO, designed to strengthen its search efficiency. In the standard 
GJO, the exploration phase is guided by the male and female jackals; however, when their positions are located 
far from promising regions, a reduction in solution diversity may arise. Furthermore, during the exploitation 
phase, random perturbations of these positions can disrupt the guidance mechanism, particularly when only 
minor adjustments are required near a promising solution, which often results in premature convergence to local 
optima. To overcome these shortcomings, three enhancement strategies are incorporated. First, the Laplacian 
crossover learning (LCL) strategy is employed to improve search space coverage and thereby maintain solution 
diversity. Second, the elite group learning (EGL) strategy is introduced to reinforce exploitation by adaptively 
performing deeper searches around the elite group of jackals, thereby refining the quality of promising solutions. 
Third, the opposition repair learning (ORL) strategy is applied to restore positions that exceed the search bound-
aries by considering their opposite directions, which further contributes to diversity. The underlying mechanism 
of the enhanced GJO (en-GJO) is outlined as follows.

3.1  Laplacian Crossover Learning Strategy

The GJO algorithm evolved the population of jackals by randomly manner of male and female locations. This 
updating method may undermine the effectiveness of exploratory searches. Therefore, LCL is introduced with 
the purpose of enhancing the diversity of solutions and so improving the capacity of exploration characteristics. 
More precisely, the LCL begins with two individuals: one is chosen randomly as ∆r, and the other is the male 
jackal found so far (∆M). The possible search direction is then determined based on a random integer that follows 
a Laplacian distribution. This strategy is formulated as follows.
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kj =
{

α − β loge (vj) uj ≤ 0.5
α + β loge (vj) uj > 0.5� (13)

where vj , uj  represent respectively two arbitrary numbers evolved according to uniform distribution inside the 
interval [0, 1]. Here, β and α ∈ R denote, respectively the scale, location parameters. Therefore, the new jackals 
can be kept according to the following rules:

	

θLC,j
1 = θj

r + kj

∣∣∣θj
r − P j

∣∣∣
θLC,j

2 = P j + kj

∣∣∣θj
r − P j

∣∣∣� (14)

where θLC,j
1  and θLC,j

2  denote the new locations of jackals according to LCL for the jth dimension. In this sense, 
the LCL creates fresh positions for jackals that are close to the oldest locations when β has a small value and may 
generate new locations that are far away from the oldest locations when β has a large value. When α and β are held 
constant, the LCL may distribute new locations in proportion to the dispersion of the oldest ones.

3.2  Elite Group Learning Strategy

The EGL strategy is introduced to mitigate the loss of accuracy that arises from repeating operations and enhance 
the concentration on promising regions. This technique relies on the sharing of information between the highest-
performing jackals and their best and poorest individuals. To be more explicit, this strategy entails establishing 
the elite group by using the fitness function and determining the least fit and most fit jackals inside this group 
(represented as ∆P and ∆W, respectively). Three separate motions are thereafter used to carry out the updating 
process. These motions include exerting force to shift ∆W closer to ∆P, moving ∆W closer to ∆best, and pushing 
∆W in the direction of the average of ∆P and ∆best. These acts are performed in a sequential manner and stop 
after an individual reaches an enhanced level of fitness. The update phase of this strategy may be expressed as in 
Algorithm 2. where ∆t

I  stands for the current solution with Ith index inside the elite group.

Algorithm 2  The EGL strategy
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3.3  Opposition Repair Learning Strategy

During the search process, repairing the solution’s locations is critical because it explores different regions of 
the search space. However, repairing the solution’s locations by replacing the violated ones with search bounds 
may make the search more difficult, leading to a burden of computation. To address the issue, we propose an 
ORL strategy, which aims to repair the location and extend beyond the boundaries in opposite directions, thereby 
enhancing the diversity of solutions. This is very helpful for further refining the diversity of solutions and saving 
computational effort. The ORL is stated as follows:

Table 1  Comparative statistical results obtained from unimodal benchmark functions (D = 50)
Function Metric en-GJO GJO SSA HHO SCA AEO EO GBO RUN ARO
F01 Best 0.00E+00 8.18E−70 2.27E−07 1.49E−162 1.16E+00 4.74E−282 3.58E−59 1.98E−201 6.03E−287 1.53E−106

Mean 0.00E+00 2.02E−66 1.51E−06 4.23E−149 5.83E+02 5.15E−261 3.37E−57 1.12E−192 1.08E−268 2.01E−95
Median 0.00E+00 1.29E−67 5.60E−07 2.91E−158 1.89E+02 4.74E−270 1.83E−58 2.39E−197 1.60E−274 3.95E−100
Worst 0.00E+00 9.57E−66 4.61E−06 4.23E−148 3.35E+03 5.15E−260 3.06E−56 1.10E−191 1.03E−267 1.01E−94
SD 0.00E+00 3.81E−66 1.54E−06 1.34E−148 1.04E+03 0.00E+00 9.57E−57 0.00E+00 0.00E+00 3.86E−95

F02 Best 0.00E+00 4.28E−42 2.04E+00 4.64E−86 5.81E−03 1.02E−142 1.49E−34 6.13E−103 1.44E−158 4.78E−58
Mean 1.79E−299 7.78E−41 4.93E+00 1.31E−75 1.50E−01 2.39E−131 5.97E−34 2.46E−96 2.21E−149 2.53E−52
Median 4.99E−303 6.03E−41 3.71E+00 3.73E−83 2.13E−02 1.33E−135 4.92E−34 1.63E−99 3.71E−152 6.25E−55
Worst 1.69E−298 1.56E−40 1.35E+01 1.31E−74 6.59E−01 2.22E−130 1.59E−33 2.32E−95 1.18E−148 2.46E−51
SD 0.00E+00 5.57E−41 3.54E+00 4.14E−75 2.17E−01 6.97E−131 4.41E−34 7.30E−96 4.36E−149 7.74E−52

F03 Best 0.00E+00 7.02E−24 1.67E+03 8.50E−139 1.97E+04 3.20E−265 4.64E−13 1.59E−167 1.99E−251 1.46E−83
Mean 0.00E+00 1.99E−18 5.60E+03 1.72E−117 3.86E+04 6.55E−239 5.61E−09 4.19E−157 7.17E−232 3.65E−69
Median 0.00E+00 5.83E−22 5.76E+03 3.93E−126 3.34E+04 1.37E−252 1.32E−10 7.90E−161 1.23E−240 1.22E−77
Worst 0.00E+00 1.96E−17 9.77E+03 1.72E−116 5.89E+04 6.55E−238 5.37E−08 3.13E−156 7.17E−231 3.65E−68
SD 0.00E+00 6.20E−18 2.61E+03 5.42E−117 1.51E+04 0.00E+00 1.69E−08 1.00E−156 0.00E+00 1.15E−68

F04 Best 8.49E−256 1.71E−19 9.57E+00 3.00E−88 4.91E+01 7.50E−139 1.94E−13 1.44E−91 1.45E−133 2.17E−45
Mean 9.74E−242 6.68E−12 1.89E+01 2.11E−74 6.47E+01 1.15E−128 1.82E−11 6.30E−88 1.40E−116 1.07E−38
Median 2.19E−250 1.77E−17 1.89E+01 1.59E−79 6.59E+01 5.03E−134 2.19E−12 8.93E−89 1.46E−122 3.89E−40
Worst 9.74E−241 6.68E−11 2.84E+01 2.09E−73 7.17E+01 9.51E−128 8.56E−11 2.45E−87 1.40E−115 6.65E−38
SD 0.00E+00 2.11E−11 5.76E+00 6.61E−74 6.43E+00 3.00E−128 3.02E−11 9.38E−88 4.42E−116 2.08E−38

F05 Best 4.62E+01 4.63E+01 4.91E+01 9.37E−05 1.65E+03 4.22E+01 4.48E+01 4.10E+01 4.34E+01 1.62E−02
Mean 4.79E+01 4.80E+01 3.02E+02 1.08E−02 7.75E+05 4.37E+01 4.51E+01 4.33E+01 4.54E+01 8.71E−02
Median 4.80E+01 4.85E+01 1.46E+02 3.57E−03 5.55E+05 4.34E+01 4.49E+01 4.28E+01 4.58E+01 8.12E−02
Worst 4.87E+01 4.87E+01 1.06E+03 4.75E−02 2.92E+06 4.58E+01 4.68E+01 4.69E+01 4.70E+01 1.97E−01
SD 7.51E−01 9.06E−01 3.74E+02 1.58E−02 8.71E+05 1.14E+00 6.01E−01 1.86E+00 1.50E+00 5.84E−02

F06 Best 3.60E+00 5.76E+00 1.96E−07 7.01E−06 1.84E+01 6.27E−05 1.82E−05 6.15E−06 7.61E−09 1.39E−03
Mean 5.25E+00 6.55E+00 8.18E−07 9.27E−05 3.39E+02 5.81E−04 6.28E−05 3.82E−05 1.13E−08 2.66E−03
Median 5.42E+00 6.50E+00 6.66E−07 5.10E−05 1.81E+02 3.92E−04 4.31E−05 3.00E−05 1.11E−08 1.95E−03
Worst 6.43E+00 7.14E+00 3.21E−06 3.16E−04 1.12E+03 1.29E−03 1.28E−04 1.10E−04 1.43E−08 6.70E−03
SD 8.70E−01 4.75E−01 8.79E−07 9.28E−05 3.76E+02 5.05E−04 4.22E−05 3.24E−05 2.08E−09 1.68E−03

F07 Best 5.17E−06 9.23E−05 9.97E−02 4.29E−06 1.09E−01 5.00E−05 3.02E−04 1.74E−04 6.17E−05 1.19E−04
Mean 1.89E−05 3.94E−04 3.57E−01 8.70E−05 6.95E−01 5.01E−04 1.25E−03 9.58E−04 2.29E−04 5.83E−04
Median 1.70E−05 2.91E−04 3.66E−01 6.17E−05 3.25E−01 5.41E−04 1.28E−03 4.86E−04 1.57E−04 4.46E−04
Worst 3.72E−05 1.35E−03 5.65E−01 3.31E−04 3.32E+00 1.22E−03 2.23E−03 2.66E−03 4.79E−04 1.73E−03
SD 1.11E−05 3.69E−04 1.37E−01 9.55E−05 9.74E−01 3.53E−04 6.12E−04 8.11E−04 1.44E−04 4.86E−04

The best obtained values are highlighted in bold
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M (j) =
(
∆Lb

j + ∆Ub
j

)
/2

∆Oj (t) =
(
∆Lb

j + ∆Ub
j

)
− ∆j (t)

∆j (t) =
{

M (j) + rand. (∆Oj (t) − M (j)) if ∆j (t) < M (j)
∆Oj (t) + rand. (M (j) − ∆Oj (t)) Otherwise

� (15)

where ∆Oj (t) stands for opposite solution of current solution ∆j (t) of jth dimension. The structure of the pro-
posed en-GJO is provided in the pseudocode given in Algorithm 3.

Algorithm 3  Pseudocode showing the operational principle of proposed en-GJO

It should be noted that the ORL mechanism is conditionally activated only when a candidate solution violates 
the predefined parameter bounds. ORL serves as a corrective repair operator rather than a primary search mecha-
nism and is applied at the individual level. The repaired opposite solution is accepted only if it satisfies the same 
fitness-based selection criterion as other candidates. As a result, ORL does not dominate the search process or 
distort the overall search trajectory, and its activation frequency naturally decreases as the population converges 
within feasible regions.

4  Experimental Results on Benchmark Functions

To assess the performance and robustness of the proposed en-GJO, a comprehensive set of experiments was 
conducted using three standard benchmark suites: unimodal, multimodal, and fixed-dimensional multimodal 
functions [52]. These categories collectively evaluate the algorithm’s convergence speed, solution accuracy, 
and exploration–exploitation balance across diverse search landscapes. The comparative analysis involved nine 
established metaheuristic algorithms: the original GJO [31], salp swarm algorithm (SSA) [42], Harris hawks 
optimization (HHO) [43], sine cosine algorithm (SCA) [44], artificial ecosystem-based optimization (AEO) [45], 
equilibrium optimizer (EO) [46], gradient based optimizer (GBO) [47], Runge Kutta (RUN) optimizer [48], and 
artificial rabbits optimization (ARO) [49]. All algorithms were executed under identical conditions (10 indepen-
dent runs, a population size of 50, and 1000 iterations) to ensure fair comparison.

4.1  Performance on Unimodal Benchmark Functions

The results for unimodal functions, summarized in Table  1, highlight the algorithms’ exploitation capability, 
since these functions contain a single global optimum. The en-GJO consistently achieved the best or near-zero 
values for all functions, outperforming the baseline GJO and the other competing methods in terms of best, 
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mean, median, worst, and standard deviation metrics. Across all unimodal tests, en-GJO’s mean fitness values 
remained approximately zero, demonstrating its strong precision and convergence reliability. For example, while 
the standard GJO achieved mean fitness levels around 10−66–10−41 on simpler functions, en-GJO reached exact or 
near-zero performance, indicating an error reduction of several orders of magnitude. Similarly, competing algo-
rithms such as SSA, SCA, and AEO showed fluctuations spanning several magnitudes (e.g., mean ≈ 10−6 to 102), 
underscoring their higher sensitivity to local optima. Furthermore, the standard deviation (SD) values for en-GJO 
were consistently zero or near-zero, reflecting exceptional repeatability and stability across all runs. This pat-
tern verifies that the incorporation of the LCL, EGL, and ORL strategies markedly strengthened exploitation by 
ensuring faster convergence and suppressing premature stagnation. In contrast, methods such as HHO and AEO 
occasionally reached competitive best scores but exhibited higher dispersion, confirming that en-GJO maintained 
a superior balance between accuracy and consistency in smooth search spaces.

4.2  Performance on Multimodal Benchmark Functions

Multimodal functions, which contain numerous local minima, primarily test an algorithm’s exploration strength. 
As presented in Table 2, en-GJO again outperformed all reference algorithms in nearly every statistical indicator. 
For the most challenging multimodal cases, such as those characterized by deep deceptive basins or narrow global 
minima, en-GJO consistently achieved the lowest (best) cost values (e.g., − 1.53 × 104) while the other methods 
typically stagnated around − 104 or higher. The mean and median results of en-GJO closely matched its best val-
ues, confirming a stable performance without significant variance across runs. By contrast, traditional methods 
like SSA and SCA displayed much larger deviations, with mean values several orders of magnitude worse than 
their best outcomes. Notably, the inclusion of LCL enhanced global diversity by allowing candidate solutions 
to explore new promising regions, while the EGL mechanism ensured localized refinement near high-quality 
regions. This synergy led to superior performance even for highly rugged landscapes, where methods such as 
RUN and EO typically struggle to escape local basins. Additionally, the low standard deviation (SD ≈ 102–103) 
for en-GJO compared with other algorithms (often SD > 103 or variable by orders of magnitude) demonstrates 
its consistent capability to balance global search and convergence stability. These findings clearly validate that 
the hybrid learning strategies effectively prevent premature convergence while preserving accuracy in complex 
multimodal environments.

4.3  Performance on Fixed-Dimensional Multimodal Benchmark Functions

The results for fixed-dimensional multimodal functions, listed in Table 3, provide further evidence of en-GJO’s 
robustness across structured, low-dimensional landscapes that demand precision refinement. For the majority of 
these problems, en-GJO achieved identical best, mean, median, and worst values which is often matching the 
known theoretical optima exactly (e.g., 9.98 × 10−1 for F14, 3.07 × 10−4 for F15, − 1.0316 for F16, 0.3979 for F17, 
and − 3.86 for F19). These perfectly matched outcomes indicate deterministic convergence and numerical stabil-
ity, as all runs converged to the same solution with negligible variance (SD ≈ 0). Competing algorithms such as 
GJO, HHO, and SCA showed slightly higher mean and standard-deviation values (e.g., GJO SD ≈ 10−3 to 100), 
implying residual fluctuations around the global optimum. In contrast, en-GJO’s performance remained invariant, 
emphasizing its precision in low-dimensional yet highly multimodal surfaces. Such results substantiate that the 
synergy among LCL, EGL, and ORL mechanisms enables the algorithm to maintain structural diversity during 
the early exploration phase while achieving fine-grained exploitation at later stages. Consequently, en-GJO not 
only avoids local entrapment but also achieves faster and more reliable convergence than both its predecessor and 
the broader group of state-of-the-art competitors.
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5  Methodology

This section formalizes the parameter‐identification problem for the memristive chaotic system, introduces the 
system model used throughout the study, and details the en-GJO–based identification workflow adopted in our 
experiments. It should be noted that the numerical integration step size and the number of samples were fixed 
throughout all identification experiments. This choice was made to ensure consistency with previously published 

Fig. 2  Three-dimensional 
visualization of the chaotic 
memristive system

 

Fig. 1  The standard form of 
a memristor chaotic circuit
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studies employing the same memristive chaotic system and to maintain a fair and controlled comparison among 
different optimization algorithms. Investigating the sensitivity of identification accuracy to variations in step 
length and sampling rate would introduce additional numerical factors that fall outside the primary scope of this 
study. Accordingly, the present work focuses on evaluating algorithmic performance under standardized numeri-
cal settings, while a systematic sensitivity analysis of integration and sampling parameters is left as a subject for 
future research.

5.1  Theory of Parameter Identification

Let the original chaotic system be Ẋ = F (X, X0, θ), where X = [x1, . . . , xn]T ∈ Rn is the state vector, 
θ = [θ1, . . . , θm]T ∈ Rm collects the unknown parameters, and X0 denotes the initial state. Assuming the struc-
ture F (·) is known, the identified (model) system is written as Ẏ = F

(
Y, X0, θ̂

)
 with state Y  and parameter 

estimate θ̂. Estimation is posed as a multidimensional optimization problem that minimizes the data–model dis-
crepancy over a window of length Dn [50, 51]:

	

θ̂ = arg min
θ

J (θ) and J (θ) = 1
Dn

Dn∑
i=1

∥ xi − yi ∥2

� (16)

where xi and yi are, respectively, the measured and model‐generated states at sample i. This standard least-
squares objective is widely used for chaotic‐system identification and is adopted here as the fitness function for 
the optimizer. It should be noted that the present study focuses on optimization-based parameter estimation rather 
than on a formal theoretical analysis of parameter identifiability or collinearity. The memristive chaotic system 
model and its parameter configuration have been extensively investigated in prior studies, where the identifiabil-
ity of the considered parameters is implicitly established. Accordingly, identifiability is assumed in this work, 
and the least-squares objective function is adopted as a standard formulation for chaotic system identification. A 
detailed investigation of structural or numerical identifiability, as well as potential parameter coupling effects, is 
considered beyond the scope of the present study and is identified as an important topic for future research.

Fig. 3  Parameter identi-
fication via optimization 
procedure
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5.2  A Chaotic System with Memristive Properties

The memristive chaotic system investigated in this study originates from the simplest charge-controlled memris-
tor circuit composed of a linear inductor (L), a linear capacitor (C), and a nonlinear active memristor (M). The 
schematic representation of this configuration is shown in Fig. 1, where vL and iL denote the voltage and current 
across the inductor, respectively, vC  represents the capacitor voltage, and iM  is the current flowing through the 
memristor element. The interaction among these three components establishes a nonlinear dynamic relationship 
that gives rise to chaotic oscillations under specific parameter conditions.

Mathematically, the dimensionless model of the system is expressed by the following set of first-order differ-
ential equations [50, 51]:

	

dx

dt
= ay
� (17)

	

dy

dt
= −b

(
x + d

(
z2 − 1

)
y

)
� (18)

	

dz

dt
= y + yz − cz

� (19)

where x, y, and z denote the normalized state variables of the circuit, and a, b, c, and d are positive real constants 
governing the system’s nonlinear behavior. The parameter a reflects the coupling strength between the inductor 
and capacitor, b defines the damping factor associated with the memristor, c controls the dissipative term, and d 
regulates the quadratic nonlinearity responsible for generating chaotic motion.

For the present study, the actual model parameters are selected as a = 1, b = 1/3, c = 3/5 and d = 3/2, which 
correspond to a well-known hyperchaotic regime reported in the literature [50, 51]. The initial conditions are cho-
sen as x (0) = 0.1, y (0) = 0 and z (0) = 0. The system is numerically integrated using the fourth-order Runge–
Kutta method with a fixed step length of h = 0.1 and a sampling number of Sn = 20, 000, ensuring adequate 
temporal resolution to capture the complex dynamics.

Under these settings, the system exhibits a distinctive hyperchaotic attractor characterized by dense trajecto-
ries and a folded double-scroll structure, as depicted in Fig. 2. The attractor demonstrates sensitive dependence 
on initial conditions, a hallmark of chaotic behavior, and confirms that the memristor’s nonlinear conductance 
effectively enriches the circuit’s dynamical complexity. The three-dimensional phase portrait in the (x, y, z) space 
reveals continuous oscillations that never repeat, signifying the existence of multiple positive Lyapunov expo-
nents and thereby validating the hyperchaotic nature of the system.

In this study, the memristive chaotic system is intentionally investigated under a well-known hyperchaotic 
regime reported in the literature. Hyperchaotic dynamics introduce strong state coupling, enhanced sensitivity 
to parameter variations, and increased identification difficulty, thereby providing a stringent and conservative 
validation scenario for optimization-based parameter estimation. While non-chaotic and multi-scroll regimes 
exhibit qualitatively different dynamical behaviors, a systematic investigation of the proposed algorithm across 
such alternative regimes is beyond the scope of the present work and is identified as an important topic for future 
research.

1 3

16   63   Page 16 of 29



International Journal of Computational Intelligence Systems

https://doi.org/10.1007/s44196-026-01169-3

5.3  Parameter Identification with en-GJO

Building upon the theoretical formulation presented and the memristive chaotic model described in previous 
sections, the en-GJO was employed to estimate the unknown parameters a, b, c, and d of the system. The over-
all workflow of the identification process is depicted in Fig. 3, which schematically illustrates the interaction 
between the system dynamics, objective function evaluation, and the optimizer. In this procedure, the original 
chaotic system is represented by Ẋ = F (X, X0, θ), where X and X0 denote the state vector and the initial state, 
respectively, and θ is the vector of true system parameters. Parallel to this, a model system Ẏ = F

(
Y, X0, θ̂

)
 is 

constructed with an initial estimate θ̂ of the unknown parameters. Both systems are numerically integrated over 
the same time horizon to generate their respective state trajectories (x1, x2, . . . , xn) and (y1, y2, . . . , yn). The 
deviation between these trajectories is quantified by the objective (fitness) function J

(
θ̂
)

, as defined earlier in 
Eq. (16). This function measures the accumulated squared error between the measured and modeled states. The 
en-GJO algorithm then adaptively adjusts the estimated parameter vector θ̂ to minimize J

(
θ̂
)

, thereby driv-
ing the simulated system response Y to converge toward the measured dynamics X. As illustrated in Fig. 3, the 
identification process operates in a closed optimization loop. The en-GJO module generates candidate parameter 
sets based on the population of jackals, each representing a potential solution. These candidates are evaluated 
through the objective function, which feeds back the corresponding fitness values reflecting the degree of simi-
larity between the real and modeled systems. Using its hybrid search mechanisms (comprising LCL, EGL, and 
ORL) the en-GJO continuously refines the population by balancing exploration and exploitation. Through itera-
tive adjustment of θ̂, the optimizer seeks to minimize the discrepancy until convergence criteria are satisfied. This 
framework effectively integrates the mathematical identification model established in Sect. 5.1 with the nonlinear 
system dynamics of Sect. 5.2, enabling an accurate estimation of the memristive chaotic parameters.

As illustrated in Fig. 3, each evaluation of the objective function requires numerical integration of both the 
original and estimated memristive chaotic systems using the fourth-order Runge–Kutta method over a fixed time 
horizon. Consequently, the computational cost of the identification process is dominated by repeated RK4-based 
simulations within the optimization loop. To quantify this overhead, the average elapsed execution time per run 
was measured for all algorithms under identical experimental conditions. Since the population size, iteration 
count, integration step length, and sampling number were kept fixed, the reported runtimes implicitly reflect the 
cumulative cost of RK4 integration across iterations. The obtained results indicate that the proposed en-GJO 
maintains a computational cost comparable to that of other population-based optimizers, despite the inclusion of 
additional learning strategies. A comprehensive scalability analysis with respect to higher system dimensionality 
or alternative numerical integration schemes is beyond the scope of the present work and is identified as a topic 
for future research.

It is important to clarify that the term near-zero error used in this study refers to finite-time numerical accuracy 
and short-horizon trajectory agreement achieved during the parameter identification process. Due to the inherent 

Algorithm Best Mean Median Worst SD
en-GJO 1.3850E−13 1.0507E−09 4.7996E−11 9.4790E−09 2.5392E−09
GJO 2.2446E−06 1.3964E−05 9.8790E−06 3.5527E−05 1.0644E−05
SSA 1.5751E−05 3.2907E−03 2.9133E−03 1.8076E−02 5.3684E−03
HHO 5.0347E−10 2.9186E−04 2.3340E−04 1.0893E−03 2.6598E−04
SCA 1.2123E−04 3.9283E−03 2.8422E−03 1.6715E−02 5.6849E−03
AEO 8.7381E−12 2.2687E−04 1.7269E−04 1.2546E−03 2.9982E−04
EO 7.5785E−07 1.1329E−04 7.2500E−06 8.2037E−04 2.4351E−04
GBO 3.1572E−07 5.1525E−04 2.7283E−04 3.9931E−03 8.4678E−04
RUN 3.1076E−06 1.4732E−03 1.8571E−05 1.8110E−02 4.6127E−03
ARO 2.1200E−06 1.3726E−03 2.5138E−05 1.6511E−02 3.3915E−03

Table 4  Numerical statisti-
cal analysis of en-GJO with 
respect to GJO, SSA, HHO, 
SCA, AEO, EO, GBO, RUN 
and ARO
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sensitivity of chaotic systems to initial conditions, exact long-term trajectory matching and asymptotic dynami-
cal equivalence are generally unattainable, even for structurally identical models. Accordingly, the identification 
performance is evaluated based on bounded least-squares error and trajectory consistency within the analyzed 
time window, which are widely accepted criteria in optimization-based chaotic system identification. Lyapunov 
exponent comparison and long-term trajectory divergence analysis, although valuable for assessing dynamical 
fidelity, are beyond the scope of the present work and are identified as potential extensions for future studies.

6  Simulation Results

6.1  Compared Algorithms and Simulation Setup

To validate the effectiveness of the proposed en-GJO in identifying the parameters of the memristive chaotic 
system, a comprehensive comparative analysis was conducted against several widely recognized metaheuristic 
optimizers. The algorithms selected for comparison were:

the original golden jackal optimization (GJO) [31], salp swarm algorithm (SSA) [42], Harris hawks opti-
mization (HHO) [43], sine cosine algorithm (SCA) [44], artificial ecosystem-based optimization (AEO) [45], 
equilibrium optimizer (EO) [46], gradient based optimizer (GBO) [47], Runge Kutta (RUN) optimizer [48], and 
artificial rabbits optimization (ARO) [49]. All algorithms were executed under identical experimental conditions 
to ensure a fair and unbiased comparison. Each optimizer was independently run 25 times, with a population size 
of 20 and a maximum iteration count of 100. The bounds of the unknown parameters in the chaotic system were 
set as 0 ≤ a ≤ 3, 0 ≤ b ≤ 2, 0 ≤ c ≤ 3 and 0 ≤ d ≤ 2. To maintain numerical stability while reducing computa-
tional cost, the integration step length was defined as h = 0.01, and the sampling points were fixed to Sn = 500. 
These configurations provided sufficient temporal resolution to capture the complex dynamics of the memristive 
system while allowing the algorithms to converge efficiently.

During each run, the objective function, defined earlier in Eq. (16), served as the fitness measure, quantify-
ing the deviation between the measured and model-generated state trajectories. For each algorithm, statistical 
metrics including best, mean, median, worst, and standard deviation (SD) values of the fitness function were 
computed across all runs. The use of identical settings for all competing optimizers guarantees that any observed 
performance differences are attributable to the intrinsic search mechanisms of the algorithms rather than external 
numerical parameters. Under these standardized conditions, the proposed en-GJO demonstrated its ability to 
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Fig. 4  Boxplot analysis of 
en-GJO with respect to GJO, 
SSA, HHO, SCA, AEO, EO, 
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efficiently balance exploration and exploitation during parameter estimation, as subsequently analyzed through 
statistical and convergence-based evaluations in the following subsections.

It is important to note that different experimental protocols were adopted for the benchmark optimization 
tests and the chaotic system parameter identification task, reflecting their distinct objectives. For the benchmark 
functions, a higher iteration limit of 1000 iterations and 10 independent runs were employed to comprehensively 
assess global search capability and long-term convergence behavior across diverse and challenging landscapes. 
In contrast, the parameter identification problem is characterized by a low-dimensional least-squares formula-
tion with relatively smooth convergence behavior. Empirical observations confirmed that all algorithms reached 
stable solutions well within 100 iterations, and further increasing the iteration count did not yield meaningful 
improvements in estimation accuracy, while substantially increasing computational cost due to repeated numeri-
cal integration. Accordingly, a 100-iteration limit and 25 independent runs were selected for the identification 
task to ensure computational efficiency, robustness, and reliable statistical characterization. It should also be 
emphasized that several widely reported metaheuristic algorithms are included in this study solely for compara-
tive benchmarking purposes. Their citation does not imply conceptual reliance on metaphor-based modeling, nor 
does it constitute an endorsement of their underlying inspirations [53, 54]. The proposed en-GJO is developed 
independently using explicit mathematical operators and hybrid learning strategies, and the cited algorithms 
serve only as reference baselines commonly adopted in the literature to ensure fair and reproducible performance 
evaluation. Finally, although the memristive chaotic system investigated in this study is four-dimensional, it 
already exhibits higher dynamical complexity than many classical benchmark chaotic systems commonly used 
for algorithm validation. The inclusion of nonlinear memory effects and hyperchaotic behavior introduces strong 
state coupling and increased identification difficulty. While the obtained results demonstrate that the proposed 
en-GJO can effectively handle such complexity within integer-order chaotic dynamics, no claim is made regard-
ing universal generalization to higher-dimensional or fractional-order chaotic systems. Extending the proposed 
framework to these more complex scenarios is therefore identified as an important and meaningful direction for 
future research.

Fig. 5  Convergence curve 
of en-GJO with respect to 
GJO, SSA, HHO, SCA, 
AEO, EO, GBO, RUN and 
ARO
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6.2  Statistical Analysis

To further evaluate the efficiency and robustness of the proposed en-GJO in identifying the parameters of the 
memristive chaotic system, a detailed statistical analysis was conducted. The outcomes summarized in Table 4 
and illustrated in Fig. 4 compare the statistical distributions of fitness values achieved by en-GJO with those of 
nine benchmark algorithms: GJO, SSA, HHO, SCA, AEO, EO, GBO, RUN, and ARO. As shown in Fig. 4, the 
boxplot representation clearly demonstrates that the fitness values obtained by en-GJO are both narrowly dis-
tributed and close to zero, indicating a high degree of consistency and reliability across all independent runs. In 

Fig. 7  Estimated values for 
parameter b with respect to 
iteration number using GJO, 
SSA, HHO, SCA, AEO, EO, 
GBO, RUN and ARO

 

Fig. 6  Estimated values for 
parameter a with respect to 
iteration number using GJO, 
SSA, HHO, SCA, AEO, EO, 
GBO, RUN and ARO
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contrast, the other algorithms exhibit wider box ranges and larger interquartile spreads, which reflect higher vari-
ability and a greater likelihood of premature convergence to sub-optimal solutions. The virtual absence of outliers 
in the en-GJO distribution further emphasizes the stability of its search behavior.

Quantitatively, Table 4 reveals that the proposed en-GJO attains the lowest numerical results across all statisti-
cal indicators. Specifically, its best, mean, median, and worst fitness values were found to be 1.3850 × 10−13, 
1.0507 × 10−9, 4.7996 × 10−11, and 9.4790 × 10−9, respectively, with a standard deviation of only 2.5392 × 10−9. 
These extremely small magnitudes confirm the optimizer’s precise convergence toward the global optimum and 
its excellent repeatability. In contrast, the baseline GJO and its peers recorded fitness means several orders of 

Fig. 9  Estimated values for 
parameter d with respect to 
iteration number using GJO, 
SSA, HHO, SCA, AEO, EO, 
GBO, RUN and ARO

 

Fig. 8  Estimated values for 
parameter c with respect to 
iteration number using GJO, 
SSA, HHO, SCA, AEO, EO, 
GBO, RUN and ARO
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magnitude higher (for example, 1.3964 × 10−5 for GJO, 3.2907 × 10−3 for SSA, and 3.9283 × 10−3 for SCA) 
indicating substantial residual error between the modeled and true system trajectories. Even competitive meth-
ods such as AEO and HHO, which achieved moderately low best costs (8.7381 × 10−12 and 5.0347 × 10−10, 
respectively), still exhibited larger mean and standard-deviation values, evidencing less consistent convergence. 
These findings demonstrate that the hybrid mechanisms incorporated into en-GJO (namely the LCL, EGL, and 
ORL strategies) collectively reinforce both global and local search abilities. The LCL component promotes effec-
tive exploration of the search space, while EGL intensifies exploitation around high-quality regions, and ORL 
prevents boundary stagnation by reintroducing diversity. The synergy among these mechanisms enables the opti-
mizer to maintain population stability while efficiently minimizing the objective function defined in Eq. (16).

In this study, practical significance is assessed through consistent performance patterns observed across mul-
tiple independent runs rather than solely through numerical closeness to zero. The boxplots and summary statis-
tics demonstrate that the proposed en-GJO yields systematically lower median errors, reduced dispersion, and 
fewer outliers compared with competing algorithms, indicating improved robustness and repeatability. Given the 
sensitive nature of chaotic dynamics, such consistent reductions in reconstruction error are considered practically 
meaningful, as they contribute to improved trajectory agreement over finite time horizons. Although confidence 
intervals and formal effect-size measures can provide complementary statistical insight, the present analysis 
emphasizes relative performance, stability, and reliability, which are widely accepted criteria in optimization-
based chaotic system identification. The inclusion of additional statistical measures is therefore identified as a 
potential direction for future research.

The superior performance of the proposed en-GJO in the present identification problem can be explained by 
the synergistic contribution of its hybrid learning components to the underlying search dynamics. The Lapla-
cian crossover learning mechanism promotes wide-range exploration through heavy-tailed sampling, which is 
particularly advantageous for chaotic systems where the fitness landscape is highly irregular and populated with 
numerous deceptive local minima. Meanwhile, elite group learning enhances exploitation by directing the search 
toward the most promising parameter regions while avoiding abrupt perturbations that may destabilize conver-
gence. Furthermore, the opposition repair learning strategy prevents diversity collapse and mitigates bound-
ary-induced stagnation, ensuring sustained adaptability during late iterations. As a result, en-GJO maintains an 
effective balance between global exploration and local refinement throughout the optimization process. This 
balanced behavior directly translates into faster convergence, lower residual identification error, and significantly 
reduced performance variance, as evidenced by the statistical indicators and convergence profiles reported in this 
section.

Table 5  Comparative best costs and estimated parameters along with their related error rates via GJO, SSA, HHO, SCA, 
AEO, EO, GBO, RUN and ARO
Algorithm Best cost a Error rate (%) b Error rate (%) c Error rate (%) d Error rate (%)
en-GJO 1.3850E−13 1.000001 0.0001 0.333334 0.0002 0.600003 0.0005 1.500000 0
GJO 2.2446E−06 1.005526 0.5526 0.332159 0.3523 0.594930 0.8450 1.499008 0.0661
SSA 1.5751E−05 1.033217 3.3217 0.319258 4.2226 0.551800 8.0333 1.566027 4.4018
HHO 5.0347E−10 0.999772 0.0228 0.333436 0.0308 0.600205 0.0342 1.499433 0.0378
SCA 1.2123E−04 1.036680 3.6680 0.322778 3.1666 0.459633 23.3945 1.542241 2.8161
AEO 8.7381E−12 0.999993 0.0007 0.333338 0.0014 0.600038 0.0063 1.499978 0.0015
EO 7.5785E−07 1.005925 0.5925 0.332262 0.3214 0.590486 1.5857 1.506807 0.4538
GBO 3.1572E−07 1.004972 0.4972 0.330689 0.7933 0.595812 0.6980 1.514832 0.9888
RUN 3.1076E−06 0.987102 1.2898 0.335054 0.5162 0.607042 1.1737 1.488916 0.7389
ARO 2.1200E−06 1.012187 1.2187 0.330768 0.7696 0.588503 1.9162 1.516655 1.1103
The best obtained values are highlighted in bold
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6.3  Convergence Curve Analysis

The convergence behavior of all competing algorithms during the parameter-identification process is illustrated 
in Fig. 5. The figure displays the variation of the objective function (fitness value) with respect to iteration num-
ber for each algorithm, enabling a direct assessment of their optimization dynamics. A rapid decline in the fit-
ness curve indicates an algorithm’s efficiency in minimizing the identification error and approaching the global 
optimum. As observed in Fig. 5, the proposed en-GJO exhibits the fastest and most stable convergence among 
all tested methods. Within the early iterations (approximately the first 20–25 cycles), en-GJO sharply reduces 
the fitness value by several orders of magnitude, reaching near-zero levels long before its competitors. After this 
rapid descent, the curve flattens smoothly and remains almost constant, confirming that the algorithm has already 
reached a steady-state solution and maintained numerical stability thereafter.

This behavior highlights the strong exploitation ability achieved through the integration of the LCL, EGL, 
and ORL strategies, which jointly accelerate convergence while preventing oscillations around local minima. 
In contrast, the original GJO and other metaheuristics such as SSA, SCA, and AEO display slower and more 
irregular descent patterns. Their curves fluctuate considerably during intermediate iterations, implying unstable 
search trajectories and possible entrapment in local basins. Although some algorithms (particularly HHO and 
EO) eventually approach lower fitness values, their rates of decline remain noticeably slower than that of en-
GJO. This difference demonstrates that en-GJO achieves an optimal balance between exploration in early stages 
and refinement in later phases, enabling it to reach the optimum solution with fewer iterations. Furthermore, the 
convergence trace confirms the robustness of en-GJO across independent runs: no abrupt jumps or reversals were 
observed in the plotted curve, evidencing consistent optimization behavior and effective avoidance of premature 
stagnation.

Table 7  Best costs and estimated parameters along with their related error rates with respect to reported approaches
Algorithm Best cost a Error rate (%) b Error rate (%) c Error rate (%) d Error rate (%)
en-GJO 1.3850E−13 1.000001 0.0001 0.333334 0.0002 0.600003 0.0005 1.500000 0
PSO 5.800800E−03 1.0551 5.5100 0.2943 11.7100 0.6722 12.0333 1.7747 18.3133
ABC 5.670232E−03 1.0016 0.1600 0.3213 3.6100 0.6507 8.4500 1.5913 6.0867
SPSSA 5.620033E−03 0.9982 0.1800 0.3342 0.2600 0.6014 0.2333 1.4953 0.3133
GWO 2.883E−03 0.9905 0.95 0.3367 1.01 0.5723 4.61 1.4680 2.13
POA 2.847E−03 1.0238 2.38 0.3258 0.25 0.5689 5.18 1.5372 2.48
FPPOA 2.814E−03 0.9952 0.48 0.3351 0.54 0.5989 0.18 1.4909 0.61
The best obtained values are highlighted in bold

Algorithm Elapsed time (s)
en-GJO 16.4507
GJO 15.5821
SSA 18.2082
HHO 15.1623
SCA 11.5849
AEO 20.7944
EO 19.1722
GBO 19.2515
RUN 15.1462
ARO 18.1650

Table 6  Average elapsed 
execution time per run
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6.4  Analysis of Estimated Parameters

To further verify the capability of the proposed en-GJO in accurately identifying the parameters of the memristive 
chaotic system, an in-depth analysis of the estimated parameters was conducted. The corresponding evolution 
profiles for the four parameters a, b, c, and d are illustrated in Figs. 6, 7, 8 and 9, while the quantitative compari-
son of best costs, estimated values, and percentage error rates is summarized in Table 5. As depicted in Fig. 6, the 
estimated values of parameter a obtained by en-GJO rapidly converge to the true reference value a = 1.0 within 
the first few iterations. This rapid stabilization demonstrates the strong exploitation capability of the proposed 
approach. In contrast, competing algorithms such as GJO, SSA, and SCA exhibit slow and fluctuating conver-
gence trends, indicating unstable adjustment behavior and a higher sensitivity to local minima. A similar trend 
is observed for Fig. 7, where parameter b converges precisely to b = 0.3333 under en-GJO, while other algo-
rithms reveal either delayed convergence or oscillatory trajectories around the target value. These smooth and 
monotonic convergence traces confirm that the hybrid learning mechanisms (LCL, EGL, and ORL) in en-GJO 
effectively regulate both global search and local refinement, ensuring faster and more stable parameter updates.

The convergence characteristics of parameters c and d, presented in Figs. 8 and 9, further substantiate this 
observation. For parameter c = 0.6, en-GJO consistently attains exact identification within negligible error toler-
ance, whereas algorithms such as HHO, EO, and RUN exhibit small but persistent deviations from the target. 
Similarly, for parameter d = 1.5, en-GJO achieves near-perfect alignment with the reference value, while other 
optimizers show oscillations or gradual drifts before stabilization. These plots collectively illustrate that en-GJO 
maintains a smooth, noise-free convergence trajectory, confirming its ability to avoid local optima and reach 
global solutions efficiently.

Quantitatively, the results summarized in Table  5 clearly confirm the superiority of the proposed method. 
The best cost achieved by en-GJO is 1.3850 × 10−13, which is several orders of magnitude smaller than those 
of the competing algorithms. Correspondingly, its estimated parameter values (a = 1.000001, b = 0.333334, 
c = 0.600003, and d = 1.500000) perfectly match the true system parameters with almost zero deviation. The 
associated error rates are found to be less than  0.001%  for all parameters, indicating an exceptionally precise 
estimation performance. By contrast, the standard GJO recorded slightly higher errors (e.g., 0.55% for a and 
0.85% for c), while SSA and SCA exhibited substantial deviations, exceeding 3–8% for most parameters. Even 
relatively competitive methods such as AEO and HHO, which performed better than GJO and SSA, still yielded 
mean errors between 0.001 and 0.04%, showing that their convergence, though effective, was less consistent than 
that of en-GJO. These results emphasize that the combination of LCL for enhanced exploration, EGL for elite-
guided exploitation, and ORL for boundary repair ensures both numerical stability and global accuracy during 
the identification process.

6.5  Computational Complexity and Runtime Analysis

In addition to convergence accuracy and robustness, computational efficiency is a critical criterion for evalu-
ating the practical applicability of metaheuristic optimization algorithms. Since all compared methods in this 
study belong to population-based stochastic optimizers with iterative update mechanisms, their theoretical time 
complexity can generally be expressed as O (N × D × T ) , where N denotes the population size, D represents 
the dimensionality of the problem, and T is the maximum number of iterations. Under identical experimental set-
tings, differences in computational cost therefore arise primarily from the internal update strategies and learning 
operators employed by each algorithm. To provide a fair and implementation-oriented assessment, the computa-
tional complexity of the proposed en-GJO was evaluated empirically by measuring the average elapsed execution 
time per run. All algorithms were implemented in the same programming environment and executed on the same 
hardware platform, using identical population sizes, iteration limits, and numerical integration parameters. This 
approach ensures that the reported runtimes accurately reflect the additional computational overhead introduced 
by algorithmic design rather than external factors.
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Table 6 reports the average elapsed time per run for en-GJO and the nine comparative algorithms. As shown, 
the proposed en-GJO required an average execution time of 16.4507 s, which is only marginally higher than 
that of the original GJO (15.5821 s) and remains comparable to several established optimizers such as HHO 
(15.1623 s) and RUN (15.1462 s). This slight increase is attributed to the inclusion of Laplacian crossover learn-
ing, elite group learning, and opposition repair learning, all of which introduce additional (but controlled) com-
putational operations per iteration.

Despite this modest overhead, en-GJO remains computationally efficient and does not impose excessive run-
time costs when compared with other competitive algorithms. More importantly, the superior estimation accu-
racy, stability, and repeatability achieved by en-GJO demonstrate that the added computational effort is justified 
by a substantial gain in optimization performance. These results confirm that the proposed algorithm achieves an 
effective balance between solution quality and computational efficiency, making it suitable for practical param-
eter identification of nonlinear and chaotic systems.

6.6  Estimated Parameter Performance with Respect to Reported Works

To validate the credibility of the proposed en-GJO method, its parameter-identification performance was com-
pared with several well-established algorithms previously reported in the literature. The compared approaches 
include the particle swarm optimizer (PSO) [50], artificial bee colony (ABC) [50], sine pareto sparrow search 
algorithm (SPSSA) [50], grey wolf optimizer (GWO) [51], pelican optimization algorithm (POA) [51], and 
fractional-order chaotic pareto pelican optimization algorithm (FPPOA) [51]. The quantitative results of this 
comparison are summarized in Table 7, which presents the best identification cost, the estimated parameter values 
(a, b, c, d), and their corresponding percentage error rates relative to the actual system parameters.

According to Table 7, the proposed en-GJO clearly achieved the most accurate estimation results, producing 
the smallest cost value of 1.3850 × 10−13 and virtually zero identification error. The estimated parameters obtained 
by en-GJO (a = 1.000001, b = 0.333334, c = 0.600003, and d = 1.500000) are nearly identical to the true values 
(1.0, 0.3333, 0.6, 1.5). The associated error rates remain below 0.001% for all parameters, confirming the excep-
tional precision and numerical stability of the proposed approach. By contrast, the PSO and ABC algorithms 
exhibit considerably higher deviation levels, with error rates for parameter a of 5.51% and 0.16%, respectively. 
Their total identification costs (5.8008 × 10−3 and 5.6702 × 10−3) indicate relatively poorer convergence accuracy. 
Similarly, the SPSSA method, although slightly more stable, still produced a best cost of 5.6200 × 10−3 with small 
residual errors in all parameters (ranging between 0.18 and 0.31%). Among the more recent metaheuristics, the 
GWO, POA, and FPPOA algorithms yielded improved but still suboptimal results compared with en-GJO. The 
GWO obtained a best cost of 2.883 × 10−3, while the POA and FPPOA achieved 2.847 × 10−3 and 2.814 × 10−3, 
respectively. Despite these lower cost values compared to the earlier methods, their error rates remained notice-
ably higher (up to 5.18% for parameter c in POA and 4.61% for c in GWO) indicating less consistent parameter 
adaptation. The FPPOA demonstrated competitive precision with marginal error rates (below 0.6%) and a smooth 
optimization profile, but it still could not reach the sub-microscopic accuracy achieved by en-GJO. The substan-
tial reduction in both cost and error achieved by the proposed method can be attributed to the synergistic effect of 
its LCL, EGL, and ORL mechanisms. These enhancements allow en-GJO to efficiently balance exploration and 
exploitation, facilitating rapid convergence toward the true parameter set while maintaining population diversity 
and preventing local stagnation.

7  Conclusion

This study presented an enhanced variant of the GJO, termed en-GJO, developed to overcome the limitations 
of premature convergence and insufficient balance between exploration and exploitation commonly encoun-
tered in conventional metaheuristics. Three cooperative strategies (LCL, EGL, and ORL) were integrated into 
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the standard GJO framework to reinforce population diversity, accelerate convergence, and improve boundary 
handling. The resulting hybridization enabled the optimizer to sustain global search capability in the early itera-
tions while providing fine-grained exploitation during later stages of optimization. The proposed method was 
comprehensively validated through two major experimental phases. First, its performance was benchmarked 
against nine well-known optimization algorithms across twenty-three standard test functions, covering unimodal, 
multimodal, and fixed-dimensional multimodal categories. The en-GJO consistently delivered the best statistical 
performance in terms of best, mean, median, worst, and standard-deviation metrics. Its results were either equal 
to or several orders of magnitude better than those obtained by competing algorithms, demonstrating strong con-
vergence stability and reproducibility. Second, the en-GJO was applied to the parameter identification of a mem-
ristive chaotic system, modeled as a nonlinear least-squares optimization problem. The algorithm successfully 
estimated the system parameters (a, b, c, d) with near-zero error rates and achieved a best cost of 1.3850 × 10−13, 
outperforming both classical and advanced approaches such as PSO, ABC, SPSSA, GWO, POA, and FPPOA. 
Convergence curves, boxplot analyses, and parameter-evolution profiles all confirmed that the proposed strat-
egy achieved rapid, stable, and globally optimal identification results. These outcomes validated the synergistic 
effect of LCL, EGL, and ORL in ensuring effective balance between exploration and exploitation throughout the 
optimization process. Overall, the findings indicate that en-GJO provides a robust, accurate, and computation-
ally efficient framework for solving complex nonlinear optimization and parameter-identification problems. Its 
outstanding performance highlights its adaptability and scalability to a wide range of scientific and engineering 
applications beyond chaotic-system modeling, including control parameter tuning, feature selection, and energy 
system optimization.

Future research may focus on extending the proposed approach to fractional-order and multi-objective optimi-
zation frameworks, where trade-offs between competing objectives must be dynamically managed. Further efforts 
may also involve integrating en-GJO with surrogate modeling or machine-learning-based predictive mechanisms 
to enhance its convergence speed in high-dimensional problems [53, 54]. Moreover, experimental validation on 
real hardware platforms (such as embedded or real-time control systems) may be explored to assess its practical 
implementation potential. These future directions are expected to further consolidate the en-GJO’s role as a ver-
satile and high-performance metaheuristic optimizer in advanced system identification and control applications.
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