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Abstract

Metaheuristic algorithms have become effective tools for solving complex engineering
optimization problems. The Parrot Optimization (PO) algorithm is a recently proposed
method with promising performance; however, it still suffers from premature convergence
and slow convergence when handling complex tasks. To address these issues, this paper
proposes an improved variant termed the Elite Cauchy Multi-scale Multi-directional Parrot
Optimization algorithm (ECMPO). The proposed ECMPO incorporates three coordinated
strategies. First, an elite learning strategy is introduced before the behavioral update phase
to guide the population toward promising regions and accelerate convergence. Second,
after the behavioral update, individuals are adaptively processed based on their fitness:
elite individuals perform a multi-scale multi-directional search to enhance local exploitation.
Third, non-elite individuals undergo Cauchy mutation to increase population diversity
and strengthen global exploration. These strategies enable ECMPO to achieve a better
balance between exploration and exploitation. To evaluate its performance, ECMPO is
examined through ablation studies on the CEC2017 benchmark functions and further
compared with eleven algorithms on the CEC2020–2022 benchmark suites. Finally, it is
applied to six constrained engineering design problems. The results demonstrate that
ECMPO exhibits superior performance compared with competitive algorithms. ECMPO
shows strong robustness and applicability in practical engineering optimization tasks.

Keywords: engineering design; parrot optimization algorithm; elite learning; Cauchy
mutation; metaheuristic optimization algorithms

MSC: 68T20; 68W25; 68Q25; 90C27; 90C59

1. Introduction
Engineering design optimization problems often involve multivariable coupling and

high-dimensional search spaces. Consequently, their scale and complexity have increased
significantly, making the limitations of traditional optimization methods increasingly
evident [1]. In particular, traditional numerical optimization approaches such as gradient
descent [2] not only tend to be trapped in local optima when solving large-scale problems [3]
but also require substantial computational resources, which limits their applicability in
practical engineering scenarios [4].
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In this context, achieving efficient and reliable solutions for complex engineering
design optimization problems has become a fundamental challenge [5–7]. Due to the
combined effects of strong nonlinearity, high-dimensional constraints, and multimodal
characteristics, it remains challenging for current optimization methods to maintain a
proper balance between exploration and exploitation [8]. As a result, there is a critical
need to develop advanced optimization algorithms that can enhance convergence accuracy,
avoid premature convergence, and maintain solution diversity in complex search spaces [9].

Metaheuristic algorithms are a class of intelligent optimization techniques inspired
by cooperative behaviors and information sharing among individuals in a population [10].
These algorithms search for optimal or near-optimal solutions in the solution space through
collective behaviors [11]. They exhibit strong flexibility and robustness. Therefore, they are
well-suited for addressing complex challenges in engineering optimization problems [12].
Consequently, these methods have found extensive applications across various practical
engineering domains, such as engineering design [13], resource allocation [2], and data
mining [14].

The Parrot Optimization (PO) algorithm is a recently proposed metaheuristic opti-
mization algorithm developed by Lian et al. in 2024 [15]. Inspired by the natural behaviors
of parrots, PO simulates activities such as foraging, staying, communicating, and fear
of strangers and balances global exploration and local exploitation through the random
switching of different search behaviors. In addition, the PO algorithm reduces dependence
on external parameters through inherent behavioral mechanisms and dynamic adjustment
strategies, resulting in a relatively simple algorithmic structure [16]. Consequently, when
PO is applied to practical optimization tasks, complex parameter tuning can be avoided,
thereby simplifying its practical implementation. Furthermore, owing to its stochastic
search mechanism and multi-behavior collaborative strategy, PO exhibits strong adapt-
ability in solving complex optimization problems [17,18]. However, this balance primarily
relies on random behavior selection and lacks effective control mechanisms [19]. In complex
engineering optimization problems, the algorithm remains susceptible to insufficient local
exploitation capability, loss of population diversity, and reduced search efficiency, which
ultimately limit its overall optimization performance [20,21]. Therefore, numerous studies
have attempted to improve the PO algorithm to enhance its search capability and stability
when addressing complex optimization problems.

Scholars have proposed various mathematical strategies to compensate for the lim-
itations of the original PO algorithm, thereby significantly improving the performance
of the standalone algorithm. Yang et al. [22] proposed the CGBPO algorithm integrating
Logistic mapping, Gaussian mutation, and centroid opposition-based learning to enhance
population diversity and avoid local optima. Results show that CGBPO outperforms
seven representative algorithms in terms of convergence speed, accuracy, and stability.
Wu et al. [23] developed a binary multi-strategy enhanced PO (EMEPO) for feature selec-
tion, demonstrating superior feature quality and classification performance. Li et al. [24]
proposed a multi-strategy Parrot Optimizer (MSPO) for breast cancer image classifica-
tion, incorporating Sobol sequence initialization, nonlinear decreasing inertia weights, and
chaotic parameters to improve exploration and convergence stability. Furthermore, Lei
et al. [25] proposed AWTPO, which employs hybrid mutation and elite retention mecha-
nisms to balance exploration and exploitation, and experimental results on benchmark and
engineering problems show superior optimization performance.

In addition to strategy-based improvements, some researchers combine PO with
other optimization algorithms or advanced techniques to construct hybrid models, further
enhancing the performance of the original algorithm. Huang et al. [26] proposed an IPO–RF
hybrid model for autonomous underwater vehicle (AUV) fault diagnosis, achieving a fault
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identification accuracy of 99.59%. Soundradevi et al. [27] developed a PO-DWHCN hybrid
model integrating PO with a dynamic weighted hypergraph convolutional network, which
improves prediction accuracy, reduces operational costs, and increases renewable energy
system utilization. Shaheen et al. [19] combined the Osprey Optimization Algorithm (OOA)
with PO for parameter identification, leveraging the exploration ability of OOA and the
local search capability of PO to improve overall optimization performance.

Furthermore, several studies extend PO to multi-objective optimization frameworks,
where it demonstrates promising performance in solving problems involving multiple
objectives and constraints. Saad et al. [28] proposed MOPO, which integrates an external
archive and Pareto dominance, and benchmark comparisons show that it outperforms
several leading multi-objective algorithms. Yan et al. [29] developed an adaptive quantum
multi-objective Parrot Optimization algorithm (AQMOPO) for task allocation in multi-UUV
underwater search missions. Zhang et al. [30] proposed an MOPO with improved Lévy
flight and adaptive elliptical screening for wireless network deployment optimization, and
experimental results rank the algorithm first in Friedman tests.

In summary, despite these improvements, the PO algorithm still exhibits limitations
when addressing complex engineering optimization problems. Specifically, the limitations
can be summarized as follows:

(a) Many existing improvement mechanisms focus on enhancing exploration while over-
looking the deep exploitation of high-quality individuals, leading to insufficient
exploitation capability in the later search stages.

(b) In multimodal and high-dimensional search spaces, population diversity may dimin-
ish rapidly, increasing the risk of premature convergence.

(c) Traditional iterative strategies often rely on fixed directions or single-scale updates,
limiting adaptability to complex landscapes and reducing search efficiency.

To overcome these limitations, this paper proposes an improved Elite Cauchy Multi-
scale Multi-directional Parrot Optimization (ECMPO) algorithm. ECMPO introduces
a staged and condition-based optimization framework. To address limitation (a), an
elite learning strategy is incorporated before the behavioral update phase to guide the
population toward promising regions, thereby enhancing exploitation of high-quality
individuals and improving convergence behavior. To address limitation (b), a Cauchy
mutation mechanism is applied to non-elite individuals after the behavioral update to
maintain population diversity and reduce the risk of premature convergence. To address
limitation (c), a multi-scale multi-directional search strategy is assigned to elite individuals,
enabling flexible search across different scales and directions and improving adaptability
to complex landscapes. Through this staged and adaptive mechanism, ECMPO effectively
coordinates exploration and exploitation.

The primary contributions of this work are outlined as follows:

(1) The proposed ECMPO introduces an elite learning strategy prior to the behavioral
update phase and employs a fitness-based adaptive branching mechanism to assign
differentiated search strategies to individuals, in which elite individuals perform a
multi-scale multi-directional search to enhance exploitation, while non-elite individuals
undergo Cauchy mutation to maintain population diversity and promote exploration.

(2) The performance of the ECMPO algorithm is validated through comparative experi-
ments with multiple representative algorithms, indicating competitive performance
across diverse optimization problems.

(3) The ECMPO algorithm is further employed to solve several practical optimization prob-
lems, demonstrating its effectiveness and potential in practical engineering scenarios.
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This article is organized as follows: Section 2 introduces the original PO algorithm
and the proposed improved ECMPO algorithm. Section 3 evaluates ECMPO’s performance
on a set of benchmark suites and analyzes the results. Section 4 applies ECMPO to six
engineering optimization problems to further demonstrate its effectiveness. Section 5
summarizes the findings of this paper and discusses prospective research directions.

2. Methods
2.1. Parrot Optimization Algorithm

The PO algorithm [15] is inspired by several characteristic behaviors of domesticated
Pyrrhura molinae, including foraging, staying, communication, and fear of strangers. In
natural settings, these parrots tend to forage in small groups and are capable of guiding
their search toward resource-rich regions using environmental cues such as vision and
smell. Notably, domesticated parrots exhibit a strong attachment to their owners, often
using the owner’s position as a primary spatial reference (analogous to the current best
solution) when moving or searching for resources.

In addition, parrots frequently perch at different positions on their owner’s body for
short periods, reflecting a stochastic yet locally bounded movement pattern. They also
communicate through vocal signals to exchange information and maintain population-level
coordination. When encountering unfamiliar individuals, parrots instinctively move away
and return toward their owner, which serves as a perceived safe location.

These behavioral patterns are abstracted in the PO algorithm as four distinct search
strategies. During the optimization process, individuals update their positions by proba-
bilistically selecting one of the four behavioral strategies at each iteration.

During the initialization phase of the algorithm, a set of predefined solutions are
generated as the initial population through Equation (1):

X0
i = lb + rand(0, 1)·(ub − lb) (1)

where X0
i denotes the initial position of the i-th parrot, and lb and ub represent the lower

and upper bounds of the search space.

(1) Foraging Behavior

In the foraging stage of PO, parrots identify a rough food location using visual signals or
additional cues from the environment. Considering the owner’s location, they move toward
their respective target positions. Therefore, the position update is defined as follows:

Xt+1
i = (Xt

i − Xbest)·Levy(dim) + rand(0, 1)·
(

1 − t
Maxiter

) 2t
Maxiter ·Xt

mean (2)

where Xt
i represents the current position and Xt+1

i denotes the updated position. Xt
mean

indicates the average position of the current population, and Levy(dim) is defined as a
Lévy flight distribution describing the parrots’ movement trajectories. Xbest denotes the
best position found so far, corresponding to the owner’s current location, t represents the
current iteration, and Maxiter is defined as the maximum allowable number of iterations.

(2) Staying Behavior

Parrots exhibit strong social characteristics and often perch in different locations of
their owner for short periods. Within the PO algorithm, this behavior is mathematically
described as individuals randomly moving toward the best solution while selecting random
stopping positions. Its updating mechanism is given as follows:

Xt+1
i = Xt

i + Xbest·Levy(dim) + rand(0, 1)·ones(1, dim) (3)
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where ones(1, dim) represents the vector of all ones with dimension dim. Xbest·Levy(dim)

indicates the movement of a parrot flying toward the owner, while rand(0, 1) represents
the random selection of a stopping location on the owner.

(3) Communicating Behavior

Parrots exhibit strong social characteristics and frequently interact within their groups.
Such communication may involve either moving toward the group or interacting without
physically approaching it. In the PO framework, these two interaction patterns are consid-
ered to occur with equal likelihood, while the population mean is adopted to approximate
the group center. The corresponding formulation is defined as follows:

Xt+1
i =

0.2·rand(0, 1)·
(

1 − t
Maxiter

)
·
(
Xt

i − Xt
mean

)
, P ≤ 0.5

0.2·rand(0, 1)·exp
(
− t

rand(0,1)·Maxiter

)
, P > 0.5

(4)

where P ∈ [0, 1] is a randomly generated number. When P ≤ 0.5, an individual parrot
moves toward the population and engages in communication; otherwise, it departs from
the group after the interaction.

(4) Fear Behavior

The fear behavior of parrots is characterized by individuals moving away from unfa-
miliar groups and seeking a safe environment near the owner. This process is described by
Equation (5):

Xt+1
i = Xt

i + rand(0, 1)·cos
(

0.5π· t
Maxiter

)
·
(
Xbest − Xt

i
)

− cos(rand(0, 1)·π)
(

t
Maxiter

) 2
Maxiter ·(Xt

i − Xbest)
(5)

where rand(0, 1)·cos
(

0.5π· t
Maxiter

)
·
(
Xbest − Xt

i
)

represents the process of a parrot adjusting

its direction and flying toward the owner, while cos(rand(0, 1)·π)
(

t
Maxiter

) 2
Maxiter ·(Xt

i −
Xbest) describes the behavior of moving away from unfamiliar individuals.

2.2. The Proposed ECMPO

To enhance the optimization capability of the original PO algorithm, this study pro-
poses an enhanced variant termed the ECMPO algorithm. Specifically, an elite learning
mechanism is introduced before the behavioral update stage of the PO algorithm to fully
exploit information from high-quality individuals and guide the population toward promis-
ing regions of the search space. After the standard behavioral updates of the PO algorithm
are applied, a differentiated search mechanism is used to further refine the search. In this
mechanism, elite individuals perform a multi-scale, multi-directional local search to refine
solutions in promising areas, while non-elite individuals undergo Cauchy mutation to
increase population diversity and expand the algorithm’s exploration range.

By integrating these strategies cooperatively, the ECMPO algorithm achieves a better
balance between exploration and exploitation during the optimization process. The detailed
mechanisms of these strategies are described in the following subsections.

2.2.1. Elite Learning Strategy

In the conventional PO algorithm, individuals mainly update their positions through
stochastic behaviors such as foraging and imitation during the iterative process. Although
these mechanisms help maintain population diversity, they do not sufficiently exploit the
information contained in high-quality solutions. As a result, the search process may suffer
from slow convergence and limited exploitation capability.
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To address this limitation, an elite learning strategy is introduced before the behavioral
update stage of the PO algorithm. In this strategy, several top-performing individuals in the
population are selected as elite exemplars. The other individuals update their positions by
referencing the statistical center of the selected elite solutions, thereby obtaining a reliable
search direction derived from high-quality candidate solutions. By incorporating elite
information into the position update process, the population can move more efficiently
toward promising regions of the search space, which improves both convergence speed
and optimization performance.

Furthermore, an adaptive learning factor is introduced to coordinate the search re-
quirements across different phases of the optimization process. A relatively large step size
is adopted in the initial phase to strengthen global exploration capability. As iterations
continue, the step size is gradually reduced to prevent excessive perturbations that could
compromise convergence stability. Meanwhile, a random perturbation term is incorpo-
rated to preserve population diversity and reduce the risk of excessive reliance on elite
individuals. The position update rule can be expressed as

Xt+1
i = Xt

i + α·
(

1
m ∑m

j=1 et
j − Xt

i

)
+ β·rand(0, 1)·(Xub − Xlb) (6)

where Xt
i denotes the position of the i–th individual at iteration t, et

j represents the position
of the j-th elite individual at iteration t, and m is the number of elite individuals. The
parameter α is the elite learning coefficient that controls the strength of elite guidance, β is
the random perturbation coefficient used to maintain population diversity, and Xub and
Xlb are the upper and lower bounds of the search space.

2.2.2. Cauchy Mutation Strategy

During the iterative process of the original PO algorithm, the continuous communica-
tion and imitation among individuals may gradually drive the population to cluster around
locally dominant solutions. As the search progresses, the randomness of the population
decreases, which increases the risk of search stagnation and premature convergence.

To alleviate this issue, a Cauchy mutation strategy is introduced for non-elite indi-
viduals after the behavioral update stage. By selectively applying mutation to non-elite
individuals, the proposed mechanism enhances population diversity while preserving the
stability of elite solutions. This differentiated search mechanism allows non-elite individ-
uals to explore a broader region of the solution space, thereby reducing the likelihood of
premature convergence.

The proposed mutation strategy exploits the sharp peak and heavy-tailed characteris-
tics of the Cauchy distribution. This property enables most individuals to perform small
local perturbations while allowing a small portion of individuals to generate large position
jumps with a certain probability. Consequently, some individuals can escape from the
current search region and explore previously unvisited areas of the solution space, which
effectively enhances the global exploration capability of the algorithm. The Regin Cauchy
mutation operation can be expressed as

Xt+1
i = Xt

i + γ·Cauchy(0, 1)·(Xub − Xlb) (7)

where Xub and Xlb denote the upper and lower bounds of the decision variables, respec-
tively. Cauchy(0, 1) denotes a Cauchy-distributed random variable with location parameter
0 and scale parameter 1, whose probability density function is

f (x) =
1

π(1 + x2)
(8)
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To better coordinate the search requirements across different stages of the optimization
process, an adaptive mutation intensity factor γ, which gradually decays with the iteration
number, is introduced. This factor enables the algorithm to maintain strong random pertur-
bation capability in the early stage to enhance global exploration, while gradually reducing
the mutation intensity in the later stage to avoid excessive perturbations that may affect
convergence stability. The definition of the mutation intensity factor is given as follows:

γ = σ0·
(

1 − t
Maxiter

)
(9)

where t denotes the current iteration number, Maxiter represents the maximum number of
iterations, and σ0 is a constant parameter used to control the initial mutation intensity.

2.2.3. Multi-Scale Multi-Directional Search Strategy

The combination of the elite learning mechanism and the Cauchy mutation strat-
egy enables the algorithm to achieve a trade-off between convergence speed and global
exploration ability. Nevertheless, in the later phase of optimization, as the population
progressively converges toward promising regions of the search space, purely random per-
turbations are often inadequate for fine-grained local search. Consequently, the algorithm
may find it difficult to further approach the global optimum.

A Multi-scale Multi-directional Search Strategy is introduced to further enhance the
local exploitation capability of the algorithm. The proposed strategy performs a greedy
neighborhood search around the current candidate solution by combining multiple search
scales with randomized search directions. Specifically, perturbation step sizes are generated
at different scales, and a random unit direction vector is constructed at each scale. The
candidate solution is then explored along multiple directions within its neighborhood. Once
a better solution is identified, the individual position is immediately updated, allowing the
algorithm to progressively refine the solution and approach the global optimum.

Let Xt
i denote the position of the i-th individual at iteration t. A random unit direction

vector d is generated to probe the neighborhood of the current solution. Under the search
scale Sk, the local exploration step can be formulated as follows:

Xt+1
i = Xt

i + Sk·d (10)

If no improvement is observed along the sampled direction, the search continues in
the opposite direction to further examine the surrounding region:

Xt+1
i = Xt

i − Sk·d (11)

where Sk denotes the k-th search scale, d represents a randomly generated unit direction
vector, k = 1, 2, . . ., K, and K is the total number of search scales.

To better accommodate the search requirements at different stages of the optimization
process, an adaptive search scale mechanism is incorporated. The search scale gradually
decreases with the iteration number, allowing the algorithm to perform broader neighborhood
exploration in the early stage and progressively transition to a fine-grained local search in the
later stage. In this way, the strategy maintains a balance between global exploration and local
exploitation throughout the optimization process. The search scale is defined as follows:

Sk = S0
k

(
1 − t

Maxiter

)
(12)
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where S0
k denotes the initial search scale, t is the current iteration number, and Maxiter represents

the maximum number of iterations. The detailed pseudocode of the Multi-scale Multi-
directional Search Strategy is presented in Algorithm 1.

Algorithm 1. Pseudocode of Multi-scale Multi-directional Search Strategy

Require: N : Total population size; T : Maxiter; dim: Problem dimension;
Ensure: Xbest: global best solution;
For i = 1: N

For k = 1: K
Calculate search scale Sk by Equation (12)
Generate a random unit direction vector d
Generate a candidate solution Xnew using Equation (10)
If f (Xnew ) < f

(
Xt

i )
Xt+1

i = Xnew

Else
Generate candidate solution Xnew using Equation (11)
If f (Xnew ) < f

(
Xt

i )
Xt+1

i = Xnew

End If
End If

End For
End For

Based on the above design, the overall framework of the ECMPO algorithm is illus-
trated in Figure 1, where the blue-highlighted components correspond to the three strategies
proposed in this study. The detailed pseudocode of ECMPO is provided in Algorithm 2.

Figure 1. Flowchart of the ECMPO.
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Algorithm 2. Pseudocode of the ECMPO algorithm

Require: N : Total population size; T : Maxiter; dim: Problem dimension;
Ensure : Xbest: global best solution;
Initialize population positions Xi(i = 1, 2. . ., N) using Equation (1)
Evaluate the fitness value f (Xi ) for each individual
Determine the global best solution Xbest

t = 1
While (t ≤ T)

//elite learning strategy
Determine elite individuals
Update non-elite individuals in X using Equation (6)
For i = 1: N
St = randi ([1, 4])

IF St = 1
Update Xi using foraging behavior Equation (2)

ELSE IF St = 2
Update Xi using staying behavior Equation (3)

ELSE IF St = 3
Update Xi using communicating behavior Equation (4)

ELSE IF St = 4
Update Xi using fear behavior Equation (5)

END IF
IF Xi is an elite individual

Perform multi-scale multi-directional search by Algorithm 1
ELSE

Update Xi using Cauchy mutation Equation (7)
END IF

End For
Evaluate fitness values
Update Xbest

t = t + 1
End While
Return Xbest

2.2.4. Time Complexity Analysis

Computational complexity is a critical metric for evaluating the efficiency of the
ECMPO algorithm. The computational complexity of the proposed algorithm can be
analyzed by examining each of its components individually.

In the initialization phase, the positions of all individuals in the population are ran-
domly generated, leading to a time complexity of O(N × dim), where N denotes the
population size and dim represents the dimensionality of the decision variables.

In the iterative optimization phase, the total computational cost mainly consists of
three components. First, in the elite learning strategy, the population needs to be sorted
to identify elite individuals, which incurs a complexity of O(NlogN). Subsequently, an
elite-guided position update is conducted across all individuals, contributing an additional
computational complexity of O(N × dim). Second, the four behavioral update mecha-
nisms inherited from the original PO algorithm (foraging, staying, communicating, and
fear behaviors) perform vector operations on all individuals, yielding a complexity of
O(N × dim). Third, in the differentiated search mechanism, elite individuals perform a
multi-scale multi-directional search, where each elite individual conducts K local searches.
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This results in a computational cost of O(m × K × dim), where m is the number of elite
individuals. Meanwhile, non-elite individuals undergo Cauchy mutation with a com-
plexity of O((N − m)× dim). Since m and K are typically small constants in practical
implementations, the computational complexity of this part is simplified to O(N × dim).

Consequently, the overall computational complexity per iteration is expressed as
O(N × dim + NlogN). The total time complexity of ECMPO is Ttotal ≈ O(Maxiter ×
(N × dim + NlogN)).

In summary, compared to the original PO algorithm’s complexity of
O(Maxiter × N × dim), ECMPO introduces a moderate additional computational cost while
significantly improving optimization performance, maintaining good scalability for high-
dimensional problems.

2.2.5. Convergence Analysis

To establish the theoretical reliability of our proposed ECMPO algorithm in solving
complex optimization problems, this subsection presents a global convergence analysis
based on the Markov chain framework and stochastic optimization theory [31,32].

A. Markov Chain Modeling of ECMPO

Let the population at iteration t be denoted as

S(t) = {X1(t), X2(t), . . . XN(t)},Xi(t) ∈ Ω (13)

where N denotes the population size, Xi(t) represents the position of the i-th individual,
and Ω is the feasible solution space.

Since the generation of S(t+ 1) depends only on the current state S(t) and stochastic tran-
sition rules (including behavioral updates, elite learning, and mutation operators), the sequence
{S(t)} satisfies the Markov property. Therefore, ECMPO can be modeled as a homogeneous
Markov chain defined on the state space ΩN, where Ω is the feasible solution space.

Furthermore, due to the stochastic perturbation mechanisms embedded in the algo-
rithm, the induced Markov chain is irreducible and aperiodic, which ensures that the chain
has the ability to explore the entire feasible space without being trapped in periodic cycles.

B. Convergence Properties
(1) Satisfaction of Elitism

In ECMPO, an elite learning strategy is incorporated to maintain the global best
solution Xgb(t). Specifically, at each iteration, the fitness of newly generated solutions
is evaluated, and the global best solution is updated only if a better candidate is found.
Otherwise, the previous best solution is retained. Therefore, the following relationship
always holds:

f
(

Xgb(t + 1)
)
≤ f

(
Xgb(t)

)
(14)

This ensures that the sequence of best fitness values is monotonically non-increasing.
Hence, ECMPO satisfies the elitism condition.

(2) Satisfaction of Global Reachability

ECMPO integrates multiple stochastic search mechanisms, including behavioral up-
dates, multi-scale multi-directional search, and Cauchy mutation.

Among these, the Cauchy mutation plays a crucial role in ensuring global exploration.
The Cauchy distribution has the following probability density function:

f (x) =
1

π(1 + x2)
(15)
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Due to its heavy-tailed property, the Cauchy distribution enables the generation of
large perturbations with non-negligible probability. Consequently, for any measurable
subset A ⊆ Ω with nonzero measure, there exists a nonzero probability that a candidate
solution falls within A, i.e.,

P(Xt+1 ∈ A |Xt) > 0 (16)

This indicates that the algorithm possesses a nonzero probability of visiting any
neighborhood in the feasible search domain, including regions surrounding the global
optimum X∗. Hence, ECMPO satisfies the global reachability condition.

Since ECMPO satisfies both the elitism condition and the global reachability condi-
tion, and the induced Markov chain is irreducible and aperiodic, according to standard
convergence results for stochastic optimization algorithms, it follows that

lim
t→∞

P(Xt ∈ Rε(X∗)) = 1 (17)

where Rε(X∗) denotes an ε-neighborhood of the global optimal solution X∗.
This result indicates that, as the number of iterations increases, the probability that

ECMPO reaches the neighborhood of the global optimum approaches 1. Therefore, the
proposed algorithm achieves probabilistic global convergence and offers strong theoretical
support for complex engineering optimization problems.

3. Experimental Results and Discussion
3.1. Experimental Setup

To assess the effectiveness of the proposed strategies, ablation experiments are first
performed on the CEC2017 benchmark suite to examine the individual contributions of
elite learning, Cauchy mutation, and the multi-scale multi-directional search strategy to the
performance improvement of the original PO algorithm.

Subsequently, the proposed ECMPO algorithm was compared with eleven representa-
tive optimization algorithms on three challenging benchmark suites, namely the CEC2020,
CEC2021, and CEC2022 benchmark suites. The algorithms used for comparison consist
of the following: the Grey Wolf Optimizer (GWO) [33], Vulture Optimization Algorithm
(VOA) [34], Hippopotamus Optimization Algorithm (HOA) [35], Walrus Optimization
Algorithm (WaOA) [36], Arctic Sea Eagle Optimization (ASEO) [37], Blood Sucker Leech
Optimization (BSLO) [38], Emperor Penguin Optimizer (EPO) [39], Schrödinger Optimizer
(SRA) [40], Chaotic Evolution optimization (CEO) [41], Chaotic–Gaussian Barycenter Par-
rot Optimization (CGBPO) [22] and an enhanced version of the PO(EMEPO) [23]. The
parameter configurations of both the compared algorithms and the proposed ECMPO are
summarized in Table 1. To ensure the reproducibility of the results, the source code is pub-
licly available at https://github.com/ze190612/cautious-memory (accessed on 14 April
2026). These values are obtained from the corresponding original literature or represent
their optimal settings. To investigate the effect of key parameters of our proposed ECMPO,
a preliminary sensitivity analysis was conducted on several representative benchmark
functions. The results indicate that ECMPO is not highly sensitive to parameter variations
within reasonable ranges. Therefore, the parameter settings used in this paper are selected
based on common practices and empirical experience.
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Table 1. Parameters of algorithms.

Algorithm Parameter Value

GWO (2013) Parameter (a) Linear reduction from 2 to 0

VOA (2021)

p1 0.6

p2 0.4

p3 0.6

Starvation rate (F) Adaptive in [−2, 2]

HOA (2024)
Energy parameter (E) Linear reduction from 2 to 0

Spiral coefficient (l) [−1, 1]

WaOA (2023)

Temperature (T) Decreases from 1 to 0

Coefficient vector (A) [−T, T]

Coefficient vector C [0, 2]

ASEO (2024)

Storm probability (Ps) [0.05, 0.2]

Competition factor (Pc) [0.4, 0.8]

Environmental temperature (T) Exponential decay

BSLO (2024)

Detection range [0.1, 0.5]

Tracking strength [0.3, 1.0]

Random walk probability (Prw) [0.2, 0.5]

Blood-sucking factor [0.2, 0.5]

Temperature profile (T) Exponential decay

EPO (2018) Tmin 0.1

SRA (2025)

Wave function factor (ψ) Adaptive

Potential well depth (V) [0, 1]

Quantum control parameter (h̄) Decreasing

Collapse probability (Pcollapse) [0.1, 0.5]

CEO (2025)

Chaotic map parameter (µ) (0, 1)

Initial chaotic value (x0) [0, 2]

Control parameter (β) [0.1, 0.3]

Chaotic perturbation probability (Pc)

CGBPO (2025)
Logistic map control parameter (a) 4

Levy flight parameter(γ) (1,2)

EMEPO (2025)
Exponential decay factor exp(−t/(rand·Maxiter))

Cosine control factor cos(0.5π·t/Maxiter)

Our proposed ECMPO

Elite proportion 0.1

Cauchy mutation scale factor (γ) (0, 1]

Number of search scales (K) [3, 10]

To quantitatively compare the performance of different algorithms, the Friedman
test was employed to rank the algorithms based on their optimization performance. Fur-
thermore, the Wilcoxon rank-sum test was applied to test whether ECMPO significantly
outperforms the compared algorithms in terms of performance.
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The benchmark suites CEC2017, CEC2020, CEC2021, and CEC2022 consist of four
categories of functions, as summarized in Table 2. These categories evaluate different
aspects of algorithmic performance. Unimodal functions contain a single global optimum
and are mainly used to assess the exploitation capability of an algorithm. Multimodal func-
tions feature multiple local optima and are commonly utilized for evaluating exploration
performance. Hybrid functions and composition functions combine multiple characteristics
of basic functions and are designed to test the robustness of algorithms and their ability to
avoid being trapped in local optima.

Table 2. The composition of the benchmark functions in the four test suites.

Test Suite CEC2017 CEC2020 CEC2021 CEC2022

Unimodal Functions F1–F2 F1 F1 F1
Multimodal Functions F3–F9 F2–F4 F2–F4 F2–F5

Multimodal/Basic Functions F10–F19 F5–F7 F5–F7 F6–F8
Composition Functions F20–F29 F8–F10 F8–F10 F9–F12

All algorithms were implemented in Python 3.9, and all experiments were conducted
on a laptop equipped with an Intel (R) Core (TM) i7-8565U processor and 16 GB RAM.
For a fair comparison, a population size of 30 and a maximum of 1000 iterations were
used consistently across all algorithms. Each benchmark function was run independently
30 times, and both the mean (Aver) and standard deviation (Std) were recorded. The
parameter settings of the comparison algorithms were set according to the default values
suggested in their original publications.

3.2. Ablation Experiment

To comprehensively analyze the impact of each enhancement strategy on the perfor-
mance of the ECMPO algorithm, the original PO algorithm was progressively enhanced
through the incorporation of three key strategies: the elite learning strategy, the Cauchy
mutation strategy, and the multi-scale multi-directional search strategy.

To evaluate the individual contribution of each strategy, several algorithm variants
were constructed by selectively removing one or more components of ECMPO. The detailed
configurations of these algorithm variants and the strategies adopted in each variant are
summarized in Table 3, where “1” indicates the inclusion of the corresponding strategy in
the algorithm, whereas “0” indicates its absence.

Table 3. Variants of the PO algorithm with different strategies.

Algorithm Elite Learning (E) Cauchy Mutation (C) Multi-Scale Multi-
Directional Search (M)

PO 0 0 0
EPO 1 0 0
CPO 0 1 0
MPO 0 0 1

ECMPO 1 1 1

The experimental results on the CEC 2017 benchmark functions with a 30−dimensional
search space are summarized in Table 4. In this table, the symbols “−/=/+” denote the
number of benchmark problems on which the compared algorithms perform worse than, are
comparable to, or outperform the ECMPO algorithm, respectively. In addition, “Friedman
Aver Rank” refers to the mean ranking of each algorithm obtained via the Friedman test, while
“Final Rank” represents the overall ranking of the algorithms across all test functions.
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Table 4. Comparison results on CEC2017 (CEC2027 F1–CEC2017 F29, dim = 30).

ID Criteria PO EPO CPO MPO ECMPO

F1 Aver 4.8926 × 1010 2.5638 × 1010 2.8055 × 108 3.0692 × 1010 1.2778 × 107

F2 Aver 8.8558 × 104 8.3182 × 104 3.7456 × 103 7.4359 × 104 1.0389 × 104

F3 Aver 1.1899 × 104 4.9493 × 103 5.5312 × 102 6.3758 × 103 4.8992 × 102

F4 Aver 6.4995 × 104 3.8677 × 104 1.2730 × 103 4.3797 × 104 1.6714 × 103

F5 Aver 5.0003 × 102 5.0002 × 102 5.0000 × 102 5.0001 × 102 5.0000 × 102

F6 Aver 2.0798 × 106 1.2538 × 106 1.3738 × 104 1.3545 × 106 2.8806 × 103

F7 Aver 1.2907 × 103 6.4543 × 101 1.1002 × 103 1.1487 × 103 1.0358 × 103

F8 Aver 8.2868 × 102 8.1700 × 102 8.0745 × 102 8.1632 × 102 8.0752 × 102

F9 Aver 7.9796 × 103 7.5061 × 103 6.2507 × 103 5.1004 × 103 4.5348 × 103

F10 Aver 1.0085 × 109 3.6450 × 108 1.5182 × 105 3.1580 × 108 8.2605 × 104

F11 Aver 7.1196 × 109 3.3568 × 109 4.4476 × 107 4.7364 × 109 9.9542 × 106

F12 Aver 7.7917 × 109 2.9724 × 109 7.6060 × 106 4.5277 × 109 3.4790 × 105

F13 Aver 6.0517 × 106 4.5057 × 106 1.5604 × 106 3.7123 × 106 1.9395 × 106

F14 Aver 3.2454 × 109 9.5646 × 108 1.7421 × 106 1.4611 × 109 1.6600 × 105

F15 Aver 6.9957 × 108 8.4864 × 107 4.2745 × 105 1.1526 × 108 3.0298 × 105

F16 Aver 6.4533 × 1012 1.3801 × 1011 3.5962 × 104 9.5442 × 1011 1.4691 × 104

F17 Aver 1.2891 × 107 4.5442 × 106 6.8456 × 105 2.4557 × 106 2.8206 × 105

F18 Aver 4.6011 × 1012 2.2322 × 1011 3.0154 × 106 1.0938 × 1012 8.5035 × 104

F19 Aver 7.9936 × 103 6.0148 × 103 4.1082 × 103 6.3283 × 103 3.5065 × 103

F20 Aver 3.4883 × 104 2.3232 × 104 2.8568 × 103 2.3416 × 104 2.9094 × 103

F21 Aver 3.8077 × 103 3.1525 × 103 2.3655 × 103 3.6803 × 103 2.3691 × 103

F22 Aver 5.3881 × 104 4.0018 × 104 4.2839 × 103 3.7134 × 104 3.1786 × 103

F23 Aver 3.1878 × 104 2.2888 × 104 3.6842 × 103 2.3584 × 104 2.9022 × 103

F24 Aver 6.2787 × 103 4.4469 × 103 2.9345 × 103 4.7740 × 103 2.9190 × 103

F25 Aver 9.0523 × 103 5.0952 × 103 3.3850 × 103 7.0880 × 103 3.3907 × 103

F26 Aver 4.0427 × 103 3.6066 × 103 3.2085 × 103 3.8366 × 103 3.3004 × 103

F27 Aver 5.8060 × 103 4.5575 × 103 3.1880 × 103 5.2775 × 103 3.1515 × 103

F28 Aver 3.6191 × 1011 7.0310 × 1010 3.3212 × 106 3.2469 × 1011 2.3766 × 106

F29 Aver 1.1905 × 1011 2.0957 × 1010 7.2939 × 106 7.7589 × 109 1.3299 × 106

</=/> 29/0/0 29/0/0 20/1/8 29/0/0 /

Friedman
Aver Rank 5.0000 3.3448 1.7586 3.6207 1.2759

Final Rank 5 3 2 4 1
Bold is the best result of all algorithms.

As shown in Table 4, the original PO algorithm obtains a Final Rank of 4, indicating
relatively weak optimization capability and an inability to achieve the best performance
across the four categories of benchmark functions. In contrast, the proposed ECMPO
achieves the first position in the Final Rank, demonstrating that the introduced strategies
significantly improve the overall optimization performance.
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In addition, the algorithm variants EPO, CPO, and MPO achieve lower average values
(Aver) than the original PO algorithm on most benchmark functions, indicating that each
enhancement strategy contributes positively to the optimization performance. Specifically,
the elite learning strategy provides effective directional guidance for the population by
exploiting information from high-quality individuals, thereby accelerating the convergence
process. The Cauchy mutation strategy introduces long-distance perturbations through
the heavy-tailed distribution of the Cauchy function, which enhances the algorithm’s
ability to escape local optima while maintaining population diversity. Meanwhile, the
multi-scale multi-directional search strategy performs refined local exploration around elite
individuals, improving the local exploitation capability of the algorithm in the vicinity of
promising solutions. Notably, CPO achieves the best performance on seven benchmark
functions, indicating that the Cauchy mutation strategy plays a crucial role in improving
solution quality. This result suggests that the introduction of long-distance stochastic
perturbations significantly enhances the global exploration capability of the algorithm in
complex non-convex optimization environments.

For unimodal functions, ECMPO achieves the best result on F1, while CPO performs
best on F2, with ECMPO ranking second. This observation indicates that Cauchy mutation
plays an important role in maintaining search diversity. For more challenging functions
(F3–F29), where numerous local optima and rugged search landscapes make the opti-
mization process more difficult, ECMPO achieves the best results on 19 functions, further
confirming the effectiveness of integrating these three strategies.

Figure 2 illustrates the convergence curves of the proposed ECMPO algorithm, the
original PO algorithm, and its ablation variants (EPO, CPO, and MPO) on several represen-
tative CEC2017 benchmark functions. The purpose is to analyze the influence of different
improvement strategies on the convergence behavior of the algorithm. Overall, ECMPO
demonstrates faster convergence speed and better final solution quality on most benchmark
functions, indicating that the proposed multi-strategy collaborative mechanism effectively
enhances the overall optimization performance.

Specifically, for unimodal functions such as F1, EPO converges significantly faster
than the original PO algorithm. This result indicates that the elite learning strategy can
effectively guide the search process by exploiting information from high-quality individuals
within the population, thereby accelerating the convergence toward promising regions and
enhancing local exploitation capability.

For simple multimodal functions such as F5, the convergence curve of CPO out-
performs that of the original PO algorithm. This observation suggests that the Cauchy
mutation strategy helps the algorithm avoid being trapped in local optima. Due to the
heavy-tailed property of the Cauchy distribution, the strategy introduces large stochastic
perturbations into the population, thereby improving the algorithm’s capability to escape
local optima while preserving population diversity.

For complex multimodal landscapes such as F9, MPO exhibits a more stable conver-
gence trend compared with the original PO and continues to approach better solutions
during the optimization process. This phenomenon indicates that the multi-scale multi-
directional search strategy enables more comprehensive exploration of the search space
from different scales and directions, thereby improving the global exploration capability of
the algorithm in complex landscapes.
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Figure 2. Convergence comparison of the original PO and its variants with different strategies.

Furthermore, it can be observed that ECMPO consistently outperforms all ablation
variants on most benchmark functions, demonstrating the coordinated effects of the three
improvement strategies. By effectively integrating elite learning, Cauchy mutation, and
multi-scale multi-directional search strategies, ECMPO achieves superior convergence
performance and stability across different types of CEC2017 benchmark functions, which
further validates the effectiveness of the proposed improvements.

To evaluate the efficiency and scalability of the algorithms in addressing high-
dimensional optimization problems, Table 5 summarizes the average execution times of
ECMPO and the original PO algorithm across 30, 50, and 100 dimensions. Compared to the
original PO, the integration of the elite learning strategy, Cauchy mutation, and multi-scale
multi-directional search inevitably leads to an increased computational overhead. Nev-
ertheless, the experimental results confirm that ECMPO yields superior solution quality,
demonstrating a favorable balance between computational cost and optimization accuracy.
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Table 5. Average runtime comparison on CEC2017 under different dimensions.

Dimensional Dim 30 Dim 50 Dim 100

Algorithms ECMPO PO ECMPO PO ECMPO PO
Aver_Time (s) 5.322 3.395 12.388 9.343 19.334 13.670

3.3. Comparison on the CEC2020, CEC2021, and CEC2022 Benchmark Suites

To further assess the exploration capability, exploitation ability, and local optima
avoidance performance of the ECMPO algorithm, comparative experiments were carried
out on the CEC2020, CEC2021, and CEC2022 benchmark suites with eleven competing
algorithms. Tables 6–8 present the optimization results of ECMPO and the competing
algorithms on the benchmark functions, where the best results are highlighted in bold.

Table 6. Comparison results on CEC2020 (CEC2020 F1–CEC2020 F10, dim = 30).

ID Criteria ECMPO GWO VOA HOA WaOA ASEO BSLO EPO

F1
Aver 1.2778 × 104 2.0951 × 1010 6.6350 × 1010 2.0735 × 107 1.0789 × 1010 2.2178 × 1010 1.2147 × 1011 6.3315 × 109

Std 1.4349 × 104 4.3897 × 109 1.4263 × 1010 1.6889 × 109 3.8640 × 109 4.7668 × 109 1.6349 × 1010 2.5910 × 109

F2
Aver 2.3686 × 103 7.3759 × 103 8.9162 × 103 6.0469 × 103 8.4562 × 103 8.8807 × 103 1.0731 × 104 5.6085 × 103

Std 3.2024 × 102 5.9083 × 102 5.9571 × 102 1.2610 × 103 2.8492 × 102 3.8696 × 102 5.9729 × 102 6.1502 × 102

F3
Aver 8.9382 × 102 6.7770 × 105 2.4620 × 106 2.0000 × 105 3.6185 × 105 7.5021 × 105 4.0553 × 106 2.1863 × 105

Std 3.1103 × 101 1.9153 × 105 5.2040 × 105 1.3317 × 105 8.9355 × 104 1.7365 × 105 4.3072 × 105 8.9260 × 104

F4
Aver 1.9091 × 103 7.2983 × 104 3.1539 × 106 6.5979 × 103 2.1216 × 104 7.4912 × 104 1.3057 × 107 6.2360 × 103

Std 2.1044 × 100 5.5654 × 104 2.0743 × 106 4.9138 × 103 2.8830 × 104 7.7577 × 104 6.7661 × 106 3.0949 × 103

F5
Aver 1.4295 × 106 1.4054 × 107 3.6562 × 108 5.2525 × 105 1.4090 × 107 3.1486 × 107 7.2531 × 108 8.5547 × 106

Std 5.0199 × 106 1.7725 × 107 4.1172 × 108 5.1302 × 105 1.1348 × 107 1.4908 × 107 3.2382 × 108 8.6821 × 106

F6
Aver 5.2546 × 104 5.7230 × 105 1.1763 × 109 1.9343 × 104 1.2535 × 106 7.0495 × 106 3.6280 × 109 3.0296 × 104

Std 4.1789 × 103 1.3277 × 106 9.3305 × 108 2.0774 × 104 1.3769 × 106 6.1776 × 106 2.3526 × 109 1.0489 × 104

F7
Aver 8.2777 × 104 4.3837 × 107 2.9654 × 109 7.8992 × 105 4.2414 × 107 9.4799 × 107 6.2065 × 109 7.7474 × 106

Std 4.5496 × 105 2.8927 × 107 3.5719 × 109 1.0989 × 106 3.2201 × 107 6.0494 × 107 2.3851 × 109 9.3418 × 106

F8
Aver 2.3917 × 103 3.2953 × 103 6.6181 × 103 2.9386 × 103 2.5831 × 103 2.8921 × 103 8.9234 × 103 3.5628 × 103

Std 1.8432 × 102 4.8089 × 102 1.4853 × 103 2.7841 × 102 7.6926 × 101 1.8915 × 102 1.2787 × 103 3.8432 × 102

F9
Aver 2.9767 × 103 1.8372 × 104 4.2171 × 104 1.3913 × 104 9.9682 × 103 1.7496 × 104 6.9814 × 104 1.4442 × 104

Std 3.2238 × 101 4.4698 × 103 4.5064 × 103 6.2914 × 103 1.6047 × 103 3.5020 × 103 1.1377 × 104 4.8483 × 103

F10
Aver 2.9229 × 103 4.0523 × 103 9.5847 × 103 3.2405 × 103 3.7374 × 103 4.4690 × 103 2.2930 × 104 3.4542 × 103

Std 1.7062 × 100 4.6772 × 102 2.3304 × 103 1.5500 × 102 2.5456 × 102 3.8571 × 102 5.6661 × 103 1.4278 × 102

<=> / 10/0/0 10/0/0 9/0/1 10/0/0 10/0/0 10/0/0 10/0/0

ID Criteria SRA CEO CGBPO EMEPO

F1
Aver 7.9648 × 1010 4.4482 × 1010 3.9918 × 108 1.2778 × 107

Std 1.3358 × 1010 1.2249 × 1010 1.8819 × 109 5.3773 × 106

F2
Aver 5.3523 × 103 7.3676 × 103 5.4036 × 103 3.3802 × 103

Std 3.9420 × 102 6.2830 × 102 7.5260 × 102 6.7699 × 102

F3
Aver 2.5918 × 106 1.3957 × 106 1.0940 × 103 2.3389 × 104

Std 2.8532 × 105 3.8721 × 105 9.3143 × 104 6.9204 × 102

F4
Aver 1.9275 × 106 6.4504 × 105 2.0232 × 103 2.0083 × 103

Std 9.0055 × 105 4.2206 × 105 2.3097 × 102 2.7667 × 101

F5
Aver 1.0880 × 108 1.5006 × 108 1.8749 × 105 5.5760 × 105

Std 6.1423 × 107 8.4302 × 107 2.7295 × 105 3.0894 × 105

F6
Aver 3.1894 × 108 1.3449 × 108 9.8946 × 103 2.7421 × 104

Std 2.9621 × 108 1.4403 × 108 2.1029 × 105 1.2071 × 104

F7
Aver 7.0370 × 108 5.3457 × 108 6.4665 × 105 1.1669 × 107

Std 4.2550 × 108 4.8327 × 108 1.1538 × 106 4.3918 × 107

F8
Aver 4.6937 × 103 4.0278 × 103 2.4463 × 103 2.4558 × 103

Std 5.2881 × 102 6.2402 × 102 3.1572 × 101 4.4262 × 101

F9
Aver 4.5495 × 104 3.2244 × 104 4.8250 × 103 2.6032 × 103

Std 6.1673 × 103 4.4920 × 103 2.2072 × 103 3.7304 × 102

F10
Aver 1.0573 × 104 5.9394 × 103 2.9788 × 103 3.0268 × 103

Std 1.9465 × 103 8.4536 × 102 7.8673 × 101 5.0091 × 101

<=> 10/0/0 10/0/0 8/0/2 9/0/1

Bold is the best result of all algorithms.

https://doi.org/10.3390/math14081375

https://doi.org/10.3390/math14081375


Mathematics 2026, 14, 1375 18 of 36

Table 7. Comparison results on CEC2021(CEC2021 F1–CEC2021 F10, dim = 20).

ID Criteria ECMPO GWO VOA HOA WaOA ASEO BSLO EPO

F1
Aver 4.7618 × 103 7.3414 × 109 3.9674 × 1010 1.6214 × 108 2.5876 × 109 8.6267 × 109 5.9481 × 1010 1.0746 × 109

Std 2.4079 × 103 3.2697 × 109 1.2412 × 1010 3.6556 × 108 8.2298 × 108 3.2678 × 109 9.8554 × 109 1.0459 × 109

F2
Aver 2.1916 × 103 4.2632 × 103 5.7627 × 103 3.5148 × 103 5.0461 × 103 5.5221 × 103 6.9958 × 103 3.7080 × 103

Std 4.5921 × 102 4.8670 × 102 5.1323 × 102 5.8710 × 102 3.5891 × 102 2.5639 × 102 3.7394 × 102 5.3708 × 102

F3
Aver 7.5446 × 102 1.5751 × 105 7.8007 × 105 4.5188 × 104 8.9345 × 104 1.8947 × 105 1.5455 × 106 1.2222 × 104

Std 8.4074 × 100 8.1207 × 104 1.9367 × 105 4.2264 × 104 3.0895 × 104 4.1774 × 104 2.8222 × 105 1.0837 × 104

F4
Aver 1.9357 × 103 8.7120 × 103 3.0906 × 106 2.5700 × 103 2.8816 × 103 1.6566 × 104 9.6346 × 106 2.6187 × 103

Std 1.2457 × 101 8.0606 × 103 3.0783 × 106 4.6901 × 102 1.4169 × 103 1.3605 × 104 6.3245 × 106 7.5088 × 102

F5
Aver 6.9270 × 105 4.0658 × 106 3.1737 × 107 3.3960 × 105 3.4916 × 106 4.9002 × 106 1.4171 × 108 2.7953 × 106

Std 7.9756 × 105 3.7726 × 106 1.9034 × 107 5.0745 × 105 2.1914 × 106 2.8602 × 106 6.7091 × 107 2.2347 × 106

F6
Aver 1.2579 × 104 3.3960 × 104 1.9916 × 108 2.4799 × 104 9.6424 × 104 2.2607 × 105 8.8238 × 108 2.1272 × 104

Std 6.5635 × 103 1.7958 × 104 4.1658 × 108 6.8327 × 104 6.3838 × 104 1.7581 × 105 7.4485 × 108 1.1000 × 104

F7
Aver 4.4515 × 104 1.9400 × 107 8.1685 × 108 9.3360 × 105 1.2398 × 107 1.5566 × 107 2.0734 × 109 3.3352 × 106

Std 9.7891 × 104 3.0014 × 107 1.0141 × 109 1.3212 × 106 8.8927 × 106 8.7821 × 106 1.3595 × 109 2.8283 × 106

F8
Aver 2.3031 × 103 2.4488 × 103 3.8505 × 103 2.4346 × 103 2.3727 × 103 2.4204 × 103 4.5288 × 103 2.6826 × 103

Std 8.6805 × 100 4.8494 × 101 1.0304 × 103 4.7291 × 101 1.7905 × 101 3.3450 × 101 6.8080 × 102 1.5911 × 102

F9
Aver 2.5863 × 103 9.8914 × 103 2.6226 × 104 5.0983 × 103 6.1620 × 103 1.0104 × 104 4.0747 × 104 6.0132 × 103

Std 2.4857 × 101 3.3170 × 103 4.7722 × 103 2.9514 × 103 6.0441 × 102 1.8940 × 103 5.2423 × 103 2.3297 × 103

F10
Aver 3.1693 × 103 4.7889 × 103 1.3870 × 104 3.4418 × 103 3.8179 × 103 5.2626 × 103 1.9520 × 104 4.3704 × 103

Std 4.6648 × 101 8.5401 × 102 5.0975 × 103 2.0896 × 102 3.9076 × 102 6.6808 × 102 5.0297 × 103 4.7310 × 102

<=> / 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0

ID Criteria SRA CEO CGBPO EMEPO

F1
Aver 3.4889 × 1010 1.8888 × 1010 7.1631 × 107 8.6004 × 104

Std 5.2467 × 109 5.3453 × 109 3.0612 × 108 1.2604 × 105

F2
Aver 3.2027 × 103 4.3904 × 103 3.0800 × 103 2.7490 × 103

Std 3.0955 × 102 5.3556 × 102 4.3978 × 102 1.0403 × 103

F3
Aver 8.5571 × 105 4.2048 × 105 9.5025 × 102 1.2222 × 103

Std 1.5759 × 105 1.2677 × 105 1.0914 × 102 1.6590 × 102

F4
Aver 7.3238 × 105 2.7111 × 105 2.4301 × 103 2.0357 × 103

Std 4.3256 × 105 2.6101 × 105 2.6679 × 103 5.5698 × 101

F5
Aver 9.3398 × 106 1.6904 × 107 1.1725 × 105 8.6158 × 104

Std 8.6612 × 106 1.0026 × 107 5.0664 × 104 1.8621 × 105

F6
Aver 1.0890 × 107 4.8063 × 107 4.7111 × 104 2.5127 × 104

Std 2.4464 × 107 7.3411 × 107 1.0427 × 104 4.6162 × 106

F7
Aver 1.3846 × 108 2.2631 × 108 3.8109 × 105 6.4528 × 106

Std 1.0472 × 108 3.4118 × 108 6.9460 × 104 6.4533 × 105

F8
Aver 2.8680 × 103 2.7774 × 103 2.3429 × 103 2.3327 × 103

Std 1.6562 × 102 1.7264 × 102 1.4533 × 101 4.8007 × 101

F9
Aver 2.2634 × 104 1.7302 × 104 3.3396 × 103 2.6083 × 103

Std 3.3114 × 103 2.8820 × 103 1.0081 × 103 1.6093 × 102

F10
Aver 9.7156 × 103 8.2547 × 103 4.2179 × 103 3.3749 × 103

Std 1.8058 × 103 1.8769 × 103 7.1613 × 101 1.1524 × 102

<=> 10/0/0 10/0/0 10/0/0 9/0/1

Bold is the best result of all algorithms.

Table 8. Comparison results on CEC2022(CEC2022 F1–CEC2022 F12, dim = 20).

ID Criteria ECMPO GWO VOA HOA WaOA ASEO BSLO EPO

F1
Aver 3.9865 × 102 1.2872 × 104 6.1059 × 104 1.9266 × 103 9.7707 × 103 1.4010 × 104 8.6498 × 104 4.0469 × 103

Std 4.1521 × 102 3.8891 × 103 3.0966 × 104 1.9597 × 103 3.6638 × 103 4.4581 × 103 2.5518 × 104 2.4307 × 103

F2
Aver 5.0074 × 102 8.0591 × 102 4.1695 × 103 5.1830 × 102 7.0735 × 102 9.7353 × 102 8.7171 × 103 6.0199 × 102

Std 4.4459 × 101 1.4525 × 102 1.3706 × 103 5.3654 × 101 1.2076 × 102 1.9523 × 102 2.2722 × 103 4.0918 × 101

F3
Aver 6.0000 × 102 6.0030 × 102 6.0211 × 102 6.0000 × 102 6.0010 × 102 6.0044 × 102 6.0273 × 102 6.0011 × 102

Std 2.1860 × 10−6 1.5276 × 10−1 5.4223 × 10−1 6.9797 × 10−3 3.4182 × 10−2 1.6103 × 10−1 4.0062 × 10−1 9.0574 × 10−2

F4
Aver 9.5856 × 102 1.0103 × 103 1.1150 × 103 9.9942 × 102 1.1090 × 103 1.0744 × 103 1.3933 × 103 9.8280 × 102

Std 4.8979 × 101 3.4542 × 101 5.7150 × 101 4.7408 × 101 4.0113 × 101 3.2860 × 101 6.2131 × 101 4.5233 × 101

F5
Aver 4.4770 × 102 9.0560 × 102 9.1329 × 102 9.0319 × 102 9.0682 × 102 9.0569 × 102 9.3318 × 102 9.0305 × 102

Std 8.0899 × 10−1 2.2785 × 100 4.3805 × 100 1.5984 × 100 2.6850 × 100 1.7478 × 100 7.1224 × 100 1.2222 × 100

F6
Aver 4.3688 × 104 9.6983 × 107 5.4650 × 109 4.7101 × 104 7.2309 × 107 2.4648 × 108 9.6853 × 109 5.3367 × 104

Std 1.7362 × 104 1.4974 × 108 3.1910 × 109 1.5764 × 104 4.5101 × 107 1.1723 × 108 3.3805 × 109 2.3383 × 104

F7
Aver 2.2537 × 103 2.7039 × 103 8.0245 × 103 2.7557 × 103 2.9372 × 103 2.7685 × 103 1.3426 × 104 2.9568 × 103

Std 1.2605 × 102 4.8814 × 102 4.7049 × 103 3.9036 × 102 3.7334 × 102 2.3493 × 102 3.5910 × 103 3.6752 × 102

F8
Aver 9.0813 × 102 4.7858 × 103 6.8761 × 1013 3.9336 × 103 2.7089 × 105 1.9077 × 106 2.9738 × 1014 3.9013 × 103

Std 9.7777 × 102 1.3406 × 103 3.2894 × 1014 8.7074 × 102 8.7756 × 105 3.3084 × 106 8.1091 × 1014 1.0992 × 103

F9
Aver 2.1827 × 103 3.1068 × 103 6.8103 × 103 2.6902 × 103 2.8459 × 103 3.2387 × 103 9.5241 × 103 3.0881 × 103

Std 7.3354 × 101 1.8636 × 102 2.5849 × 103 3.6323 × 101 9.8751 × 101 1.9273 × 102 2.1704 × 103 1.9275 × 102

F10
Aver 3.1077 × 103 5.0554 × 103 6.7296 × 103 3.9944 × 103 2.8601 × 103 2.9277 × 103 8.1591 × 103 4.6286 × 103

Std 8.0055 × 102 1.2182 × 103 1.0935 × 103 1.2852 × 103 4.1582 × 101 9.9648 × 101 8.1792 × 102 1.0450 × 103

F11
Aver 2.2427 × 103 3.5009 × 103 1.7047 × 104 2.8355 × 103 3.2864 × 103 2.9896 × 103 2.3900 × 104 2.9278 × 103

Std 1.1703 × 102 7.1639 × 102 8.5173 × 103 8.1358 × 102 7.7467 × 102 3.7573 × 102 1.0500 × 104 3.4753 × 102

F12
Aver 3.0852 × 103 3.1784 × 103 3.6219 × 103 3.1681 × 103 3.0071 × 103 3.3094 × 103 4.3386 × 103 3.6231 × 103

Std 7.6671 × 101 1.1949 × 102 3.3006 × 102 1.2811 × 102 3.4324 × 101 1.0966 × 102 3.3495 × 102 2.7203 × 102
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Table 8. Cont.

ID Criteria ECMPO GWO VOA HOA WaOA ASEO BSLO EPO

<=> / 12/0/0 12/0/0 12/0/0 11/0/1 11/0/1 12/0/0 12/0/0

ID Criteria SRA CEO CGBPO EMEPO

F1
Aver 3.7950 × 104 2.5414 × 104 9.1345 × 103 3.8346 × 103

Std 7.5705 × 103 8.6668 × 103 3.3042 × 102 3.8728 × 103

F2
Aver 4.3023 × 103 5.0738 × 103 4.3088 × 103 3.4435 × 103

Std 5.2299 × 102 1.2533 × 103 9.6685 × 102 6.3214 × 102

F3
Aver 7.9365 × 103 6.9613 × 103 2.9285 × 103 2.6714 × 103

Std 2.4543 × 103 2.8340 × 103 5.4069 × 102 3.9075 × 102

F4
Aver 3.5983 × 103 3.8961 × 103 2.9955 × 103 8.4183 × 102

Std 1.4178 × 102 2.2743 × 102 2.7377 × 101 3.3275 × 102

F5
Aver 3.3234 × 103 1.8353 × 103 9.0929 × 102 9.0228 × 102

Std 7.7121 × 102 7.1760 × 102 3.5611 × 101 3.8570 × 100

F6
Aver 6.0160 × 102 6.0114 × 102 6.0001 × 102 6.0000 × 102

Std 2.7663 × 10−1 2.3250 × 10−1 5.6678 × 10−2 1.3418 × 10−7

F7
Aver 1.1612 × 103 1.0468 × 103 3.0554 × 103 9.3348 × 103

Std 5.5133 × 101 4.4398 × 101 6.5141 × 101 2.9129 × 101

F8
Aver 9.1277 × 102 9.0807 × 102 3.2508 × 103 9.6161 × 102

Std 2.5748 × 100 2.8358 × 100 2.9546 × 100 6.7328 × 10−1

F9
Aver 2.5998 × 109 1.9897 × 109 2.6715 × 103 8.0720 × 104

Std 1.2367 × 109 1.4677 × 109 2.1692 × 104 7.5574 × 107

F10
Aver 4.7112 × 103 4.4315 × 103 4.3282 × 103 3.3308 × 103

Std 1.0083 × 103 1.5394 × 103 1.0535 × 102 4.4979 × 102

F11
Aver 8.1140 × 108 2.1039 × 1012 2.5918 × 103 2.4732 × 103

Std 2.4433 × 109 9.6160 × 1012 6.3150 × 102 2.4270 × 102

F12
Aver 5.0007 × 103 5.4934 × 103 2.6454 × 103 3.4873 × 103

Std 8.2617 × 102 8.2475 × 102 2.2440 × 102 9.1901 × 102

<=> 12/0/0 12/0/0 11/0/1 10/0/2

Bold is the best result of all algorithms.

Table 6 presents the experimental results obtained on the 30-dimensional CEC2020
benchmark suite. As shown in the table, ECMPO achieves the best mean fitness values
on seven benchmark functions (F1, F2, F3, F4, F7 and F10), whereas CGBPO performs
best on F5 and F6 and EMEPO performs best on F9. The remaining algorithms do not
obtain the best results on any of the benchmark functions. This indicates that ECMPO
demonstrates superior search capability and higher solution accuracy on most benchmark
functions. Further examination of the mean fitness values reveals that ECMPO significantly
outperforms the competing algorithms on the unimodal function F1, with differences
reaching several orders of magnitude. For example, the mean fitness value obtained by
ECMPO is significantly lower than those of algorithms such as GWO, VOA, and WaOA,
indicating stronger global search capability in the solution space. In addition, CGBPO
and EMEPO slightly outperform ECMPO on functions F5, F6 and F9, suggesting that they
have certain advantages when dealing with hybrid function structures. Overall, ECMPO
achieves the best results on seven out of the 10 benchmark functions and outperforms
most competing algorithms in terms of overall optimization performance and stability,
demonstrating strong competitiveness on the CEC2020 benchmark suite.

Table 7 presents the experimental results obtained on the 20-dimensional CEC2021
benchmark suite. As shown in the table, ECMPO achieves the best mean fitness values on
nine out of the ten benchmark functions (F1, F2, F3, F4, F6, F7, F8, F9, and F10) and performs
slightly worse than EMEPO only on F5. These results indicate that ECMPO demonstrates
significant advantages on the vast majority of benchmark functions, indicating higher
optimization accuracy and stronger global search capability.

Table 8 presents the experimental results obtained on the 20-dimensional CEC2022
benchmark suite. Compared with the other algorithms, EMEPO obtains the best results on
functions F4 and F6. CGBPO obtains the best results on function F12. ECMPO outperforms
the competing algorithms on nine benchmark functions in the CEC2022 suite, indicating
that ECMPO can effectively maintain a balance between global exploration and local
exploitation in complex search spaces, thereby improving convergence accuracy.
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3.4. Statistical Analysis

To further analyze statistical differences among the compared algorithms, the Fried-
man test was applied to results obtained from the CEC2020, CEC2021, and CEC2022
benchmark suites. The mean rank of each algorithm was subsequently computed, and the
outcomes are summarized in Table 9. The Friedman test reveals statistically significant
differences among the evaluated methods. Based on the average ranking, ECMPO attains
the lowest mean rank across all three benchmark suites, indicating its superior overall
optimization capability relative to the competing algorithms and demonstrating strong
search effectiveness and robustness.

Table 9. Friedman average rank.

Algorithms CEC 2020 CEC 2021 CEC 2022

GWO 6.1433 6.4877 6.6854
VOA 10.6211 10.0433 10.9444
HOA 4.3267 4.4600 4.5112

WaOA 5.8112 5.8112 5.9639
ASEO 7.6300 7.3833 7.0389
BSLO 11.3223 11.8700 11.8611
EPO 5.9000 5.3118 5.1389
SAR 9.0223 9.4967 9.5639
CEO 8.1000 8.4900 8.3889

CGBPO 2.3700 2.4500 3.2136
EMEPO 2.7000 2.9067 2.5311
ECMPO 1.5322 1.6233 1.5766

In addition, the Wilcoxon rank-sum test was performed to compare ECMPO with the
eleven competing algorithms on the CEC2020, CEC2021, and CEC2022 benchmark suites
based on 30 independent runs. In Tables 10–12, the symbol “+” indicates that ECMPO
performs better than the compared algorithm, “=” indicates comparable performance, and
“−” indicates that the compared algorithm outperforms ECMPO.

Table 10 presents the Wilcoxon rank-sum test results comparing ECMPO with eleven
benchmark algorithms on the ten benchmark functions of the CEC2020 test suite. The
statistical results indicate that ECMPO achieves superior performance in 98 out of 110 com-
parisons (98/110), demonstrating a clear advantage over the other algorithms.

Table 10. Results of the Wilcoxon rank-sum test on the CEC2020 benchmark functions.

ID GWO VOA HOA WaOA ASEO BSLO EPO SRA CEO CGBPO EMEPO

F1 + + + + + + + + + + +
F2 + + + + + + + + + + +
F3 + + + + + + + + + + +
F4 + + + + + + + + + = =
F5 + + = + + + + + + − +
F6 + + − + + + = + + − −
F7 + + = + + + + + + + +
F8 + + + + + + + + + = =
F9 + + + + + + + + + + −
F10 + + + + + + + + + + +

+/=/− 10/0/0 10/0/0 7/2/1 10/0/0 10/0/0 10/0/0 9/1/0 10/0/0 10/0/0 6/2/2 6/2/2
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Table 11. Results of the Wilcoxon rank-sum test on the CEC2021 benchmark functions.

ID GWO VOA HOA WaOA ASEO BSLO EPO SRA CEO CGBPO EMEPO

F1 + + + + + + + + + + +
F2 + + + + + + + + + + +
F3 + + + + + + + + + + +
F4 + + + + + + + + + = =
F5 + + = + + + + + + + −
F6 + + = + + + + + + + +
F7 + + = + + + + + + + +
F8 + + + + + + + + + = =
F9 + + + + + + + + + + =
F10 + + = + + + + + + + +

+/=/− 10/0/0 10/0/0 6/4/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 10/0/0 8/2/0 6/3/1

Table 12. Results of the Wilcoxon rank-sum test on the CEC2022 benchmark functions.

ID GWO VOA HOA WaOA ASEO BSLO EPO SRA CEO CGBPO EMEPO

F1 + + + + + + + + + + +
F2 + + = + + + + + + = +
F3 + + + + + + + + + = =
F4 + + + + + + + + + + −
F5 + + + + + + + + + + +
F6 + + = + + + − + + + +
F7 + + = + + + + + + + +
F8 + + = + + + = + + = =
F9 + + − + + + + + + + +
F10 + + + + = + + + + + +
F11 + + + + + + + + + + +
F12 + + + − + + + + + − +

+/=/− 12/0/0 12/0/0 8/3/1 11/0/1 11/1/0 12/0/0 10/1/1 12/0/0 12/0/0 8/3/1 9/2/1

Table 11 summarizes the Wilcoxon rank-sum test results obtained from the ten bench-
mark functions of the CEC2021 test suite. The results indicate that ECMPO performs
comparably to HOA on F5, F6, F7, and F10. On F4 and F8, ECMPO shows performance
comparable to CGBPO and EMEPO, and on F9, it is comparable to EMEPO. For the remain-
ing functions, ECMPO outperforms all other competing algorithms. Among the 110 total
comparisons, ECMPO again achieves 100 superior results (100/110), further indicating its
strong overall optimization capability.

Table 12 presents the Wilcoxon rank-sum test results comparing ECMPO with other
algorithms on the twelve benchmark functions of the CEC2022 test suite. The results
indicate that ECMPO performs similarly to HOA on functions F2, F6, F7, and F8 and
shows comparable performance to ASEO on F10. Furthermore, it demonstrates similar
performance to CGBPO on F2, F3, and F8 and to EMEPO on F3 and F8. However, ECMPO
performs slightly worse than HOA and WaOA on functions F9 and F12, worse than CGBPO
on F12, and worse than EMEPO on F4. Out of 132 total comparisons, ECMPO achieves
117 superior results (117/132), indicating that its overall performance on the CEC2022 test
functions remains better than that of most comparison algorithms. Overall, considering
the Wilcoxon rank-sum test results across CEC2020, CEC2021, and CEC2022, ECMPO
demonstrates clear superiority in the majority of comparisons, further verifying its stability
and effectiveness across different types of optimization problems.
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3.5. Convergence Performance Analysis

Convergence analysis plays a critical role in evaluating whether an algorithm can
efficiently approach the global optimum while maintaining an appropriate balance between
exploration and exploitation. Figures 3–5 present the convergence curves of ECMPO
compared with other algorithms, providing a visual comparison of their convergence
behavior, optimization accuracy, and stability.

Figure 3. Convergence curves obtained by different algorithms on the CEC2020 benchmark suite.
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Figure 4. Convergence curves obtained by different algorithms on the CEC2021 benchmark suite.
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Figure 5. Convergence curves obtained by different algorithms on the CEC2022 benchmark suite.
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Overall, ECMPO exhibits superior convergence speed and higher optimization accu-
racy compared with the competing algorithms. For unimodal functions, such as CEC2020
F1, CEC2021 F1, and CEC2022 F1, ECMPO consistently converges faster than the other
swarm intelligence algorithms and rapidly approaches the global optimum, demonstrat-
ing strong exploitation capability in fine-grained local search. For multimodal functions,
including CEC2020 F2–F4, CEC2021 F2–F4, and CEC2022 F2–F5, ECMPO demonstrates
strong global exploration capability and effectively avoids premature convergence to local
optima, a limitation commonly observed in many competing algorithms. In composite
and hybrid functions, which involve more complex landscapes and interactions among
variables, ECMPO still maintains high solution quality and efficient convergence, further
confirming its robustness and effectiveness across diverse optimization scenarios.

3.6. High-Dimensional Analysis

As problem dimensionality increases, the search space expands exponentially, which
substantially increases the complexity of optimization tasks. Many algorithms exhibit strong
performance in low-dimensional settings but tend to experience a marked decline in effec-
tiveness when applied to high-dimensional problems, a phenomenon known as the “curse
of dimensionality.” Therefore, experimental evaluations on high-dimensional benchmark
functions are crucial for assessing the robustness and scalability of optimization algorithms.

To further evaluate the performance of ECMPO on high-dimensional optimization
problems, comparative experiments were conducted on the CEC2020 benchmark suite with
dimensional settings of 50 and 100. Figure 6 presents the average ranking results obtained
from the Friedman test. It can be observed that ECMPO achieves average ranks of 1.50 and
1.52 under the 50-dimensional and 100-dimensional settings, respectively, ranking first among
all comparison algorithms in both cases. These results indicate that ECMPO maintains stable
and superior optimization performance as the dimensionality increases, demonstrating strong
capability in solving high-dimensional problems and good algorithm scalability.

Figure 6. (a) Friedman average rankings on the CEC2020 benchmark functions at 50 dimensions.
(b) Friedman average rankings on the CEC2020 benchmark functions at 100 dimensions.

4. ECMPO Applications in Engineering Optimization Problems
In this section, the performance of the ECMPO algorithm is assessed on six represen-

tative real-world engineering optimization problems, namely the Pressure Vessel Design
(PVD) [42], Robot Gripper Optimization Problem (GROP) [43], Tubular Column Design
(TCD) [44], Cantilever Beam Design (CBD) [45], Gear Train Design (GTD) [46], and Reducer
Design Problem (RDP) [47]. Compared with standard numerical benchmark functions,
these problems are characterized by the need to achieve optimality while simultaneously
satisfying multiple strict constraints.
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To address constraint violations, various constraint-handling strategies have been
proposed in the literature, such as static penalty, dynamic penalty, annealing-based penalty,
adaptive penalty, and co-evolutionary methods. In this study, a static penalty approach is
adopted due to its simplicity and effectiveness.

Accordingly, the constrained optimization problem is transformed into an uncon-
strained one using the following penalized objective function in Equation (18).

F(x) = f (x) + ∑m
i=1

(
Ri·max[0, gi(x)]2) (18)

where f (x) represents the original objective function, gi(x) represents the i-th constraint
function, m refers to the total number of constraints, and Ri are the penalty coefficients.

For comparative evaluation, ECMPO is tested against several well-established meta-
heuristic algorithms, including GWO, VOA, HOA, WaOA, ASEO, BSLO, EPO, SRA CEO,
CGBPO, and EMEPO. The population size of all algorithms is uniformly set to 30, while
the maximum iteration number is fixed at 300. To mitigate the influence of randomness,
each algorithm is run independently 30 times. The performance measures include the
mean value (Aver), standard deviation (Std), best value (Best), worst value (Worst), and the
corresponding rank (Rank).

4.1. Pressure Vessel Design (PVD)

The main objective of the Pressure Vessel Design (PVD) problem is to minimize the
manufacturing cost of the pressure vessel while satisfying functional and safety require-
ments. The problem involves four design variables, namely the shell thickness (Ts), head
thickness (Th), inner radius (R), and the length of the cylindrical section excluding the head
(L). The schematic diagram of the structure is shown in Figure 7, and the corresponding
mathematical model can be expressed as follows:

Consider: →
x =

[
x1 x2 x3 x4

]
=

[
Ts Th R L

]
Minimize: f

(→
x
)
= 0.6224x1x3x4 + 1.7781x2x2

3 + 3.1661x2
1x4 + 19.84x2

1x3,

Subject to: g1

(→
x
)
= −x1 + 0.0193x3 ≤ 0,

g2

(→
x
)
= −x2 + 0.00954x3 ≤ 0,

g3

(→
x
)
= −πx2

3x4 − 4
3 πx3

31296000 ≤ 0,

g4

(→
x
)
= x4 − 240 ≤ 0,

Parameter range: 0 ≤ x1, x2 ≤ 99, · · · · · · 10 ≤ x3, x4 ≤ 200.

Figure 7. PVD diagram.

Table 13 presents the comparison results for the PVD problem. It can be observed that
ECMPO achieves the lowest cost among all compared algorithms.
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Table 13. Comparison results for the PVD problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
Ts Th R L

ECMPO 0.8125 0.4375 42.2649 174.5846 6.5194 × 103 4.4366 × 102 6.0499 × 103 7.3814 × 103 1

GWO 1.1250 0.5625 56.8805 52.1517 4.6524 × 104 5.0056 × 104 6.9503 × 103 2.4191 × 105 6

VOA 0.8750 0.4375 44.8146 145.6549 2.1794 × 104 2.5971 × 104 6.1510 × 103 1.2401 × 105 4

HOA 1.0625 0.5625 54.4210 150.6048 1.5877 × 105 1.0497 × 105 1.0139 × 104 4.1427 × 105 10

WaOA 0.8125 0.3750 40.7651 193.8899 5.5701 × 104 1.6077 × 105 6.2375 × 103 8.7923 × 105 7

ASEO 1.3750 1.6875 48.3730 162.5112 3.2668 × 105 2.0483 × 105 1.6536 × 104 1.0041 × 106 11

BSLO 1.0000 0.5000 49.8210 99.8434 2.8760 × 104 4.4567 × 104 6.6073 × 103 1.8002 × 105 5

EPO 3.9375 1.1250 68.0905 17.6691 5.9081 × 105 6.7500 × 105 3.4035 × 104 3.6287 × 106 12

SRA 0.8125 0.4375 42.7512 168.7119 1.1906 × 105 1.2335 × 105 6.1405 × 103 3.5733 × 105 9

CEO 1.0000 3.6875 46.2703 200.0000 8.3464 × 104 5.3582 × 104 2.1349 × 104 2.7129 × 105 8

CGBPO 1.0000 1.0000 52.0915 82.6865 1.3515 × 104 6.0823 × 103 8.8299 × 103 3.0748 × 104 2

EMEPO 1.0625 0.5000 51.1938 99.2472 1.8918 × 104 1.3465 × 104 7.1913 × 103 7.0402 × 104 3

4.2. Robot Gripper Optimization Problem (GROP)

The Robot Gripper Optimization problem aims to minimize the difference between
the maximum and minimum gripping forces within a specified displacement range of the
gripper tip. The schematic diagram of the robot gripper is shown in Figure 8. In this model,
a, b and c are the link lengths of the various links of the mechanism, α, β,and δ are the
angles that define the geometric relationships between the links of the mechanism, e is the
offset of point C from point A perpendicular to the direction of manipulator displacement,
Fk is the gripping force applied by the mechanism on the object to be gripped, z is the
manipulator displacement, and l is the distance of point H from the actuator end. The
mathematical model of the GROP problem can be expressed as follows:

Consider: →
x =

[
x1 x2 x3 x4 x5 x6 x7

]
=

[
a b c e f l δ

]
Minimize: f (x) = −minFk(x, z) + maxFk(x, z)
Subject to: g1(x) = −Ymin + y

((→
x
)

, Zmax

)
≤ 0,

g2(x) = −y
((→

x
)

, Zmax

)
≤ 0,

g3(x) = Ymax − y
((→

x
)

, 0
)
≤ 0,

g4(x) = y
((→

x ,
)

, 0
)
− YG ≤ 0,

g5(x) = l2 + e2 − (a + b)2 ≤ 0,
g6(x) = b2 − (a − e)2 − (l − Zmax)

2 ≤ 0,
g7(x) = Zmax − l ≤ 0,

where α = cos−1
(

a2+g2−b2

2ag

)
+ϕ, g =

√
e2 + (z − l)2,

β = cos−1
(

b2+g2−a2

2bg

)
−ϕ,ϕ = tan−1

(
e

l−z

)
,

y(x, z) = 2(f + e + csin(β+ δ)),
Fk =

Pbsin(α+β)
2ccos(α) , Ymin = 50, Ymax = 100, YG = 150, Zmax = 100, P =

100,

With bounds:
0 ≤ e ≤ 50, 100 ≤ c ≤ 200, 10 ≤ f, a, b ≤ 150, 1 ≤ δ ≤ 3.14, 100 ≤
L ≤ 300
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Figure 8. GROP diagram.

The optimization results of different GROP algorithms are shown in Table 14. The
results show that the ECMPO algorithm is better than the other eleven algorithms.

Table 14. Comparison results of GROP problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
x1 x2 x3 x4 x5 x6 x7

ECMPO 122.4435 10.0000 200.0000 50.0000 132.7003 119.1162 2.6580 4.8482 1.5183 4.4662 5.0450 1

GWO 144.0167 84.9710 134.5603 35.4259 83.7046 180.4498 2.6973 13.1223 3.1421 11.0319 15.2432 12

VOA 149.9761 43.2794 175.1532 27.2210 146.8511 191.3287 2.6883 9.2332 2.8100 8.5259 11.8526 6

HOA 150.0000 99.4549 197.2028 28.0538 147.8372 192.9368 2.7469 10.7550 2.2325 8.7036 11.7435 11

WaOA 122.5831 11.7293 194.6981 49.9997 96.1206 118.3053 2.4124 8.5420 2.9653 6.5545 9.1329 4

ASEO 150.0000 41.5326 120.9059 19.0128 94.5677 188.8497 2.3300 9.4500 1.4298 8.8418 10.3564 7

BSLO 116.4612 42.3062 149.3149 42.7387 116.8214 105.0830 2.7245 10.3321 2.3362 9.5326 12.2258 10

EPO 116.9830 34.0759 181.1639 44.8692 58.2042 115.3345 2.2330 8.7623 2.1776 7.0996 10.3123 5

SRA 120.9055 24.0089 171.1653 46.4564 28.5195 134.8827 2.0869 10.4662 1.2023 9.0016 13.1931 9

CEO 144.9137 102.9441 101.0969 33.0172 81.5286 213.0759 2.4618 9.4558 1.3642 8.2291 10.4603 8

CGBPO 135.8845 92.0971 108.9536 28.2760 57.4066 199.9467 2.2528 6.9829 2.5561 4.6795 7.2349 2

EMEPO 150.0000 66.2049 121.5421 27.6788 52.7258 203.6263 2.3194 7.3533 1.8233 6.4946 8.8976 3

4.3. Tubular Column Design (TCD)

The objective of the Tubular Column Design problem is to obtain a uniform column
with minimum cost. The schematic diagram is shown in Figure 9, where the column is
required to withstand a compressive load of P = 2500 kgf. The mean diameter (d) of
the column is restricted to lie between 2 and 14 cm, and columns with thicknesses (t)
outside the range 0.2–0.8 cm are not available in the market. The material properties of
the column are defined as follows: yield stress σy = 500 kgf/cm2, modulus of elasticity
E = 0.85 × 106 kgf/cm2, and density ρ = 0.0025 kgf/cm3. The length of the column is
L = 250 cm, and the design variable vector is defined as →

X
= (x1, x2) = (d, t). The

mathematical model can be expressed as follows:

Minimize: f
(→

X) = 9.82dt + 2d,

Subject to: g1
(→

X) = P
πdtσy

− 1 ≤ 0,

g2
(→

X) = 8PL2

π3Edt(d2+t2)
− 1 ≤ 0,

g3
(→

X) = 2.0
t − 1 ≤ 0,

g4
(→

X) = d
14 − 1 ≤ 0,

g5
(→

X) = 0.2
t − 1 ≤ 0,

g6
(→

X) = t
0.8 − 1 ≤ 0,

Parameter range: 2 ≤ d ≤ 14, 0.2 ≤ t ≤ 0.8
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Figure 9. TCD diagram.

The optimization results for the TCD problem are presented in Table 15, where ECMPO
ranks first among all compared algorithms.

Table 15. Comparison results of TCD problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
d t

ECMPO 5.4512 0.2920 26.5313 0.0000 26.5313 26.5313 1

GWO 5.4625 0.2916 26.9652 0.3123 26.5652 27.8069 10

VOA 5.4514 0.2928 27.0033 0.3239 26.5775 27.9265 11

HOA 5.4512 0.2920 26.6401 0.2283 26.5318 27.5530 6

WaOA 5.4475 0.2925 26.8025 0.2257 26.5453 27.3539 8

ASEO 5.4500 0.2921 26.5354 0.7743 27.4471 29.3286 12

BSLO 5.4512 0.2920 26.5360 0.0059 26.5314 26.5591 5

EPO 5.4512 0.2920 26.5326 0.0014 26.5313 26.5367 4

SRA 5.4528 0.2921 26.9523 0.5914 26.5459 29.1646 9

CEO 5.4480 0.2925 26.7937 0.3532 26.5429 28.0607 7

CGBPO 5.4512 0.2920 26.5326 0.0016 26.5313 26.5374 3

EMEPO 5.4512 0.2920 26.5313 0.0000 26.5313 26.5313 1

4.4. Cantilever Beam Design (CBD)

The objective of the Cantilever Beam Design (CBD) problem is to minimize the weight
of the beam subject to a set of constraints. The schematic diagram of the CBD problem is
shown in Figure 10. In this model, xi (I = 1, 2, 3, 4, 5) denotes the side length (or cross-
sectional dimension) of the i-th beam segment. Each variable represents the geometric size
of an individual hollow square section along the beam. The mathematical model of the
CBD problem can be defined as follows:
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Consider: →
x =

[
x1 x2 x3 x4 x5

]
Minimize: f

(→
x ) = 0.6224(x1 + x2 + x3 + x4 + x5),

Subject to: g(
→
x ) = 61

x3
1
+ 27

x3
2
+ 19

x3
3
+ 7

x3
4
+ 1

x3
5
− 1 ⩽ 0,

Parameter range: 0.01 ⩽ x1, x2, x3, x4, x5 ⩽ 100.

Figure 10. CBD diagram.

The comparison results for the CBD problem are presented in Table 16, where ECMPO
outperforms all eleven competing algorithms.

Table 16. Comparison results of CBD problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
x1 x2 x3 x4 x5

ECMPO 5.9427 4.8799 4.4726 3.4837 2.1273 1.3500 0.0002 1.3500 1.3012 1

GWO 5.4583 5.0262 4.4281 3.9043 2.3021 1.3436 0.0021 1.3405 1.3495 5

VOA 5.9706 41.7708 2.9816 20.2295 22.8784 8.2376 1.6362 5.4115 11.5122 12

HOA 5.9982 3.7567 4.8968 5.2099 8.9111 1.5335 1.0346 1.3400 7.1049 9

WaOA 5.9367 7.2992 7.8937 5.7653 1.2070 1.9426 0.3488 1.4411 2.9371 10

ASEO 5.5998 7.6838 14.3510 6.3825 5.1991 2.5252 0.7384 1.3884 3.8386 11

BSLO 5.6290 10.8814 3.9290 3.4737 1.8499 1.3439 0.0017 1.3412 1.3578 6

EPO 5.8977 4.8835 4.5052 3.4751 2.1464 1.3408 0.0005 1.3402 1.3421 4

SRA 5.6747 5.6379 4.7617 3.6495 2.4151 1.4083 0.0300 1.3444 1.4697 8

CEO 5.8289 5.3495 4.4908 3.6945 2.2381 1.3604 0.0098 1.3453 1.3826 7

CGBPO 5.9907 5.3088 4.4970 3.4968 2.1528 1.3401 0.0002 1.3400 1.3404 2

EMEPO 5.7995 5.2959 4.5133 3.5030 2.1553 1.3402 0.0002 1.3400 1.3402 3

4.5. Gear Train Design (GTD)

The Gear Train Design (GTD) problem is a classical constrained integer optimization
problem in mechanical engineering. Its objective is to minimize the gear ratio, defined as
the ratio between the angular velocity of the output shaft and that of the input shaft. The
design variables consist of the numbers of teeth on gears A (x1), B (x2), C (x3), and D (x4).
The structure of the gear train is illustrated in Figure 11, and its mathematical model can be
expressed as follows:

Consider: →
x =

[
x1 x2 x3 x4

]
=

[
nA nB nC nD

]
,

Minimize: f (
→
x ) =

(
1

6.931 − x1x2
x3x4

)2
,

Parameter range: 12 ⩽ x1, x2, x3, x4 ⩽ 60. And all are integers.
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Figure 11. GTD diagram.

Specifically, continuous candidate solutions are transformed into integer-valued solu-
tions using a rounding-based mapping strategy as follows:

xint
i = round(xi), i = 1, 2, 3, 4

where xint
i denotes the integer-valued decision variable.

After rounding, a boundary control mechanism is applied to ensure feasibility within
the predefined range [12, 60]. This guarantees that all generated solutions satisfy the
problem constraints. The rounding-based discretization strategy is widely adopted in
continuous metaheuristic algorithms for solving discrete and mixed-integer optimization
problems, as it provides a simple and effective bridge between continuous search spaces
and integer-constrained decision variables [48,49]. Importantly, this transformation is
applied only as a post-processing step and does not alter the internal search mechanisms of
any compared algorithms, ensuring a fair and consistent evaluation framework [50].

The experimental results are presented in Table 17, where ECMPO outperforms all
competing algorithms.

Table 17. Comparison results of GTD problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
x1 x2 x3 x4

ECMPO 19 16 49 43 4.1568 × 10−9 6.6309 × 10−9 2.7009 × 10−12 2.7265 × 10−8 1

GWO 19 16 43 49 1.2069 × 10−8 3.3968 × 10−8 2.7009 × 10−12 1.7613 × 10−7 4

VOA 16 19 43 49 2.6123 × 10−4 8.1403 × 10−4 2.7009 × 10−12 3.1048 × 10−3 10

HOA 16 19 49 43 4.3878 × 10−9 7.2905 × 10−9 2.7009 × 10−12 2.7265 × 10−8 2

WaOA 16 19 49 43 6.2821 × 10−9 9.7390 × 10−9 2.7009 × 10−12 2.8578 × 10−8 3

ASEO 13 31 57 49 1.6593 × 10−7 2.9280 × 10−7 9.9399 × 10−11 1.1012 × 10−6 8

BSLO 18 23 57 50 6.0594 × 10−3 8.8266 × 10−3 9.6793 × 10−7 3.1081 × 10−2 12

EPO 26 15 53 51 3.5356 × 10−8 1.3838 × 10−7 2.3078 × 10−11 7.7786 × 10−7 6

SRA 22 17 54 48 5.2559 × 10−5 1.3580 × 10−4 1.1661 × 10−10 6.8882 × 10−4 9

CEO 15 26 53 51 3.4593 × 10−4 1.3161 × 10−3 2.3078 × 10−11 6.8726 × 10−3 11

CGBPO 16 19 43 49 5.3005 × 10−8 2.4706 × 10−7 2.7009 × 10−12 1.3811 × 10−6 7

EMEPO 21 15 37 59 2.5015 × 10−8 3.6460 × 10−8 3.0676 × 10−10 1.7491 × 10−7 5

4.6. Reducer Design Problem (RDP)

In mechanical systems, the reducer is an essential component of gearboxes and is
widely used in various applications. The schematic diagram is shown in Figure 12. In this
optimization problem, the weight of the reducer is minimized subject to 11 constraints.
This problem involves seven design variables, namely the face width b(= x 1), module
m(= x2), number of teeth of the pinion Z(= x3), length of the first shaft between bearings
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l1(= x 4), length of the second shaft between bearings l2(= x 5), diameter of the first shaft
d1(= x 6), and diameter of the second shaft d2(= x 7). The mathematical model of the RDP
problem can be expressed as follows:

Minimize:
f (x) = 0.7854x1x2

2(3.3333x2
314.9334x3 − 1.508x1

(
x2

6 + x2
7
)
+

7.4777
(

x3
6 + x3

7
)
+ 0.7854

(
x4x2

6 + x5x2
7
)
,

Subject to: g1(x) = 27
x1x2

2x3
− 1 ⩽ 0,

g2(x) = 397.5
x1x2

2x2
3
− 1 ⩽ 0,

g3(x) = 1.93x3
4

x2x4
6x3

− 1 ⩽ 0,

g4(x) = 1.93x3
5

x2x4
7x3

− 1 ≤ 0,

g5(x) =
√

(745x4/(x2x3))
2+16.9×106

110x3
6

− 1 ≤ 0,

g6(x) =
√

(745x4/(x2x3))
2+157.5×106

85x3
7

− 1 ≤ 0,

g7(x) = x2x3
40 − 1 ≤ 0,

g8(x) = 5x2
x1

− 1 ≤ 0,
g9(x) = x1

12x2
− 1 ≤ 0,

g10(x) = 1.5x6+1.9
x4

− 1 ≤ 0,
g11(x) = 1.1x7+1.9

x5
− 1 ≤ 0,

Parameter range:
2.6 ≤ x1 ≤ 3.6, 0.7 ≤ x2 ≤ 0.8, 17 ≤ x3 ≤ 28,
7.3 ≤ x4 ≤ 8.3, 7.8 ≤ x5 ≤ 8.3, 2.9 ≤ x6 ≤ 3.9,
5.0 ≤ x7 ≤ 5.5

Figure 12. RDP diagram.

The optimization results of different algorithms for the RDP problem are presented in
Table 18, from which it is evident that ECMPO outperforms all competing algorithms.

Based on the above experimental results, ECMPO consistently ranks first across all
six selected engineering optimization problems, demonstrating its robust search capability
and stable performance over diverse problem types. Furthermore, compared with other
algorithms, ECMPO not only achieves high solution accuracy but also exhibits superior
overall optimization performance, highlighting its effectiveness and strong potential in
addressing complex engineering optimization problems.
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Table 18. Comparison results of RDP problem.

Algorithm
Optimal Design Variables

Aver Std Best Worst Rank
x1 x2 x3 x4 x5 x6 x7

ECMPO 3.4976 0.7000 17.0000 7.3000 7.8000 3.3501 5.2857 2995.8535 1.6753 2995.5424 3004.8754 1

GWO 3.5058 0.7000 17.0000 7.3000 7.8000 3.3505 5.2845 3517.3617 756.3543 2998.8868 5356.5735 8

VOA 3.4979 0.7000 17.0018 7.3001 7.8002 3.3500 5.2856 3056.3749 66.6517 2995.9004 3210.6366 6

HOA 3.4976 0.7000 17.0000 7.3000 7.8000 3.3501 5.2857 2999.0682 4.2863 2995.5424 3010.8936 2

WaOA 3.4960 0.7000 17.0217 7.3000 7.9282 3.3789 5.2846 3033.2241 13.6549 3010.0921 3060.9277 4

ASEO 3.5395 0.7000 17.0000 8.2949 8.1116 3.3519 5.3009 3109.4775 74.0879 3037.0912 3402.2915 7

BSLO 3.5856 0.7000 17.1809 7.9990 8.2592 3.5244 5.4271 4887.0337 1859.8685 3217.6354 12869.7511 10

EPO 3.4989 0.7000 17.0094 7.7127 8.1373 3.3510 5.2855 3561.7943 511.7961 3008.6839 4760.6211 9

SRA 3.4957 0.7000 17.0000 7.6691 7.8254 3.3718 5.2860 3035.4335 26.4377 3005.2673 3116.4731 5

CEO 3.5032 0.7015 19.4697 7.8182 7.8666 3.6459 5.3737 5035.3681 1615.6244 3607.2795 12056.3797 12

CGBPO 3.5894 0.7059 17.0000 7.3000 7.9847 3.3646 5.4310 4908.9087 2001.4637 3160.8434 9965.3460 11

EMEPO 3.4976 0.7000 17.0000 7.3089 7.8009 3.3501 5.2856 3004.4296 3.9550 2995.6534 3014.3896 3

5. Conclusions and Future Work
The PO algorithm, as a recently developed metaheuristic method, improves population

diversity by simulating parrot behaviors; however, it is still prone to premature convergence
and local optima stagnation. To address these issues, this paper proposes an enhanced
variant, termed ECMPO, by incorporating an elite learning strategy, Cauchy mutation, and
a multi-scale multi-directional search mechanism within a unified framework.

Specifically, the elite learning strategy is introduced prior to the parrot behavioral
phases to accelerate convergence by guiding individuals toward high-quality regions.
After the behavioral update, a conditional search mechanism is employed, in which elite
individuals perform multi-scale multi-directional search to refine local exploitation, while
non-elite individuals undergo Cauchy mutation to enhance global exploration. Through
this hybrid design, ECMPO effectively achieves a dynamic balance between exploration
and exploitation.

Extensive experiments are conducted on the CEC2017 benchmark suite to investigate
the effects of the proposed strategies. Further validation is performed on the CEC2020,
CEC2021, and CEC2022 test suites, as well as six classical engineering optimization prob-
lems, to comprehensively assess the performance of the proposed ECMPO algorithm. The
experimental results demonstrate that ECMPO consistently outperforms the original PO
algorithm and eleven state-of-the-art metaheuristic algorithms in terms of solution accu-
racy, convergence behavior, and robustness. In particular, ECMPO ranks first across all
six engineering problems, highlighting its strong competitiveness in solving real-world
complex optimization tasks.

Despite its promising performance, ECMPO still has certain limitations. First, as
a population-based metaheuristic algorithm, its performance may be influenced by the
initialization of the population, and different initial distributions may lead to variations
in convergence behavior. Second, like most stochastic optimization methods, ECMPO
may be affected by noise or uncertainty in objective function evaluations, which could
potentially impact its stability in noisy environments. In addition, the integration of
multiple enhancement strategies increases the algorithmic complexity, which may reduce
computational efficiency in large-scale or real-time applications.

Future work will focus on addressing these limitations by developing more robust ini-
tialization strategies, improving noise-resistance capability, and simplifying the algorithmic
structure to reduce computational overhead. Moreover, adaptive parameter control mech-
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anisms and hybrid frameworks combining ECMPO with other intelligent optimization
methods will be further investigated. The application of ECMPO to more complex tasks,
such as high-dimensional optimization and hyperparameter tuning in machine learning
models, will also be explored.
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