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Abstract

In high-dimensional optimization, particle swarm optimization (PSO) algorithms often
suffer from premature convergence due to stagnation in certain dimensions. This study
proposes an enhanced variant, ELPSO-C, which integrates dimension-wise convergence
detection with adaptive exploration mechanisms. By applying agglomerative clustering
to inter-particle velocity diversity, ELPSO-C identifies dimensions showing signs of stag-
nation and selectively reintroduces diversity through targeted mutation strategies. The
algorithm preserves global search capability while reducing unnecessary perturbation
in well-explored dimensions. Experimental results on a suite of 18 benchmark functions
across various dimensions demonstrate that ELPSO-C consistently achieves superior per-
formance compared to existing PSO variants, especially in high-dimensional and complex
landscapes. These findings suggest that dimension-aware adaptation is an effective strategy
for improving PSO’s robustness and convergence quality.

Keywords: particle swarm optimization (PSO); premature convergence; dimension-wise
diversity; clustering-based adaptation; evolutionary computation

1. Introduction

Particle swarm optimization (PSO) was originally proposed by Kennedy and Eberhart
as a stochastic optimization algorithm inspired by the collective behavior observed in bird
flocking and fish schooling [1,2]. Due to its ability to balance exploration and exploitation
using simple mathematical operations, PSO has become one of the most widely used
metaheuristic algorithms in computational intelligence [3]. Its advantages include high
search efficiency, ease of implementation, and few control parameters, making it particularly
suitable for a wide range of practical applications. These applications span various fields
such as machine learning [4], control systems [5], electric power systems [6], and financial
engineering [7]. As a result, PSO has been extensively studied and continuously improved
over the past decades.

One of the most critical issues in PSO is its tendency to prematurely converge to
local optima, especially when dealing with complex multimodal objective functions [7,8].
In such scenarios, particles often lose diversity and become trapped in limited regions of the
search space, preventing the algorithm from sufficiently exploring other promising areas.
This phenomenon arises because the social and cognitive components in the PSO update
equations tend to rapidly align particle trajectories, leading to loss of exploration capability
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as the search progresses [9]. As a result, maintaining adequate diversity within the swarm
is essential for achieving global search performance and avoiding stagnation [10].

To address the limitations of standard PSO in handling local optima, the Enhanced
Leader Particle Swarm Optimization (ELPSO) algorithm was proposed [11]. ELPSO en-
hances the leader particles by applying a multi-stage mutation strategy, thereby increasing
the algorithm’s ability to escape from local minima. Specifically, it adopts diverse mu-
tation mechanisms depending on the current stage of convergence, such as Gaussian,
Cauchy, and Lévy-based perturbations, to reinforce the global exploration capability of the
best-performing individuals. Although ELPSO improves search accuracy and robustness
through leader enhancement, it does not explicitly control the diversity of the entire swarm.
As a result, convergence may still occur prematurely when diversity loss propagates among
non-leader particles.

To overcome the limitations of ELPSO, this study proposes a novel method called
ELPSO-C, which introduces a clustering-based diversity control mechanism at the di-
mension level. The core idea of ELPSO-C is to monitor and manage the diversity of the
swarm on a per-dimension basis, rather than treating the swarm as a whole. By apply-
ing clustering to the particles’ distribution in each dimension, ELPSO-C identifies which
dimensions are undergoing premature convergence, characterized by reduced diversity.
Adaptive operations are then applied selectively to those dimensions in order to restore
and maintain diversity. By integrating the leader-enhancing mutation mechanisms of
ELPSO with dimension-wise diversity control over the entire swarm, ELPSO-C achieves im-
proved balance between global exploration and local exploitation, thus enhancing overall
optimization performance.

The remainder of this paper is organized as follows. Section 2 provides a review of
related work in the field of particle swarm optimization and diversity control strategies.
Section 3 describes the proposed method, ELPSO-C, in detail, including its clustering-based
mechanism and dimension-wise adaptation. Section 4 presents numerical experiments
conducted to evaluate the performance of the proposed method using benchmark func-
tions. Finally, Section 5 concludes the paper with a summary of findings and future
research directions.

2. Related Work

Particle swarm optimization (PSO), originally proposed by Kennedy and Eberhart [1,2],
is a stochastic, population-based optimization algorithm inspired by the collective behavior
of biological swarms. Owing to its simplicity, computational efficiency, and few control
parameters, PSO has emerged as one of the most widely adopted metaheuristic algorithms.
It has been successfully applied in various domains, including machine learning, control
systems, electric power systems, and engineering design [3,5-7].

A major limitation of standard PSO lies in its tendency to prematurely converge in
complex multimodal landscapes, where particles lose diversity and become trapped in
local optima [8,10]. The velocity and position of each particle are updated at each iteration
according to the following equations:

vi(t+ 1) = wo;(t) + c1r1(pbest; — x;(t)) + cara(gbest — x;(t)), 1)

xi(t+1) = xi(t) +oi(t +1), 2

where w denotes the inertia weight, ¢; and ¢, are the acceleration coefficients, and rq, r, are
random variables uniformly drawn from [0, 1]. These equations demonstrate how particle
movements are guided by their personal best and the global best positions, potentially
resulting in a rapid loss of diversity as the search progresses.
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In addition to standard PSO and ELPSO frameworks, various studies have explored
leader-based or cooperative enhancements to PSO. For example, Li et al. [12] proposed a
multi-component PSO algorithm with a leader learning mechanism that combined four
PSO strategies in a cooperative strategy pool to improve structural damage detection accu-
racy at the expense of a higher computational effort. Chen et al. [13] introduced ALC-PSO,
where the global-best leader was assigned a lifespan and replaced by challengers as it ages,
helping to prevent premature convergence and maintain swarm diversity. Wang et al. [14]
applied PSO as an optimization tool for tuning gain parameters in leader—follower coop-
erative control laws of multi-agent systems, demonstrating PSO’s utility in distributed
control design.

Several recent PSO variants have adopted Gaussian-based strategies to enhance swarm
diversity and mitigate premature convergence. For instance, Chen et al. [15] proposed an
Adaptive PSO with Gaussian Perturbation and Mutation (AGMPSO), where Gaussian noise
was injected into the global best particle when stagnation was detected. Wang et al. [16]
introduced an Adaptive Dimensional Gaussian Mutation PSO (ADGMPSO), which applied
Gaussian perturbation to elite particles on a per-dimension basis with adaptive control.
Han et al. [17] developed a Group Learning PSO (GLPSO) that incorporated adaptive
Gaussian noise into particle velocities to promote exploration. While these methods apply
Gaussian perturbations globally or at the level of selected particles, they do not explicitly
identify stagnated dimensions across the swarm. In contrast, our approach performs a
clustering-based analysis of particle positions to detect stagnated dimensions and selec-
tively reset their values using a targeted diversity control strategy. This dimension-wise
mechanism enables more precise intervention, which is particularly beneficial in high-
dimensional optimization problems.

To overcome this issue, various improvements have been proposed. Enhanced Leader
PSO (ELPSO) [11] applies multi-stage mutation strategies—such as Gaussian, Cauchy,
and opposition-based mutations—to enhance the exploration ability of leader particles.
While ELPSO increases robustness against local optima, it does not explicitly manage
diversity at the dimension level. Clustering techniques have also been integrated into
swarm and evolutionary computation frameworks to support adaptive diversity control
and structure-aware search [4,18]. In particular, hierarchical agglomerative clustering using
complete linkage helps to identify structural patterns in the search space and to guide
localized adaptation. Building on these concepts, the proposed ELPSO-C combines leader-
enhancing mutation mechanisms with clustering-based dimension-wise control to improve
search diversity, particularly in high-dimensional and complex optimization problems.

In addition to clustering-based approaches, recent studies have applied domination
landscape concepts to better understand and exploit the structure of local optima in swarm
and evolutionary optimization. Hao et al. [19] first proposed the domination landscape
(DL) as a directed graph of solutions ordered by dominance relationships, providing a
hierarchical view of optima in the search space. Building on this idea, later studies have
applied DL analysis in swarm algorithms to preserve solution diversity and avoid pre-
mature convergence. For example, Li et al. [20] employ a DL-based matrix to compare
successive fitness landscapes in dynamic environments, allowing their evolutionary swarm
to detect shifts in the distribution of optima and reuse or diversify solutions accordingly.
Similarly, Hou et al. [21] incorporate DL theory into particle swarm optimization, using
dominance relations to guide particles towards multiple high-quality peaks rather than a
single dominant solution, thereby maintaining diversity and reducing the risk of entrap-
ment in local optima. These approaches show that modeling the fitness landscape as a
dominance hierarchy helps characterize the landscape’s multi-optima structure and inform
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strategies (like diversity preservation and knowledge transfer) that align with the goals of
the current study.

Other well-known swarm intelligence algorithms such as Artificial Bee Colony (ABC),
Gray Wolf Optimizer (GWO), and Tree-Seed Algorithm (TSA) have also been proposed and
widely applied to various continuous optimization problems [22-24]. ABC is inspired by
the foraging behavior of honey bees and balances exploration and exploitation through the
roles of employed and onlooker bees. GWO mimics the hierarchical leadership and hunting
strategies of gray wolves, effectively balancing local and global search. TSA models the
propagation behavior of tree seeds, combining random and directional steps to switch
between different search modes. While these algorithms have shown strong performance
on many problems, our proposed methods are built on the PSO framework with a specific
focus on dimension-wise diversity control and adaptive intervention strategies.

2.1. Enhanced Leader Particle Swarm Optimization (ELPSO)

ELPSO is a variant of the standard PSO algorithm designed to mitigate premature
convergence. It enhances global search capabilities by incorporating multi-stage mutation
strategies into the behavior of leader particles, thereby promoting swarm diversity. This
section outlines the motivation and conceptual basis of ELPSO, details its mutation strategy,
and presents the overall algorithmic structure.

2.1.1. Motivation and Concept

A fundamental limitation of standard PSO is its tendency to suffer from premature
convergence, particularly in complex multimodal search spaces. As particles are iteratively
attracted toward their personal best (p?“t) and the global best (g ") solutions, the diversity
of the swarm often diminishes rapidly. This loss of diversity reduces the ability of the
algorithm to escape local optima and conduct sufficient exploration. A key contributing
factor to this issue is the dominant influence exerted by the leader particles. Once a leader
emerges, other particles tend to follow its trajectory too closely, resulting in the entire
swarm collapsing into a limited region of the search space [8,11].

To overcome the limitations of standard PSO, Jordehi proposed the Enhanced Leader
Particle Swarm Optimization (ELPSO) algorithm [11]. The core idea of ELPSO is to reinforce
the role of leader particles through a multi-stage mutation strategy designed to prevent their
stagnation, which often leads to premature convergence around suboptimal regions. Unlike
conventional PSO, in which particles update their positions solely based on deterministic
equations, ELPSO adaptively applies different mutation types to leader particles depending
on their search state. These mutations introduce diverse perturbations to leader positions,
thereby preserving exploration potential and enabling the swarm to escape local optima.
This approach helps maintain higher swarm diversity throughout the search process and
enhances the algorithm’s ability to identify global optima in complex landscapes.

ELPSO preserves the core structure of standard PSO while enhancing search perfor-
mance by modifying the behavior of leader particles. Through the use of adaptive mutation
strategies, ELPSO offers greater flexibility and improved global exploration compared to
earlier PSO variants, making it an effective approach for mitigating premature convergence
and stagnation. However, a notable limitation of ELPSO is its lack of explicit mechanisms
for controlling diversity at the dimension level. Although the behavior of leader particles is
diversified, the algorithm does not monitor or preserve variation along individual dimen-
sions. This shortcoming motivated the development of ELPSO-C, which extends ELPSO by
introducing clustering-based, dimension-wise diversity control.
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2.1.2. Multi-Stage Mutation Strategy

To mitigate the stagnation of leader particles in standard PSO, ELPSO employs a
multi-stage mutation strategy consisting of five distinct operators: Gaussian mutation,
Cauchy mutation, dimension-wise opposition-based mutation, global opposition-based
mutation, and DE-based mutation [11]. Instead of relying on a single perturbation method,
ELPSO adaptively selects operators based on the degree of stagnation. Milder mutations
are applied during early stagnation, whereas stronger perturbations are triggered under
prolonged stagnation. This composite strategy enhances diversity and achieves a better
balance between global exploration and local exploitation.

Gaussian Mutation

Gaussian mutation perturbs each component x; of a particle’s position vector x by
adding Gaussian noise:
xg®™ = x; + N (O, a2 (1)), 3)

where N'(0,02(t)) denotes a normal distribution with mean zero and time-dependent
variance ¢ (t). Following [11], the standard deviation ¢ (t) is defined as:

o(t) =0y (1 - :tr), (4)

where 0y is the initial standard deviation, f is the current iteration number, and T is the
maximum number of iterations. This schedule progressively reduces the mutation strength,
allowing for finer local search in the later stages of the optimization process.

Cauchy Mutation

Cauchy mutation introduces perturbations drawn from the Cauchy distribution, which
has heavier tails than the Gaussian distribution. This property enables occasional large
jumps, thereby increasing the likelihood of escaping local optima:

Xy = x4 +C(0,7(t)), )

where C(0,y(t)) denotes a Cauchy distribution with a time-dependent scale parameter
v(t). Following [11], the scale parameter is defined as:

t
t) = 1— =
10 =m(1-1), ©
where 7 is the initial scale, and T is the total number of iterations.

Dimension-Wise Opposition-Based Mutation

In the ELPSO framework, opposition-based mutation generates an opposite solution
based on the current position [11]. For each component x,; of the position vector within
bounds [a4, bs], the opposite value is computed as:

Xgpp =a;+b; — x4 (7)

In this study, we introduce a variant in which the opposition operation is selectively applied
to a subset of dimensions D C {1,...,D}:

a;+by—x; ifdeD,

X4 otherwise.
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We refer to this variant as dimension-wise opposition-based mutation. This operator is
newly introduced in the present study and was not part of the original ELPSO framework
proposed in [11]. While inspired by the general concept of opposition-based learning, it
applies the transformation selectively to a subset of dimensions, thereby providing more
targeted diversity enhancement.

Global Opposition-Based Mutation

This mutation applies the opposition-based transformation to all dimensions
simultaneously:
xé‘ew:ad+bd—xd VdG{l,...,D}. 9)

It aggressively relocates a particle to its mirrored position and is particularly useful when
the current search region is deemed unpromising.

Differential Evolution-Based Mutation

Inspired by the differential evolution (DE) algorithm, this mutation creates new candi-
date positions using vector differentials between randomly selected particles:

AW = x, + F - (x5 — x¢), (10)

where x;, x5, and x; are randomly selected individuals from the population, and F is a scal-
ing factor. This operator introduces global exploration capability into the PSO framework.

Each mutation type is triggered based on a stagnation counter or predefined perfor-
mance criteria. The strength and frequency of application are adaptively controlled to
maintain a balance between convergence and exploration.

To systematically integrate the multi-stage mutation strategy into the ELPSO frame-
work, a staged and conditional logic is adopted. Specifically, each leader particle maintains
a stagnation counter that tracks the number of consecutive iterations without fitness im-
provement. When this counter exceeds a predefined threshold, mutation operators are
invoked in a sequential manner. Initially, a mild operator, such as Gaussian or Cauchy
mutation, is applied. If stagnation persists, more aggressive strategies—such as dimension-
wise or global opposition-based mutation—are introduced. For prolonged stagnation,
the differential evolution-based mutation is employed to enhance global exploration.

This adaptive staging is implemented using conditional branching and loop structures
within the algorithm. The appropriate mutation stage is selected based on the degree of
stagnation, enabling the strategy to effectively balance intensification and diversification.

From an implementation perspective, each mutation operation must be followed by a
boundary correction to ensure feasibility:

xg® = min{max{x;*V,a;},b;}, Vvde€{1,...,D}, (11)

where [a4, b;] denotes the valid search range for each dimension. Furthermore, the stag-
nation counter should be reset upon improvement in fitness, and redundant application
of the same mutation stage should be avoided. These considerations contribute to both
algorithmic stability and computational efficiency.

Each mutation operator serves a distinct purpose in the search process. Gaussian
mutation is well suited for early-stage global exploration due to its moderate perturbation
range. Cauchy mutation, with its heavy-tailed distribution, enables occasional large jumps
that help escape boundary traps. Dimension-wise opposition-based mutation facilitates
local refinement in selected dimensions, while global opposition-based mutation aggres-
sively repositions particles across the entire search space. DE-based mutation introduces
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directional variation and promotes long-range exploration. These operators are selectively
applied based on the degree of stagnation and their expected impact on swarm diversity.

Other strategies for maintaining diversity in swarm-based optimization include tech-
niques such as random immigrants [25], adaptive parameter control [26], and hybridization
with differential evolution [18]. The random immigrants approach introduces new particles
with random positions into the swarm to refresh diversity, although it may disrupt con-
vergence if not carefully managed. Adaptive parameter schemes adjust coefficients such
as inertia weight and acceleration constants during the optimization process, promoting a
better balance between exploration and exploitation. Compared to these methods, ELPSO
explicitly targets stagnation in leader particles and leverages conditional multi-stage mu-
tation for focused perturbation. While ELPSO enhances flexibility and resilience to local
optima, it does not directly control swarm-wide diversity at the dimension level—an issue
addressed by our proposed ELPSO-C method.

2.1.3. Algorithmic Structure

The ELPSO algorithm extends the canonical PSO by incorporating mutation mecha-
nisms that are triggered based on stagnation detection. The procedure of the algorithm is
as follows:

Step 1: Initialization: Initialize the positions x;(0) and velocities v;(0) of all particles uni-
formly at random within the search space. Set the personal best p?eSt = x;(0),
and determine the initial global best gbeSt. Set the inertia weight w = wWmay, and ini-
tialize stagnation counters to zero.

Step 2: Fitness Evaluation: Evaluate the fitness of each particle. If a particle’s current

best best best

7%, update p**. Update g

1

fitness is better than its p if any particle improves
upon it.

Step 3: Velocity and Position Update: Update each particle’s velocity and position using
Equations (1) and (2), respectively.

Step 4: Inertia Weight Update: Linearly decrease the inertia weight over time using:

@(t) = Wiax — (“’m;“’“‘) 1, (12)

where t is the current iteration, and T is the maximum number of iterations. Here,
Wmax and wmin denote the upper and lower bounds of the inertia weight, respec-
tively. A larger w in early iterations promotes global exploration, while a smaller w
in later stages encourages local exploitation near promising regions.

Step 5: Stagnation Detection: For each leader particle, track the number of consecutive
iterations without fitness improvement. If this count exceeds a predefined threshold,
mark the particle as stagnant.

Step 6: Mutation Strategy Application: Apply the appropriate mutation strategy to stag-
nant leader particles. Strategies are selected progressively based on the stagna-
tion duration.

Step 7: Boundary Constraint Handling: If any position component after velocity or mu-
tation updates falls outside its feasible range, project it back using a constraint-
handling rule such as clipping or reflection.

Step 8: Termination Check: If the iteration count ¢ reaches T or a stopping criterion is

best

satisfied (e.g., convergence threshold), return ¢g°**' as the solution. Otherwise,

increment f and return to Step 2.
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2.2. Clustering Techniques in Optimization

Clustering techniques, widely used in data mining and pattern recognition, have
also been employed in evolutionary computation to enhance both adaptive behavior and
search efficiency. In swarm-based optimization, clustering serves as a tool for analyzing
structural properties of particles, such as spatial distribution and behavioral similarity.
By leveraging clustering-based insights, one can design more effective mechanisms for
diversity maintenance, convergence acceleration, or solution space decomposition.

This section provides an overview of hierarchical agglomerative clustering, explains
the complete-linkage method as a representative distance criterion, and discusses its appli-
cation to dimension-wise analysis within the ELPSO-C framework.

Clustering techniques have become powerful tools in metaheuristic optimization,
used to analyze and control the distribution of particles or solutions in the search space.
Among these, hierarchical clustering is especially valuable because it reveals structured
relationships in the data, providing interpretable insights into convergence behavior and
diversity patterns. In this study, we adopted hierarchical clustering as a core mechanism
for diversity control in particle-based optimization, using its structure to guide adap-
tive exploration.

Hierarchical clustering can be broadly categorized into two approaches: agglomerative
and divisive. In this study, we focused on the agglomerative strategy, which constructs
a hierarchy in a bottom-up manner. Initially, each data point is treated as an individual
cluster. Then, in an iterative process, the two closest clusters are merged at each step based
on a defined linkage criterion. This process continues until all points are grouped into a
single cluster, thereby forming a nested hierarchy of clusters.

The algorithmic procedure of hierarchical agglomerative clustering (HAC) consists
of the following iterative steps [27]: initializing each data point as an individual cluster,
computing the pairwise distance matrix, merging the two closest clusters, and updating
the distance matrix accordingly. This process is repeated until all data points are grouped
into a single cluster. The entire clustering progression can be represented as a dendrogram,
a tree-like diagram that visually illustrates the nested relationships among clusters and
reveals the structure of the data at various levels of granularity.

The choice of linkage criterion, which defines the distance between clusters, has a
significant impact on the outcome of hierarchical clustering. Common linkage methods
include single linkage, complete linkage, and average linkage, each influencing the cluster-
ing structure differently. In this study, we adopted the complete-linkage method, which
defines the distance between clusters as the maximum distance between their elements.
This approach is particularly effective in suppressing the formation of elongated or chained
clusters, thereby mitigating the tendency toward local concentration in the search space.

Agglomerative Clustering Procedure

Step 1: Initialize each data point as an individual cluster Cy,Cy, ..., Cy, and compute the
initial distance matrix DIS = [dis(C;, C;)] between all clusters. For clusters C; and
Cj, represented by their respective centroid vectors x() and x(7), the normalized
Euclidean distance is defined as:

dis(C;,C;) = | L[ 4— |, (13)

where D is the dimensionality of the data, and s; denotes the standard deviation
along the dth dimension.
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Step 2: According to the selected linkage criterion—such as complete linkage—identify the
pair of clusters (C;, C;) with the smallest distance dis(C;, C;) in the matrix DIS.

Step 3: Merge clusters C; and C; to form a new cluster C;;.

Step 4: Recalculate the distances between the newly formed cluster C;; and all remaining
clusters, and update the distance matrix DIS.

Step 5: Repeat Steps 2—4 until all data points are grouped into a single cluster or the desired
number of clusters is achieved.

3. Proposed Method: ELPSO-C

This section presents an improved algorithm, named ELPSO-C (ELPSO with Clus-
tering), which introduces a clustering-based mechanism into the original ELPSO frame-
work [11]. The key idea behind the proposed method is to focus on dimension-wise
diversity during the search process and to perform clustering on the dimensions based on
their respective search characteristics. By identifying dimensions that have prematurely
converged or are approaching stagnation, the algorithm adaptively applies specialized
update operations to maintain diversity and facilitate more effective exploration. Through
this mechanism, ELPSO-C aims to prevent suboptimal convergence and improve global op-
timization performance. The proposed method combines the leader enhancement strategy
of ELPSO with a clustering operation applied to the entire swarm, thereby achieving both
wider coverage of the search space and improved solution accuracy.

3.1. Dimension-Wise Clustering Process

In particle swarm optimization (PSO), one of the primary causes of premature conver-
gence is the loss of diversity in certain dimensions of the solution space. Since PSO updates
each particle’s position independently across dimensions, the convergence behavior can
vary from one dimension to another. Particularly in high-dimensional optimization prob-
lems, some dimensions may stagnate earlier than others, leading to reduced exploration
capacity and eventual search stagnation. As the dimensionality increases, the influence
of each individual dimension on the overall objective value diminishes, which in turn
increases the susceptibility of the algorithm to premature convergence in a subset of dimen-
sions. To address this issue, it is essential to monitor and manage the search dynamics on
a per-dimension basis. This motivates the incorporation of dimension-wise analysis and
control mechanisms into the PSO framework.

To address the above issue, the proposed method introduces a dimension-wise cluster-
ing strategy based on the diversity characteristics of each dimension. Specifically, diversity
metrics such as the mean and variance of particle velocities are computed for each dimen-
sion and used to characterize its search status. By applying agglomerative clustering to
the constructed feature vectors, dimensions exhibiting similar search behavior are grouped
together. Among these, clusters containing dimensions with low diversity are identified
as being close to stagnation. The algorithm then selectively applies specialized update
operations to those dimensions in order to reinvigorate the search activity. This selective
intervention enables adaptive control of the search process without uniformly perturbing
all dimensions.

Unlike conventional PSO variants that primarily rely on global swarm-level indica-
tors, the proposed method emphasizes localized, dimension-wise analysis and adaptation.
This clustering-based mechanism enables the algorithm to detect and mitigate premature
convergence at the level of individual dimensions, thereby maintaining diversity more
effectively. By restricting intervention to only those dimensions exhibiting signs of stag-
nation, ELPSO-C avoids unnecessary perturbations and promotes targeted exploration.
This promotes a more effective balance between global exploration and local exploitation,
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particularly in high-dimensional search spaces. Ultimately, the integration of clustering
and dimension-wise adaptation enhances the algorithm’s robustness and search efficiency.

3.1.1. Data Construction and Metrics

To evaluate the convergence status of each dimension, the proposed method trans-
forms the velocity vectors of all particles into a dimension-wise representation. Let
vk = [vﬁ,vé‘z, .. .,vf.‘d] denote the d-dimensional velocity vector of the ith particle at it-
eration k. The velocity matrix VK € R"*4 at jteration k, consisting of all particles” velocities,

is expressed as:

k k k
v,%l ’0]1<2 o« .. ’U]l(d
’U ’U o« .. ’U
21 22 2d
vi=| T 7 (14)
k k k
Y1 Ym0 Vg

For each dimension j € {1,...,d}, we extract a vector v;?/ € R" by collecting the
absolute values of the velocity components across all n particles at iteration k. Specifically,

T
K k k k :
v = {|01]-|, ]vzj|, e, \vn]” , forj=1,2,...,d. (15)
Each of these vectors is then summarized by its mean and variance, resulting in a
two-dimensional feature vector for each dimension. Specifically, for each j € {1,...,d},

we define:
datajv‘ = [ave(v}‘,), Var(v;-‘/)] (16)

These feature vectors data;( € R? form the basis for clustering dimensions according
to their diversity characteristics.

3.1.2. Agglomerative Clustering Procedure

This subsection describes the first type of clustering applied in the proposed method,
referred to as clustering (i). It groups the dimensions of the solution space based on their
diversity characteristics, using agglomerative clustering. This allows the algorithm to
capture and utilize similarities in convergence behavior among dimensions.

To detect dimensions that are close to convergence or exhibiting stagnation, the pro-
posed method performs agglomerative clustering on the search behavior of each dimension.
Each data}c € R? serves as a feature vector representing the behavior of dimension j at itera-
tion k. To group dimensions with similar diversity characteristics, agglomerative clustering
is applied to these feature vectors using the standardized Euclidean distance. The clustering
process adopts the complete-linkage criterion, in which the distance between two clusters
is defined as the maximum pairwise distance between their constituent elements. This
approach results in a hierarchical structure of clusters, from which a predefined number of
clusters, n,, are extracted for subsequent analysis.

By transforming particle-level velocity data into dimension-wise feature vectors, this
clustering mechanism enables the identification of stagnating dimensions and supports
adaptive diversity control in the proposed ELPSO-C framework.

In the proposed method, two types of clustering are used in tandem. Clustering (i) groups
dimensions based on their diversity features, enabling the identification of structurally
similar dimensions. These clusters are then ranked and utilized in clustering (ii), which
guides adaptive diversity control by determining which clusters should be targeted for
intervention. This separation of analysis and control allows the method to selectively
enhance diversity in stagnating dimensions while avoiding unnecessary modifications in
well-explored areas.
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3.1.3. Cluster Ranking Strategy

To identify which clusters are likely to represent stagnating dimensions, a ranking
score is assigned to each cluster based on statistical summaries of the diversity metrics.
For each cluster, we compute the average of the means and the average of the variances
across all dimensions contained within the cluster. Then, each cluster is ranked separately
in ascending order according to these two criteria: lower average mean and lower average
variance indicate a higher likelihood of convergence.

Each cluster receives a rank score for its average mean and another for its average
variance. These two rank scores are summed to obtain a final composite score. Clusters with
lower total scores are considered more prone to premature convergence and are assigned
higher priority in subsequent diversity control operations. Table 1 illustrates an example of
the ranking procedure when the number of clusters is n, = 4.

Table 1. Cluster ranking based on mean and variance

Cluster = Rank by Avg. Mean Rank by Avg. Variance Total Score Rank

Clusterl 1 1 2 1st
Cluster2 4 4 8 4th
Cluster3 2 3 5 2nd
Cluster4 3 2 5 3rd

By using this simple yet effective ranking mechanism, the proposed method can prior-
itize intervention in the most critical dimensions—those that are most likely to have stag-
nated—while avoiding unnecessary operations in well-explored dimensions. This forms
the basis for the subsequent adaptation strategies described in the following subsections.

3.1.4. Cluster-Based Strategy Application

This subsection describes clustering (ii), which utilizes the clusters obtained through
clustering (i) and the subsequent ranking process. Based on the ranked clusters, diversity
control operations such as velocity reinitialization are selectively applied to the most
stagnated clusters. In contrast to clustering (i), which focuses on dimension-wise grouping,
clustering (ii) guides the application of control strategies at the cluster level.

Based on the ranking described in the previous section, the proposed method selec-
tively applies diversity control mechanisms to the top-ranked clusters that exhibit the
lowest diversity. Let n. denote the total number of clusters, and suppose that the top
[nc/ 21 clusters are identified as convergence-prone. For each such cluster /, a relative
convergence coefficient &) is computed to quantify the level of stagnation compared to the
overall swarm. This coefficient is defined as:

ave (ave (v;{,]) ‘] € cluster l)

ave(ave(v;(/j) ’] =1,... ,D) ! (17)

) =

Here, v’,;; denotes the absolute velocity vector in dimension j belonging to cluster I,
and ave(:) denotes the arithmetic mean. The numerator represents the average of the
mean absolute velocities within the cluster, while the denominator is the mean over
all dimensions.

This coefficient provides an intuitive measure of convergence within each cluster.
A low value of a; suggests that the particles’ movement along the corresponding dimen-
sions has significantly slowed, indicating that the search in these directions is stagnating.

In contrast, high «; values imply ongoing exploration. Thus, a; effectively highlights which
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clusters are in danger of premature convergence and should be targeted by diversity-
enhancing operations.

When g, is sufficiently small, indicating that the corresponding cluster has signifi-
cantly lower diversity than the overall swarm, a reinitialization operation is performed
to restore exploration capability. Specifically, the velocity components of all particles in
the dimensions belonging to the selected clusters are randomly reset within the defined
search bounds:

Ui-‘,l = rand[Xminj, Xmaxjl, i=1...,n, 1=1,...,[n/2] (18)

This reinitialization process injects diversity into dimensions deemed to be stagnating,
thereby preventing the swarm from becoming trapped in local optima and enhancing the
robustness of the search process.

3.1.5. Clustering Application Conditions

To prevent unnecessary computational overhead and ensure that clustering is only
performed when beneficial, the proposed method incorporates specific conditions for
triggering the clustering process. These conditions are designed to detect stagnation and
loss of diversity in the search process.

The first condition evaluates the relative change in the global best fitness value between
two consecutive iterations:

k—1 k
f(gbest") — f(gbest")| _ -
[Flgbest )|

This condition, referred to as Condition (A), is satisfied when the improvement in the
objective function is below a specified threshold, indicating stagnation in the global search.

The second condition, Condition (B), ensures that the velocity-based diversity across
dimensions is sufficiently high before initiating clustering;:

Var(ave(z/{/),. . .,ave(v’{)/)) > 0.0001 (20)

This condition verifies that there is still meaningful variability in the average absolute
velocity values across dimensions, suggesting that clustering could effectively differentiate
between stagnated and active dimensions.

Conversely, when the variability in average velocities is low, Condition (C) is used to
determine if velocity reinitialization should be prioritized instead:

Var(ave(vlf/),. : .,ave(v’f;)) < 0.0001 (21)

This condition implies that most dimensions have converged to similar velocity pro-
files, and injecting diversity through reinitialization is more effective than clustering.

By using these conditions adaptively, the proposed method balances computational
efficiency with effective diversity maintenance throughout the optimization process.

3.1.6. Summary of Clustering-Based Adaptation

The preceding subsections have described a clustering-based mechanism to enhance
the performance of PSO by detecting and mitigating premature convergence in specific
dimensions. The process consists of six key steps:

1.  Compute the absolute velocity vectors v;«‘/ for each dimension j.

2. Construct feature vectors da’ca}c consisting of the mean and variance of U;‘/.
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3.  Perform agglomerative clustering on data;-‘ using standardized Euclidean distance
and complete linkage to form 7. clusters.

4. Rank the clusters based on their average mean and variance values.

5. Apply control strategies (e.g., inertia adjustment or velocity reinitialization) to the top
[n./2] clusters based on ranking.

6.  Use predefined conditions to determine whether clustering or reinitialization should
be executed in each iteration.

This clustering-based adaptation strategy enables dimension-wise control that is both
targeted and efficient. It balances the need for diversity preservation with computational
cost and allows ELPSO-C to adaptively regulate its search behavior depending on the
convergence state of individual dimensions.

3.2. ELPSO-C Algorithm Summary

The entire procedure of the proposed ELPSO-C algorithm can be summarized
as follows:

Step 1 Initialization: Randomly initialize each particle’s position vector x? and velocity
vector v? within the search bounds [Xmin, ¥max]-

Step 2 Evaluation: Evaluate the fitness value of each particle.

Step 3 Update personal best: For each particle, if the current position yields a better fitness
than the personal best pbestt, update pbestt.

Step 4 Update global best: Identify the global best gbest* among all pbest".

Step 5 Apply mutation strategies: Apply mutation operators (e.g., Gaussian, Cauchy,
dimension-wise opposition, full opposition, differential mutation) to generate
new candidates. Replace a particle’s position if the mutated candidate improves
upon gbest*.

Step 6 Perform clustering (i) and cluster ranking: Generate data based on the velocity
vectors and apply agglomerative clustering. Rank the resulting 7. clusters based
on diversity metrics.

Step 7 Apply clustering-based control (ii):

Step 7-1 If both Conditions (19) and (20) are satisfied, apply clustering (i) and
proceed with Step 7-3.
Step 7-2 If Conditions (19) and (21) are satisfied, apply clustering (ii).
Step 7-3 If Condition (19) is not satisfied, update the velocity using Equation (1).
Step 8 Update position: Update each particle’s position using Equation (2).
Step 9 Termination check: If the termination criterion is met, stop. Otherwise, increment
k and return to Step 2.

This stepwise structure integrates both conventional PSO operations and the proposed
clustering-based adaptive strategies to effectively balance exploration and exploitation
throughout the search process.

4. Numerical Experiments

This section presents numerical experiments to evaluate the effectiveness of the pro-
posed method, ELPSO-C, in solving optimization problems with various characteristics.
Specifically, the performance of ELPSO-C is compared against conventional PSO and
ELPSO as well as other evolutionary algorithms, using a set of benchmark functions [28]
that include both unimodal and multimodal problems.

To investigate the performance across different levels of problem complexity, the ex-
periments are conducted using benchmark functions with dimensionalities of 10, 30, 50,
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and 100. The performance is evaluated in terms of convergence accuracy and robustness
over multiple independent runs.

The remainder of this section is organized as follows. Section 4.1 describes the ex-
perimental settings, including benchmark functions, parameter values, and evaluation
metrics. Section 4.2 presents the results obtained on each benchmark function and compares
the performance of different algorithms. Section 4.3 provides a discussion based on the
experimental results, followed by concluding remarks.

4.1. Experimental Settings

The results of our comparative experiments involve multiple benchmark functions,
various dimensional settings, and multiple algorithmic variants, with detailed statistical
measures such as mean and standard deviation. To ensure transparency and allow readers
to fairly assess the performance of the proposed method, we present the results in detailed
form. While this leads to longer tables, it preserves essential information necessary for
rigorous comparison. Although other swarm intelligence algorithms such as Artificial
Bee Colony (ABC), Gray Wolf Optimizer (GWO), and Tree-Seed Algorithm (TSA) are well
established and have demonstrated strong performance in continuous optimization, we
did not include them in our numerical comparisons. This is due to practical limitations in
implementation and parameter calibration, which are necessary for fair and reproducible
evaluation. Instead, we focused on comparing with baseline methods (PSO, GA) and
structurally related PSO variants (ELPSO, ACOR), which share similar search mecha-
nisms and allow for more direct performance assessment of the proposed dimension-wise
diversity strategies.

To evaluate the performance of the proposed ELPSO-C algorithm, we conducted
numerical experiments using a set of 18 benchmark functions widely employed in the field
of evolutionary computation. These benchmark functions are selected to cover a diverse
range of characteristics, including unimodal and multimodal landscapes, separable and
non-separable variables, and different levels of difficulty. A complete list of the benchmark
functions is provided in Table 2.

Table 2. List of benchmark functions used in the experiments.

ID Function Name Modality Properties

F1  Sphere Unimodal Separable

F2  Weighted sphere Unimodal Separable

F3  Rosenbrock Unimodal Non-separable

F4  Schwefel’s Problem 2.22 Unimodal Separable

F5 Rastrigin Multimodal ~ Separable

F6  Ackley Multimodal Separable

F7  Griewank Multimodal Separable

F8  Schwefel Multimodal Non-separable

F9  Shifted sphere Unimodal Separable, Shifted

F10 Shifted weighted sphere Unimodal Separable, Shifted

F11 Shifted Rastrigin Multimodal ~Separable, Shifted

F12 Shifted Griewank Multimodal ~ Separable, Shifted

F13  Shifted and rotated Bent Cigar Unimodal Non-separable, shifted, rotated
F14 Shifted and rotated Zakharov Unimodal Non-separable, shifted, rotated
F15 Shifted and rotated Rosenbrock =~ Unimodal Non-separable, shifted, rotated
F16 Shifted and rotated Rastrigin Multimodal Non-separable, shifted, rotated
F17  Shifted and rotated Schaffer’s F7 Multimodal Non-separable, shifted, rotated
F18 Shifted and rotated Griewank Multimodal Non-separable, shifted, rotated
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The detailed definitions, search domains, and global minima of all benchmark func-
tions listed in Table 2 are provided in Appendix A. Each function was tested under four
different dimensional settings: 10, 30, 50, and 100. For each combination of function and
dimensionality, the optimization process was independently repeated 30 times to account
for the stochastic nature of the algorithms. The performance was evaluated in terms of the
mean and standard deviation of the final objective values obtained after a fixed number
of iterations.

The parameters of PSO, ELPSO, and ELPSO-C were uniformly configured unless
otherwise noted. The swarm size was set to 40, and the maximum number of iterations was
fixed at 5000. The inertia weight w was linearly decreased from 0.9 to 0.5 over iterations.
The acceleration coefficients ¢; and ¢, were both set to 2.0. For ELPSO and ELPSO-C,
the stagnation threshold for triggering mutation operations was set to 50 consecutive
iterations without improvement.

For ELPSO-C, the number of clusters was fixed at five unless otherwise stated. Ag-
glomerative clustering with complete linkage was applied based on normalized metrics
of velocity diversity in each dimension. The top [n./2] clusters ranked by convergence
tendency were selected for diversity-enhancing operations.

All algorithms were implemented in Python 3.11 and executed on a machine equipped
with an Intel Core i5 processor and 32 GB of RAM. Each function evaluation strictly adhered
to the defined search domain, and boundary handling was performed using the satura-
tion method. To ensure a fair comparison across all methods, we adopted standardized
parameter settings for each algorithm. These settings are summarized in Table 3.

Table 3. Parameter settings used in the experiments.

Method w c1, €2 n Kmax e Kt st Other

PSO [2] 0.7 15,15 100 10,000 - - - -

PSO-C (proposed) 0.7 15,15 100 10,000 4 - - -

ELPSO [11] 0.7 15,15 100 4900 - 1 2 F=12
ELPSO-C (proposed) 0.7 15,15 100 4900 4 1 2 F=12

GA [29] - - 100 10,000 - - - P, =08, P, =0.02
ACOR [30] - - 100 10,000 - - - t =50, =0.85

Note: 1 is the population size; kmax is the maximum number of iterations; 7, is the number of clusters used in
cluster-based variants; h! and s' are stagnation thresholds used to trigger mutation stage switching in ELPSO; F is
the scaling factor for DE-based mutation. In GA, P, is the crossover probability and Py, is the mutation probability.
In ACOR, t is the archive size, and ¢ is the scaling factor for the standard deviation of the Gaussian kernel.

4.2. Results and Performance Comparison

Numerical experiments were conducted on the benchmark functions described above
with dimensionalities D = 10,30, 50, and 100. In the following sections, the results for each
benchmark function are presented in terms of the average, maximum, minimum, standard
deviation, and average computation time of the best solution found in each of the 30 trials.
The experimental results for each of the 18 benchmark functions are shown in Appendix B
using both tables and figures.

To ensure fair and reproducible comparisons, each algorithm was executed inde-
pendently 30 times per benchmark function, and both mean and standard deviation are
reported. Although statistical significance testing such as the Wilcoxon signed-rank test
is not included in the current analysis, the presented descriptive statistics offer sufficient
resolution to compare the relative performance of algorithms. Statistical testing will be
considered as a valuable enhancement in future work. Each figure in Appendix B presents
a box-plot-like visualization for each function, where the box represents the range between
the mean and the mean =+ standard deviation, and the whiskers indicate the maximum
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and minimum values of the best solutions obtained. If the value of mean minus standard
deviation becomes negative, it is replaced with the smallest objective value among all solu-
tions found by any method for the corresponding benchmark function, to ensure proper
visualization on logarithmic scales.

4.3. Discussion on the Experimental Results

The experimental results obtained from the 18 benchmark functions—including uni-
modal and multimodal functions—clearly demonstrate the effectiveness of the proposed
ELPSO-C algorithm, especially in higher-dimensional optimization problems. However,
ELPSO-C did not always achieve the best performance on all test functions. In particular,
for low-dimensional or unimodal problems, the advantage of dimension-wise clustering
was less pronounced. In such cases, the additional computational overhead introduced
by clustering may outweigh its benefit, leading to comparable or slightly inferior results
compared to ELPSO or standard PSO. These results are consistent with the design intention
of ELPSO-C, which primarily targets high-dimensional and complex search spaces.

Below is a summarized discussion categorized into low-dimensional (10 dimensions),
medium-dimensional (30 and 50 dimensions), and high-dimensional (100 dimensions)
scenarios.

4.3.1. Low-Dimensional Problems (10D)

For most of the low-dimensional functions, ELPSO-C achieved competitive or su-
perior performance compared to PSO, PSO-C, ELPSO, GA, and ACOg. In particular,
ELPSO and ELPSO-C consistently outperformed other methods on unimodal functions
(e.g., shifted sphere and weighted sphere functions). This superior performance can be
attributed to the effective integration of diversity control via dimension-wise clustering
and the leader-enhancement strategies introduced in ELPSO. However, for multimodal and
rotated functions (e.g., Rastrigin, Griewank), ELPSO-C showed mixed results, reflecting its
moderate capability in escaping local optima in lower dimensions, where the search space
is relatively confined.

4.3.2. Medium-Dimensional Problems (30D and 50D)

In medium-dimensional scenarios, ELPSO-C demonstrated substantial improvements
over other approaches, particularly in multimodal and complex rotated functions such as
the shifted and rotated Zakharov, Rosenbrock, and Rastrigin functions. The introduction of
dimension-wise clustering significantly enhanced the exploration capacity by identifying
stagnating dimensions and adaptively reinitializing particle velocities, thus maintaining
higher diversity. While ELPSO showed good results, its performance was further improved
by incorporating clustering operations, emphasizing the complementary nature of leader-
enhanced mutation strategies and dimension-wise diversity control.

4.3.3. High-Dimensional Problems (100D)

The effectiveness of ELPSO-C was most evident in high-dimensional problems, where
it consistently achieved the best performance across nearly all benchmark functions
tested. This is due to the intensified importance of diversity control strategies in higher-
dimensional spaces, where premature convergence and stagnation become increasingly
problematic. Specifically, dimension-wise clustering proved effective in preventing prema-
ture convergence by identifying and reactivating dimensions with reduced diversity, thus
significantly enhancing global search capabilities. This result underscores the strength of
the proposed adaptive clustering-based diversity enhancement strategies combined with
ELPSO’s leader mutation mechanisms.
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4.3.4. Summary

In summary, the experimental outcomes validate the efficacy of the proposed ELPSO-C
algorithm. Its integrated approach of dimension-wise clustering for diversity preserva-
tion and leader enhancement through multiple mutation strategies significantly improves
the optimization performance, particularly in complex and high-dimensional optimiza-
tion problems.

5. Conclusions

This study proposed an enhanced swarm-based optimization algorithm, ELPSO-C,
to address premature convergence in high-dimensional problems. The key idea was
to apply agglomerative clustering to dimension-wise velocity-based diversity features,
enabling selective intervention in stagnating dimensions. This mechanism maintained
diversity without disrupting well-explored dimensions.

The effectiveness of ELPSO-C was validated through experiments on 18 benchmark
functions, including rotated and shifted multimodal problems. ELPSO-C consistently
outperformed baseline algorithms, especially in high-dimensional landscapes, by achieving
lower average and variance of objective values with reasonable computational cost.

While the proposed method shows promising performance, some limitations remain.
The choice of clustering parameters (e.g., number of clusters) may require tuning depending
on problem characteristics. The diversity metric does not directly reflect sensitivity to the
objective function, which may limit its effectiveness in ill-conditioned problems. Moreover,
the clustering operation introduces additional computational overhead. Future work
will focus on developing adaptive mechanisms for determining clustering parameters
and incorporating objective-function sensitivity or gradient information into the feature
vectors. We also plan to explore lightweight or incremental clustering approaches for real-
time applications. Additional directions include evaluating the impact of particle count
on convergence and performance, integrating gradient-based strategies (e.g., Nesterov
acceleration), and conducting statistical significance tests (e.g., t-test or Wilcoxon test)
for performance validation. Lastly, extending the comparative study to include recent
metaheuristics such as the Special Relativity Search Algorithm (SRSA) [31] or the Whale
Optimization Algorithm (WOA) would further assess the robustness of ELPSO-C.
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Appendix A. Benchmark Function Definitions

Table Al summarizes the mathematical expressions, search domains, and global
minima of the 18 benchmark functions [28] used in our experiments.
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Table Al. Benchmark function definitions, search ranges, and global minima.

ID Function Name Formula Search Range Global Minimum
D
F1  Sphere filx) =Y o [—100,100]" f(x*) =0
i=1
lD
F2  Weighted sphere fo(x) =Y ix? [—100,100]" fox*) =0
F3  Rosenbrock f3(x) = [100(x1-+1 — 22 4 (x— 1)2] [—30,30]P f3(x*) =0
i=1
D
F4  Schwefel 2.22 fa(x) =Y |l +H |xi] [—100,100]" fax*) =0
i=1
D
F5 Rastrigin fo(x) = Y [x2 — 10cos(27rx;) + 10] [-5.12,5.12)P fs(x*) =0
i=1
1 D
fe(x) = —20exp | —0.2 D lez
F6  Ackley i=1 [-32,32]P fo(x*) =0
D
—exp (; Y cos(2mx )) +20+e
i=1
1 2 zl & Xi D
i - 2 _ el 1 - ) =
F7  Griewank f7(x) 1000 1; X; gcos( \ﬂ) + [—600, 600] f7(x*) =0
D
F8  Schwefel fo(x) = 418.9829 x D — Y~ x;sin(/|x;]) [—500,500]P fe(x*) =0
i=1
D 1
F9  Shifted sphere folx) =Y (% 0;)? [—100,100]P fo(x*) =0
i=1
D
F10 Shifted weighted sphere fo(x) = Y i(x; —0;)? [—100,100]" fio(x*) =0
i=1
D
F11  Shifted Rastrigin fun(x) = ¥ (5 = 0;)? = 10cos(27(x; — 07)) + 10| [~5.12,5.12]" Fii(x*) =0
i=1
. . 12 D Xi — 0 D X
F12  Shifted Griewank fro(x) = Y ( )> =] J cos — | +1 [—600, 600] fr2(x*) =0
4000 i=1 i=1 \ﬂ
D
F13  Shifted rotated Bent Cigar fi3(x) = (x1 —01)? 4+ 10° Y (xi— 0;)? [—100,100]" fi3(x*) =0
i=2
D D 2
f14( ) = Z 20.51
F14  Shifted rotated Zakharov i=1 =1 [—100,100]P fia(x*) =0
+ <Z 051(3(, — O,'))
& 2y2
fis(x) = X [100((xi11 = 0i41) = (x; = 01)?) 5
F15 Shifted rotated Rosenbrock i=1 [—100,100] fi5(x*) =0
+ ((x =) =17%]
D
F16  Shifted rotated Rastrigin fi6(x) = [(xi —0;)% —10cos(27(x; — 0;)) + 10} [-5.12,5.12]P fie(x*) =0
i=1
D-1 2
F17  Shifted rotated Schaffer F7  fi;(x) = ﬁ Z Vi (sin(50s}/%) + 1) [—100,100]P Fir(x*) =0
D
F18  Shifted rotated Griewank fis(x) = 40100 (x; —0;) Hcos( 7 ) +1 [—600, 600]° fig(x*) =0
i=1

Appendix B. Experimental Results

This appendix presents the detailed experimental results for the 18 benchmark func-
tions used in this study. For each benchmark problem, the performance of all compared
algorithms is summarized in a dedicated table. Each table reports the average, maximum,
and minimum of the best objective values found in 30 trials, as well as the standard de-
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viation and the average computation time. In all tables, the performance values of all
algorithms are compared, and the best value in each row is highlighted in bold.

Tables in this appendix are labeled as Tables A2—-A19 corresponding to each benchmark
function in the order listed in Appendix A.

Table A2. Experimental results on F1, the sphere function, for D = 10, 30, 50, and 100 (30 trials).

Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 3.16 x 10~V 1.90 x 1012 1.05 x 1062 6.74 x 10711 7.59 x 10102 9.73 x 1070
Max 235x 10715 461 x 1071 1.03 x 1060 6.30 x 10710 255 x 10703 9.59 x 10702
Min 1.86 x 107178 1.93 x 10716 263 %1078 267 x 10714 1.01 x 1079 4.05 x 10306
Variance 6.08 x 10732 3.65 x 10723 1.05 x 10122 1.26 x 10720 435 x 1010 9.20 x 107%
Time [s] 49.28 148.16 23.61 70.57 14.23 638.44
D = 30 — Mean 3.05 x 10102 1.41 x 109 6.63 x 10703 117 x 107% 1.55 x 10704 1.38 x 101
Max 1.53 x 1079 1.65 x 10795 423 x 10792 5.87 x 10~% 3.10 x 10104 411 x 10103
Min 3.95 x 10101 7.67 X 1008 3.00 x 107% 418 x 10797 7.54 x 10103 3.22 x 10702
Variance 6.48 x 10704 3.72 x 1012 463 x 107% 1.46 x 10710 2.15 x 10197 6.08 x 1010°
Time [s] 67.17 315.60 36.16 155.27 21.18 1766.12
D = 50 — Mean 1.85 x 1079 3.00 x 10102 5.01 x 10701 5.11 x 10— % 421 x 10104 1.20 x 10704
Max 8.78 x 10103 1.00 x 10104 3.18 x 10100 1.80 x 1093 6.07 x 10104 2.10 x 10104
Min 3.35 x 10102 1.22 x 1079 2.37 x 10792 7.09 x 10702 232 x 10104 5.71 x 10103
Variance 1.33 x 10706 291 x 10106 1.82 x 10791 9.71 x 1008 6.56 x 10107 7.44 x 10106
Time [s] 90.78 484.99 53.79 233.88 27.85 2779.22
D = 100 — Mean 1.04 x 10104 2.30 x 10103 7.98 x 10100 3.63 x 10~92 1.51 x 1079 7.34 x 10104
Max 2.80 x 10104 3.00 x 10104 251 x 10101 8.03 x 10792 1.98 x 1079 9.69 x 10104
Min 252 x 10103 2.20 x 10~ % 427 x 1079 8.22 x 1079 9.60 x 10104 490 x 10104
Variance 2.21 x 10107 2.37 x 10107 2.16 x 10101 2.09 x 10~% 455 x 10708 9.87 x 10107
Time [s] 125.35 891.54 102.50 427.83 39.80 5894.17
D=10 D=30
PSO PSO-C ELPSO ELPSO-C GA ACOR PSO PSO-C ELPSO ELPSO-C GA ACOR
1E-16 — — — _ ] LE+04 = =
itj} e [
1.E-103 1.E+00
1.E-132 ’
1.E-161 1.E-02
1.E-190 D
1.E-219 1.E-04
1.E-248
1.E-277 00 |—_L| |:_|
1.E-306 — — — — 1.E-08
D=50  pso PSO-C  ELPSO ELPSO-C  GA ACOR D=100  pgo PSO-C  ELPSO ELPSO-C  GA ACOR
1.E+05 P 1.E+06
1.E+04 = 1.E+05 == -
LE+03 |i—l — LEH04
1.E+02 1.E+03
1.E+01 1.E+02
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Figure A1l. Experimental results on F1, the sphere function, for D = 10, 30, 50, and 100 (30 trials).
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Table A3. Experimental results on F2, the weighted sphere function, for D = 10, 30, 50, and 100

(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.14 x 10792 235 x 10714 1.27 x 10~%7 9.80 x 10713 1.04 x 10701 1.49 x 1079
Max 9.69 x 10~ 2.82x 10713 6.11 x 10766 1.49 x 10711 4.80 x 10101 1.05 x 1079
Min 248 x 10725 337 x 10712 3.73 x 107108 1.90 x 107 1° 1.56 x 107% 1.98 x 10277
Variance 953 x 109 2.68 x 10°% 5.19 x 10133 4.00x 1024 8.71 x 10101 1.23 x 10798
Time [s] 54.88 149.40 27.41 74.66 15.60 596.94
D = 30 — Mean 1.53 x 10101 1.07 x 10701 8.99 x 10704 4.77 x 1097 5.95 x 10102 5.13 x 10101
Max 8.44 x 10101 1.84 x 10792 7.36 x 10703 3.72 x 1079 1.38 x 1079 1.41 x 10792
Min 1.31 x 10790 1.82 x 10~ 8.66 x 10705 400 x 10798 2.92 x 10102 6.60 x 10100
Variance 2.00 x 10702 1.03 x 1079 9.85 x 10797 2.79 x 10~ 13 3.32 x 10704 6.62 x 10702
Time [s] 73.97 315.08 42.25 155.37 24.37 1718.49
D = 50 — Mean 1.50 x 10101 5.27 x 10101 6.12 x 10702 4.29 x 10~% 2.64 x 10103 6.93 x 10102
Max 8.49 x 10101 5.24 x 10102 2.73 x 10701 3.54 x 10~% 4.80 x 10703 1.09 x 1079
Min 1.78 x 10790 1.14 x 1070 5.67 x 10704 7.45 x 10706 1.39 x 101 3.46 x 10102
Variance 1.71 x 10792 1.21 x 10104 2.09 x 1079 2.57 x 10~% 3.04 x 10105 2.63 x 10104
Time [s] 72.15 468.87 68.32 237.27 31.69 3038.35
D = 100 — Mean 1.13 x 1079 3.71 x 10102 1.82 x 1079 5.40 x 10701 1.90 x 10704 8.74 x 10103
Max 4.45 x 10703 3.07 x 10103 2.89 x 10101 2.62 x 10101 251 x 10104 1.26 x 10704
Min 353 x 10102 4.78 x 10~% 1.12 x 10792 2.96 x 107 1.41 x 10704 6.08 x 10103
Variance 2.73 x 10105 4.46 x 1010 8.22 x 10100 1.35 x 10701 5.79 x 10106 1.41 x 1010
Time [s] 137.34 887.10 122.08 418.39 53.65 5498.25
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Figure A2. Experimental results on F2, the weighted sphere function, for D = 10, 30, 50, and 100
(30 trials).
Table A4. Experimental results on F3, the Rosenbrock function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 7.46 x 10100 3.67 X 10792 1.08 x 10791 9.96 x 10792 426 x 10702 1.83 x 10101
Max 1.85 x 10702 1.84 x 10700 1.84 x 10100 1.84 x 10700 3.89 x 107 2.35 x 10792
Min 1.56 x 1070 2.94 x 10713 0.00 x 10100 215 % 10710 1.87 x 10190 1.28 x 10190
Variance 3.29 x 10102 6.61 x 1002 1.82 x 1079 1.61 x 10701 2.27 x 1070 1.08 x 10793
Time [s] 62.29 146.49 30.70 72.18 20.98 601.12
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Table A4. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 30 — Mean 2.01 x 10102 3.93 x 10100 5.49 x 10100 8.35 x 10100 1.82 x 10704 1.09 x 1079
Max 9.25 x 10702 1.07 x 10792 2.57 x 10101 3.66 x 10101 5.69 x 10104 7.43 x 10103
Min 3.87 x 10101 352 x 1079 1.55 x 10795 230 x 10°% 433 x 10103 1.48 x 10792
Variance 1.73 x 10104 1.70 x 10792 1.01 x 10792 5.62 x 10701 8.21 x 10197 8.23 x 10105
Time [s] 97.76 298.33 60.19 169.77 4557 1732.89
D =50 — Mean 1.46 x 10793 6.74 x 10101 3.48 x 10100 1.46 x 10701 6.34 x 10104 1.39 x 10704
Max 235 x 10103 254 x 10103 1.08 x 10792 9.97 x 10101 1.01 x 107% 3.10 x 10704
Min 8.19 x 10102 2.87 x 10101 237 x 1079 8.64 x 104 2.44 x 10104 447 x 10103
Variance 1.09 x 1079 6.22 x 10104 2.13 x 10102 5.12 x 10102 3.98 x 10708 3.20 x 10107
Time [s] 130.64 465.47 101.32 271.14 69.62 2767.56
D = 100 — Mean 3.99 x 10703 1.00 x 10192 1.18 x 10101 9.59 x 10100 3.07 x 10105 407 x 10105
Max 1.00 x 10704 1.89 x 10792 9.70 x 10101 9.64 x 10101 5.18 x 10105 1.26 x 10709
Min 1.42 x 10793 9.09 x 10101 1.19 x 10~ %3 412 x 10792 1.63 x 1079 8.77 x 10104
Variance 231 x 10106 2.89 x 10102 9.80 x 10702 8.07 x 10102 4.06 x 1010 1.87 x 10111
Time [s] 215.43 837.74 236.69 565.32 132.11 5555.77
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Figure A3. Experimental results on F3, the Rosenbrock function, for D = 10, 30, 50, and 100 (30 trials).
Table A5. Results for F4, Schwefel’s problem 2.22, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 1.01 x 1070 1.01 x 10~97 1.00 x 1070 9.16 x 10797 7.60 x 10100 8.00 x 1079
Max 1.01 x 10701 7.57 x 10~%7 1.00 x 10101 7.45 x 10700 2.67 x 10101 3.01 x 10701
Min 8.60 x 10712 521 x 10~% 112 x 10711 3.76 x 10708 5.00 x 1079 6.27 x 10163
Var 1.01 x 10190 1.79 x 10~ 9.90 x 10~% 1.11 x 10712 2.24 x 10101 1.64 x 1079
Time [s] 54.27 153.45 28.00 71.97 15.54 637.79
D =30 — Mean 3.59 x 10100 1.50 x 10101 4.00 x 10100 420 x 10700 1.81 x 10792 1.52 x 10701
Max 4.75 x 10701 6.00 x 10101 3.02 x 10101 4.00 x 10701 251 x 10103 5.73 x 10101
Min 246 x 1079 1.54 x 10703 1.22 x 10792 1.50 x 10~% 5.56 x 10101 3.57 x 1070
Var 6.17 x 10101 1.85 x 10192 4.84 x 10101 5.44 x 10101 1.20 x 1079 9.88 x 10101
Time [s] 78.66 464.12 45.79 159.96 27.99 1773.50
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Table A5. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 50 — Mean 1.59 x 10101 1.50 x 107101 9.44 x 10100 1.29 x 10101 6.85 x 10112 7.55 x 10101
Max 9.79 x 10101 6.00 x 10701 6.11 x 10101 6.00 x 10701 3.72 x 10114 2.01 x 10702
Min 5.02 x 10792 1.54 x 10~ 93 1.21 x 1079 6.13 x 1070 1.52 x 10792 242 x 10101
Var 3.13 x 10702 1.85 x 10702 1.83 x 10102 2.43 x 10102 1.71 x 10+% 1.03 x 10708
Time [s] 96.81 464.12 77.04 247.27 42.48 2791.94
D = 100 — Mean 9.91 x 10101 3.45 x 10101 1.83 x 10101 3.50 x 10101 7.62 x 10140 3.56 x 10102
Max 2.35 x 10102 1.20 x 10792 8.08 x 10101 1.00 x 10792 7.26 x 10742 6.08 x 10102
Min 2.17 x 10101 6.43 x 10702 476 x 10701 2.03 x 10~ 1.42 x 10+ 1.93 x 10792
Var 2.14 x 10103 6.58 x 10102 2.90 x 10102 6.90 x 10102 5.22 x 10183 5.90 x 10103
Time [s] 159.22 845.76 152.73 515.90 78.26 5932.17
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Figure A4. Results for F4, Schwefel’s problem 2.22, for D = 10, 30, 50, and 100 (30 trials).
Table A6. Results for F5, Rastrigin’s function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.91 x 10101 7.14 x 10~ 13 5.06 x 10100 497 x 10792 1.45 x 10101 1.34 x 10101
Max 4.48 x 10701 491 x 10~ 11 1.99 x 10101 3.98 x 107 3.05 x 10101 3.58 x 10101
Min 3.98 x 10100 0.00 x 10100 0.00 x 10100 0.00 x 10100 401 x 1079 2.98 x 10100
Var 7.55 x 10101 243 x 10723 1.21 x 10101 1.66 x 10791 2.88 x 10101 291 x 10101
Time [s] 59.28 157.94 31.26 73.01 19.91 648.48
D = 30 — Mean 9.64 x 10101 1.98 x 10101 6.28 x 10101 3.46 x 10101 1.40 x 10192 9.06 x 10101
Max 1.76 x 10792 1.18 x 10102 1.23 x 10102 9.45 x 10101 3.07 x 10102 1.57 x 10792
Min 452 x 10101 1.00 x 10100 1.60 x 10101 1.31 x 10101 5.84 x 10101 437 x 10101
Var 6.76 x 10102 2.95 x 10102 5.94 x 10102 3.40 x 10102 1.51 x 1079 4.65 x 10102
Time [s] 91.92 315.01 55.06 165.97 40.15 1790.37
D = 50 — Mean 231 x 10702 8.78 x 10101 1.26 x 10102 1.02 x 10102 445 x 10702 2.13 x 10102
Max 3.38 x 10102 1.96 x 10702 2.29 x 10102 2.06 x 10102 5.89 x 10102 2.89 x 10102
Min 1.46 x 10192 2.59 x 10101 456 x 10701 3.38 x 10101 2.66 x 10102 1.22 x 101792
Var 1.56 x 10193 1.44 x 10193 1.57 x 10103 1.32 x 10103 3.67 x 10103 1.24 x 1019
Time [s] 119.01 465.44 87.80 266.02 63.56 2810.82
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Table A6. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 100 — Mean 6.66 x 10102 2.42 x 10102 3.09 x 10102 2.75 x 10102 1.32 x 1079 7.28 x 10102
Max 8.26 x 10102 4.96 x 10102 5.03 x 10102 4.21 x 10102 1.52 x 1079 1.52 x 1019
Min 5.16 x 10102 1.06 x 10792 7.03 x 10101 1.59 x 10792 1.09 x 1079 5.21 x 10102
Var 4.61 x 1079 5.24 x 10793 7.01 x 10103 3.62 x 10103 8.20 x 1079 419 x 10704
Time [s] 204.40 871.91 212.40 522.02 103.06 5959.35
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Figure A5. Results for F5, Rastrigin’s function, for D = 10, 30, 50, and 100 (30 trials).
Table A7. Results for F6, Ackley’s function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 438 x 10100 1.21 x 10790 6.44 x 10701 3.07 x 109 2.13 x 10101 6.86 x 10701
Max 1.36 x 10701 1.38 x 10701 3.05 x 10100 1.44 x 10795 2.19 x 10101 2.03 x 10101
Min 1.02 x 10712 1.08 x 10798 1.02 x 1012 1.60 x 10~% 2.04 x 10101 1.02 x 10712
Var 1.08 x 10101 1.10 x 10101 753 x 10701 6.83 X 1012 9.67 x 10792 4.45 x 10700
Time [s] 67.07 164.67 37.01 79.68 26.27 648.61
D = 30 — Mean 1.64 x 10701 1.09 x 10791 6.29 x 10100 8.42 x 10~01 2.14 x 10101 1.36 x 10791
Max 1.95 x 10701 1.89 x 10101 1.39 x 10101 9.59 x 10100 2.19 x 10101 2.10 x 10101
Min 1.16 x 10101 251 x 10792 2.82 x 10100 6.11 x 10~ 2.09 x 10101 5.99 x 10100
Var 2.86 x 10700 1.54 x 10101 4.78 x 10700 4.65 x 10700 3.43 x 10792 2.48 x 10101
Time [s] 106.58 468.00 67.54 172.27 60.45 1798.76
D =50 — Mean 1.86 x 10701 1.09 x 10701 1.06 x 10701 5.09 x 10700 2.15 x 10101 1.70 x 10701
Max 1.95 x 10101 1.89 x 10101 1.55 x 10101 1.31 x 10701 2.18 x 10101 2.11 x 10101
Min 1.62 x 10101 2.51 x 10~92 5.07 x 10700 1.29 x 1010 211 x 1070 1.19 x 10101
Var 3.80 x 10~ 1.54 x 10101 4.99 x 10700 5.51 x 10700 1.87 x 1002 8.28 x 10100
Time [s] 139.82 468.00 110.00 288.28 79.18 2834.69
D = 100 — Mean 1.98 x 10101 1.83 x 10101 1.46 x 10701 1.36 x 10101 2.15 x 10101 2.11 x 10101
Max 2.03 x 10101 1.93 x 10101 1.77 x 10701 1.78 x 10101 2.17 x 10101 2.14 x 10101
Min 1.93 x 10101 1.14 x 10101 1.10 x 10101 6.81 x 10700 2.12 x 107 1.71 x 10101
Var 437 x 10792 1.18 x 10100 1.39 x 10790 5.46 x 10100 6.94 x 10703 419 x 1079
Time [s] 234.20 894.19 263.98 607.14 145.99 6000.24
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Figure A6. Results for F6, Ackley’s function, for D = 10, 30, 50, and 100 (30 trials).
Table A8. Results for F7, Griewank'’s function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.99 x 10701 3.24 x 10792 1.63 x 1070 4.83 x 10792 8.30 x 10790 1.37 x 10701
Max 5.51 x 1079 8.85 X 1002 4.85 x 1079 1.23 x 10701 417 x 10101 3.82 x107%
Min 4.68 x 10792 0.00 x 1000 3.45 x 10792 7.40 x 1079 1.11 x 1070 9.86 x 1079
Var 9.78 x 10~ 3.30 x 10~% 8.75 x 10793 512 x 107% 3.58 x 10701 415 %1079
Time [s] 61.76 156.22 31.98 74.63 21.89 598.93
D = 30 — Mean 3.49 x 10790 1.70 x 10792 440 x 10792 1.41 x 1002 1.34 x 10192 1.36 x 10101
Max 1.11 x 10101 8.57 x 102 1.20 x 10791 9.02 x 10792 2.49 x 10702 3.96 x 10701
Min 1.24 x 10100 2.48 x 10797 1.67 x 1079 1.28 x 10796 6.17 x 10101 3.09 x 10790
Var 4.16 x 10790 3.77 x 107% 6.51 x 10 2.31 x 10~% 1.64 x 10103 4.79 x 10701
Time [s] 92.32 343.09 57.25 175.41 40.82 1723.48
D =50 — Mean 1.92 x 10101 1.82 x 10190 3.87 x 107 1.04 x 102 3.78 x 10702 1.05 x 10102
Max 1.25 x 10102 9.05 x 10701 7.61 x 1070 5.45 x 1002 5.89 x 10702 1.62 x 10702
Min 450 x 10790 1.57 x 10~ 1.52 x 10792 1.29 x 107% 1.85 x 10102 5.45 x 10701
Var 2.14 x 10102 1.60 x 10192 261 x 10792 1.40 x 10— % 6.09 x 10103 5.90 x 10702
Time [s] 126.57 521.18 94.94 278.49 64.13 3069.09
D =100 — Mean 9.87 x 10T 2.62 x 10T 9.84 x 1071 3.27 x 10~ 141 x 10703 6.46 x 1072
Max 2.88 x 1072 2.71 x 1072 1.31 x 1070 8.29 x 10~ 1.82 x 10703 8.11 x 1072
Min 2,57 x 10M" 1.29 x 10~% 7.46 x 102 5.03 x107% 8.72 x 1072 4.60 x 1072
Var 212 x 1079 2.66 x 1079 442x1079% 270 x107™ 334 x 1070 6.74 x 10%%
Time [s] 198.05 954.31 210.52 556.68 106.50 5522.85
Table A9. Results for F8, Schwefel’s function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.18 x 10103 5.85 x 10702 5.81 x 10702 4.09 x 10102 4.80 x 10702 8.56 x 10702
Max 2.03 x 1019 1.31 x 10703 1.79 x 10103 1.31 x 10103 1.05 x 10103 1.77 x 10193
Min 3.57 x 10702 1.27 x 107% 1.27 x 10~% 1.27 x 107 444 x 1079 1.18 x 10792
Var 9.87 x 10704 7.35 x 10104 1.91 x 10105 1.10 x 10105 7.17 x 1010 8.43 x 10704
Time [s] 59.94 141.47 31.18 72.24 19.60 548.77
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Table A9. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 30 — Mean 5.13 x 10103 9.27 x 10703 456 x 10702 3.67 x 10102 5.82 x 10703 3.49 x 10703
Max 7.28 x 10103 1.25 x 10104 2.03 x 10103 4.72 x 1070 8.08 x 10703 4.85 x 10103
Min 2.87 x 10103 6.25 x 10103 6.16 x 1074 3.82 x 10~% 3.83 x 10103 2.02 x 10103
Var 9.33 x 1070 1.93 x 10106 1.74 x 10105 5.35 x 1070 8.25 x 1070 3.33 x 1070
Time [s] 88.01 42391 52.58 169.98 35.97 1867.13
D =50 — Mean 1.02 x 10104 9.27 x 10703 6.27 x 10102 2.85 x 10102 1.31 x 10104 7.15 x 10103
Max 1.25 x 10104 1.25 x 10104 5.48 x 10703 3.17 x 10103 1.62 x 10104 8.87 x 10703
Min 6.76 x 10103 6.25 x 10103 2.64 x 1079 6.54 x 10— % 7.72 x 10103 5.27 x 10703
Var 1.45 x 10106 1.93 x 10106 8.81 x 10105 2.15 x 10105 1.91 x 1010 6.57 x 10105
Time [s] 110.39 42391 83.14 271.26 51.31 3045.01
D = 100 — Mean 241 x 10104 2.15 x 10104 1.23 x 1019 5.67 X 10702 3.35 x 10104 1.84 x 10704
Max 3.01 x 10104 2.81 x 10104 1.63 x 10704 8.64 x 10103 3.88 x 10104 2.17 x 10104
Min 1.85 x 10104 1.56 x 10704 1.98 x 10~ 93 219 x 107 291 x 10704 1.44 x 10704
Var 3.28 x 10706 1.01 x 10197 6.91 x 10106 1.66 x 10106 3.58 x 10706 1.58 x 1010
Time [s] 186.88 804.47 188.78 554.45 98.63 5709.09
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Figure A7. Results for F7, Griewank’s function, for D = 10, 30, 50, and 100 (30 trials).
Table A10. Results for F9, the shifted sphere function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 5.49 x 10701 9.16 x 10791 0.00 x 10100 8.48 x 10~ 1 7.37 x 1070 3.30 x 107
Max 9.38 x 10102 9.38 x 10102 0.00 x 10100 1.21 x 1079 1.99 x 1010 3.29 x 10101
Min 0.00 x 10100 2.68 x 10716 0.00 x 10700 1.33 x 10714 9.27 x 10792 0.00 x 10700
Var 4.62 x 10704 7.55 x 10104 0.00 x 10100 332 x 1070 243 x 107% 1.07 x 10101
Time [s] 47.65 146.66 24.03 70.87 22.32 589.62
D = 30 — Mean 492 x 10198 2.81 x 10793 2.64 x 10190 8.96 x 1070 1.84 x 10704 2.58 x 10103
Max 2.06 x 10104 9.67 x 10703 2.31 x 10702 4.23 x 1075 4.12 x 10104 1.15 x 10104
Min 1.03 x 10103 1.76 x 1008 1.71 x 10792 5.28 x 1077 9.19 x 10703 5.99 x 10702
Var 1.07 x 1077 6.91 x 10106 5.27 x 10102 6.08 x 10~ 3.62 x 101%7 2.61 x 10106
Time [s] 68.76 304.05 37.00 152.84 20.79 1693.08
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Table A10. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 50 — Mean 1.64 x 10104 422 x 10703 851 x 10101 5.22 x 10~% 5.05 x 10104 1.79 x 10704
Max 3.07 x 10104 1.92 x 10104 1.22 x 1019 3.11 x 10~ 8.08 x 10704 3.22 x 10704
Min 8.25 x 10103 1.98 x 1005 7.66 x 10100 9.57 x 10°% 2.81 x 10104 7.40 x 10103
Var 1.81 x 10197 1.87 x 10197 446 x 10104 1.54 x 1097 1.34 x 10798 2.00 x 10107
Time [s] 90.73 483.26 55.83 234.25 26.60 3024.95
D = 100 — Mean 1.05 x 101 1.10 x 10104 1.16 x 1019 4.02 x 1092 1.91 x 1079 1.15 x 1079
Max 1.38 x 107% 5.78 x 10104 3.52 x 10703 1.88 x 10701 2.84 x 10105 1.56 x 1079
Min 7.26 x 10104 7.38 x 10703 484 x 10102 1.04 x 10792 1.07 x 1079 7.34 x 10104
Var 2.05 x 10108 1.25 x 10708 3.35 x 1010 6.09 x 104 9.02 x 10108 2.44 x 10108
Time [s] 126.95 852.62 104.16 405.53 46.72 5889.74
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Figure A8. Results for F8, Schwefel’s function, for D = 10, 30, 50, and 100 (30 trials).
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Figure A9. Results for F9, the shifted sphere function, for D = 10, 30, 50, and 100 (30 trials).
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Table A11. Results for F10, the shifted weighted sphere function, for D = 10, 30, 50, and 100 (30 trials).

Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.30 x 1079 6.87 x 10701 0.00 x 10100 9.02 x 10713 1.33 x 10101 1.49 x 109
Max 3.90 x 10101 2.15 x 10101 0.00 x 107190 1.37 x 10711 3.86 x 10101 1.05 x 1079
Min 0.00 x 107100 3.95x 10718 0.00 x 1070 8.16 x 10716 449 x 107% 1.98 x 107277
Var 252 x 10101 1.23 x 10101 0.00 x 1010 3.79 x 10724 9.06 x 10101 1.23 x 10798
Time [s] 53.40 148.42 27.40 73.84 16.23 596.94
D =30 — Mean 1.95 x 10792 1.16 x 10792 1.27 x 10790 4.62 x 10797 7.44 x 10102 1.08 x 10792
Max 5.05 x 10102 5.25 x 10102 6.60 x 10101 1.96 x 10706 1.54 x 1079 2.48 x 10102
Min 2.99 x 10101 4.00 x 10~% 8.16 x 104 2.58 x 10708 3.14 x 10702 2.08 x 10101
Var 7.93 x 10103 1.48 x 10104 4.95 x 1010 1.94 x 1013 6.59 x 10104 2.40 x 10703
Time [s] 75.54 320.95 4263 154.29 24.04 1770.73
D = 50 — Mean 9.77 x 10102 2.24 x 10102 5.98 x 10100 1.01 x 10~ % 3.18 x 10103 1.10 x 1079
Max 1.96 x 10793 1.38 x 10193 4.05 x 10101 2.95 x 10~% 5.43 x 10103 1.79 x 10793
Min 5.28 x 10102 1.75 x 10706 7.68 x 10701 751 x 10706 1.67 x 10793 6.12 x 10102
Var 6.88 x 10104 752 x 10104 459 x 10101 9.46 x 1098 6.20 x 10105 8.10 x 10104
Time [s] 89.85 453.22 68.16 232.65 32.03 2786.18
D = 100 — Mean 1.13 x 10104 1.48 x 1079 1.80 x 10792 1.15 x 10100 243 x 10704 1.37 x 10104
Max 1.69 x 10104 5.25 x 10103 4.58 x 10102 3.46 x 10101 3.29 x 10104 1.83 x 10704
Min 6.03 x 10103 1.78 x 103 8.16 x 10101 5.20 x 1079 1.59 x 10104 9.21 x 10103
Var 3.54 x 10106 1.53 x 1070 5.17 x 10103 2.00 x 10101 1.19 x 10797 2.95 x 10106
Time [s] 141.04 819.14 124.75 409.77 54.44 5478.88
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Figure A10. Results for F10, the shifted weighted sphere function, for D = 10, 30, 50, and 100
(30 trials).
Table A12. Results for F11, the shifted Rastrigin function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 241 x 10M 1.25 x 1070 1.22 x 107 7.67 X 1070 141 x 1070 144 x 1070
Max 5.87 x 10™! 2.16 x 10701 3.39 x 10™! 2.59 x 107! 3.33 x 107! 3.78 x 107!
Min 4.97 x 101 0.00 x 10+ 9.95 x 107! 0.00 x 10+00 3.13 x 1070 4.97 x 10700
Var 113 x 1072 1.87 x 10+ 6.35 x 10701 1.05 x 1070 3.69 x 10101 415 x 10701
Time [s] 60.53 155.79 31.81 73.11 23,51 598.44




AppliedMath 2025, 5, 159 28 of 36
Table A12. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 30 — Mean 1.68 x 10792 8.90 x 10101 8.15 x 10101 7.67 x 10701 1.67 x 10792 1.05 x 10792
Max 2.45 x 10102 1.97 x 10792 1.50 x 10702 1.71 x 10792 3.02 x 10702 1.81 x 10792
Min 9.34 x 10101 3.02 x 10101 2.90 x 10101 3.18 x 100! 7.98 x 10101 5.69 x 10101
Var 1.24 x 1019 1.38 x 101 4.84 x 10102 7.68 x 10102 2.05 x 10103 7.11 x 10102
Time [s] 93.10 298.06 55.94 162.71 39.01 1777.60
D = 50 — Mean 3.55 x 10702 2.03 x 10102 1.51 x 10102 1.82 x 10792 4.84 x 10102 2.45 x 10102
Max 4.79 x 10102 3.50 x 10102 2.42 x 10102 3.96 x 10102 7.02 x 10102 3.72 x 10102
Min 2.65 x 10702 9.39 x 10101 8.64 x 10101 7.90 x 10101 3.19 x 10102 1.49 x 10792
Var 2.04 x 10703 2.48 x 10103 9.84 x 10102 3.35 x 10703 6.00 x 10103 1.89 x 10703
Time [s] 121.00 455.80 89.63 259.88 59.30 2812.31
D = 100 — Mean 9.94 x 10792 5.94 x 10702 4.31 x 10102 5.36 x 10792 1.46 x 10703 8.03 x 10102
Max 1.17 x 10703 8.81 x 10702 5.59 x 10102 9.34 x 10792 1.80 x 10703 1.06 x 10703
Min 8.33 x 10102 446 x 10702 3.05 x 10702 2.70 x 10102 1.13 x 1079 5.92 x 10702
Var 494 x 10103 6.94 x 10103 1.86 x 10103 3.30 x 10704 2.05 x 10704 1.09 x 10104
Time [s] 203.08 815.72 211.25 517.98 108.75 5490.48
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Figure A11. Results for F11, the shifted Rastrigin function, for D = 10, 30, 50, and 100 (30 trials).
Table A13. Results for F12, the shifted Griewank function, for D = 10, 30, 50, and 100 (30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 216 x 10790 9.97 x 100! 2.04 x 10701 4.79 x 1092 9.70 x 107 1.38 x 10791
Max 2.00 x 10101 1.99 x 10101 5.14 x 10~ 1.52 x 10~ 3.02 x 10101 5.15 x 10701
Min 418 x 10792 0.00 x 10100 442 x 10792 221 x 10714 1.54 x 10190 2.46 x 10792
Var 1.69 x 10101 1.10 x 10101 1.07 x 1072 7.00 x 10~ % 436 x 10701 5.96 x 1079
Time [s] 63.34 158.73 32.34 76.54 23.78 599.34
D = 30 — Mean 443 x 1070 2.46 x 10101 3.22 x 1070 3.08 x 10~ 1.71 x 10192 2.74 x 10701
Max 1.51 x 10102 1.00 x 10102 2.24 x 10100 1.13 x 10101 4.11 x 10702 6.85 x 10101
Min 1.40 x 10101 1.47 x 10797 5.37 x 10702 3.54 x 1079 7.22 x 10101 6.54 x 10100
Var 6.40 x 10702 7.95 x 10102 9.28 x 10— 92 2.78 x 10100 2.94 x 10103 1.73 x 10192
Time [s] 94.91 343.29 57.25 173.29 40.05 1726.06
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Table A13. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 50 — Mean 1.48 x 10792 3.95 x 10101 1.30 x 10790 1.09 x 10792 443 x 10102 1.60 x 10792
Max 2.61 x 10102 2.37 x 10102 3.99 x 10700 8.46 x 1002 8.19 x 10102 2.48 x 10102
Min 6.75 x 10101 1.39 x 10705 9.43 x 10701 4.65x 1079 1.92 x 10192 6.60 x 10101
Var 1.94 x 1079 1.94 x 10193 1.88 x 10791 1.97 x 10~ % 1.12 x 10104 1.28 x 1079
Time [s] 121.34 514.46 92.05 277.63 59.77 3069.85
D = 100 — Mean 9.35 x 10102 1.15 x 10192 1.12 x 10701 2.51 x 10~ 1.73 x 10193 1.04 x 10703
Max 1.32 x 1079 433 x 10102 3.96 x 10101 8.41 x 10700 241 x 10103 1.40 x 10793
Min 6.32 x 10102 1.39 x 10792 498 x 10100 1.10 x 1092 1.07 x 10793 7.34 x 10102
Var 1.99 x 10104 1.01 x 10104 3.70 x 10101 1.10 x 10700 6.00 x 10104 1.44 x 10704
Time [s] 208.24 899.05 221.05 544.99 111.00 5942.49
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Figure A12. Results for F12, the shifted Griewank function, for D = 10, 30, 50, and 100 (30 trials).
Table A14. Results for F13, the shifted and rotated Bent Cigar function, for D = 10, 30, 50, and 100
(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 3.44 x 10107 2.85 x 10107 2.79 x 10103 3.66 x 10703 5.70 x 10708 1.03 x 10104
Max 1.16 x 1019° 1.34 x 1010° 8.18 x 10103 8.18 x 10103 3.20 x 101® 6.58 x 10104
Min 1.00 x 10102 1.03 x 10192 1.00 x 10102 1.03 x 10102 1.40 x 10793 1.00 x 10102
Var 293 x 10716 2.85 x 10116 1.15 x 10107 9.85 x 10106 3.75 x 10117 1.97 x 10108
Time [s] 52.40 143.46 27.58 68.97 18.43 636.90
D = 30 — Mean 415 x 1079 2.63 x 10109 6.41 x 10107 3.02 x 10106 1.70 x 10710 2.05 x 1010
Max 1.41 x 10110 1.33 x 10110 2.25 x 10109 2.91 x 10108 4.19 x 10710 5.54 x 10109
Min 7.35 x 10108 1.22 x 10102 1.27 x 10104 1.03 x 10102 477 x 1079 1.96 x 10798
Var 7.01 x 10+18 1.06 x 10+1° 8.45 x 10116 8.39 x 10114 3.33 x 10119 1.30 x 10718
Time [s] 72.41 42527 40.19 149.01 22.49 1699.99
D = 50 — Mean 1.56 x 10110 2.63 x 10109 5.90 x 10107 2.51 x 10106 5.01 x 10710 1.72 x 10110
Max 259 x 10110 1.33 x 10110 1.60 x 1019? 2.47 x 10108 8.09 x 10110 3.14 x 10110
Min 6.06 x 10109 1.22 x 10102 2.09 x 10106 1.93 x 10192 2.74 x 10110 7.53 x 10109
Var 1.80 x 10+1° 1.06 x 10+1° 3.23 x 10116 6.05 x 10114 1.41 x 10720 2.30 x 10119
Time [s] 87.18 42527 57.36 252.92 30.69 2990.90
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Table A14. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 100 — Mean 1.04 x 10H11 1.04 x 10710 1.25 x 1019 3.99 x 10105 1.84 x 10H11 1.15 x 10H11
Max 148 x 10™1 433 x 10710 419107 1.65 x 10777 240 x 10711 151 x 10"
Min 7.22 x 10110 6.32 x 10103 3.99 x 10108 1.07 x 10104 1.30 x 10111 8.41 x 10710
Var 1.88 x 10120 1.05 x 10120 3.23 x 10117 3.48 x 10112 5.59 x 10720 2.08 x 10720
Time [s] 133.83 760.31 116.30 450.34 49.87 5925.77
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Figure A13. Results for F13, the shifted and rotated Bent Cigar function, for D = 10, 30, 50, and 100
(30 trials).
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Figure A14. Results for F14, the shifted and rotated Zakharov function, for D = 10, 30, 50, and 100
(30 trials).
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Table A15. Results for F14, the shifted and rotated Zakharov function, for D = 10, 30, 50, and 100

(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 3.11 x 10102 3.30 x 10102 3.00 x 10102 3.00 x 10702 1.21 x 10704 3.00 x 10102
Max 1.44 x 10193 1.44 x 10793 3.00 x 10102 3.00 x 10102 299 x 10104 3.20 x 10102
Min 3.00 x 10102 3.00 x 10102 3.00 x 10102 3.00 x 10102 2.25 x 10103 3.00 x 10102
Var 1.28 x 10104 2.87 x 10104 0.00 x 10100 9.41 x 1072 3.19 x 10197 4.12 x 10100
Time [s] 57.79 150.52 31.68 72.00 22.49 644.34
D = 30 — Mean 8.82 x 10103 1.95 x 10104 3.48 x 10102 3.00 x 10102 1.02 x 1079 1.57 x 10793
Max 246 x 10104 6.88 x 10104 5.02 x 10103 3.00 x 10102 1.53 x 1079 7.20 x 10103
Min 2.72 x 10103 8.89 x 10102 3.00 x 10102 3.00 x 10102 493 x 10704 3.62 x 10102
Var 1.55 x 10197 2.81 x 10108 2.20 x 1010 9.12 x 1010 5.81 x 10108 1.83 x 1010
Time [s] 87.23 456.02 54.99 164.45 48.28 1796.73
D = 50 — Mean 471 x 10104 1.95 x 10104 1.48 x 1019 3.00 x 10102 2.06 x 1010 1.09 x 10704
Max 1.24 x 101 6.88 x 10104 1.38 x 10704 3.00 x 10102 3.16 x 1070 5.02 x 10704
Min 1.85 x 10104 8.89 x 10102 3.33 x 10702 3.00 x 10102 9.53 x 10704 2.25 x 10703
Var 2.83 x 10108 2.81 x 10108 454 x 10106 8.81 x 10795 1.73 x 1079 457 x 101707
Time [s] 115.87 456.02 87.41 256.94 65.09 2920.45
D = 100 — Mean 1.52 x 107% 1.68 x 10104 6.65 x 10103 3.00 x 10102 4.72 x 1070 6.63 x 10104
Max 2.09 x 1010 7.02 x 10104 259 x 10104 3.01 x 10102 5.87 x 10105 1.48 x 1079
Min 9.50 x 10104 3.00 x 10102 252 x 10103 3.00 x 10702 3.55 x 107% 229 x 10104
Var 5.08 x 10108 2.15 x 10108 1.50 x 10797 8.56 x 1003 2.91 x 101% 6.05 x 10108
Time [s] 194.50 837.93 207.22 543.21 112.59 5519.70
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Figure A15. Results for F15, the shifted and rotated Rosenbrock function, for D = 10, 30, 50, and 100
(30 trials).
Table A16. Results for F15, the shifted and rotated Rosenbrock function, for D = 10, 30, 50, and 100
(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 10 — Mean 437 x 10702 430 x 10702 4.25 x 10702 4.12 x 10102 5.53 x 10702 4.22 x 10702
Max 5.88 x 10102 5.41 x 10102 5.40 x 10102 5.04 x 10102 9.19 x 10102 5.08 x 10102
Min 4.00 x 10102 4.00 x 10102 4.00 x 10102 4.00 x 10102 422 x 10702 4.00 x 10102
Var 1.78 x 10193 1.45 x 10103 1.12 x 10103 2.23 x 10102 6.14 x 10103 7.47 x 10102
Time [s] 64.79 151.67 36.08 73.35 24.99 605.82
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Table A16. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 30 — Mean 8.25 x 10102 6.26 x 10102 4.80 x 10702 4.47 x 10102 2.52 x 10703 6.39 x 10102
Max 1.79 x 1079 1.62 x 1079 6.77 x 10102 5.44 x 10702 5.92 x 10103 9.71 x 10102
Min 5.21 x 10102 423 x 10102 411 x 10102 4.00 x 10102 1.04 x 10193 4.93 x 10102
Var 6.52 x 10104 3.25 x 10104 3.08 x 10703 8.39 x 10102 9.38 x 10705 8.01 x 10703
Time [s] 100.30 453.68 64.51 166.33 49.11 1729.61
D = 50 — Mean 1.46 x 10703 6.26 x 10702 4.95 x 10792 4.58 x 10102 6.34 x 10704 1.47 x 10703
Max 2.35 x 10793 1.62 x 1079 6.54 x 10102 5.57 x 10102 1.01 x 107% 2.85 x 1079
Min 8.19 x 10702 4.23 x 10792 4.45 x 10702 4.21 x 10102 2.44 x 10704 8.15 x 10792
Var 1.09 x 1070 3.25 x 10704 2.26 x 1079 8.11 x 10102 3.98 x 10798 1.38 x 1070
Time [s] 130.64 453.68 102.77 264.74 69.62 2934.19
D = 100 — Mean 1.58 x 10104 1.33 x 1019 1.12 x 1019 6.94 x 10102 3.32 x 10704 1.68 x 10104
Max 2.45 x 10104 421 x 10103 1.49 x 1019 8.77 x 107102 5.98 x 10104 2.66 x 10104
Min 8.70 x 10103 6.47 x 10102 8.74 x 10102 5.44 x 10702 1.94 x 10104 8.46 x 10703
Var 1.33 x 10197 5.58 x 1070 1.69 x 10104 4.14 x 10103 5.75 x 10107 1.54 x 10797
Time [s] 221.13 827.10 248.35 573.31 131.72 5967.33
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Figure A16. Results for F16, the shifted and rotated Rastrigin function, for D = 10, 30, 50, and 100
(30 trials).
Table A17. Results for F16, the shifted and rotated Rastrigin function, for D = 10, 30, 50, and 100
(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 7.09 x 10102 5.68 x 10702 5.43 x 10702 5.33 x 10702 5.86 x 10702 5.17 x 10702
Max 3.17 x 10103 1.46 x 10103 1.44 x 10103 5.68 x 10102 6.50 x 10102 5.40 X 10702
Min 5.17 x 10102 5.09 x 10102 5.07 x 10102 5.07 x 10702 5.42 x 10702 5.04 x 10102
Var 1.51 x 1019 3.27 x 10704 8.42 x 10103 2.01 x 10102 3.63 x 10102 5.24 x 10101
Time [s] 63.56 162.50 35.73 77.76 28.44 651.85
D =30 — Mean 7.18 x 10103 4.72 x 1070 1.10 x 10103 1.09 x 10103 8.39 x 10702 6.16 x 10102
Max 2.16 x 10704 2.55 x 10704 410 x 101 3.63 x 10703 9.47 x 10102 8.20 x 10102
Min 2.54 x 1019 9.04 x 10102 6.44 x 10702 6.29 x 10102 7.52 x 10702 5.48 x 10102
Var 1.15 x 10797 1.95 x 10797 3.11 x 107% 2.88 x 1070 1.63 x 10103 1.72 x 10103
Time [s] 107.38 495.15 69.49 191.50 58.66 1798.20
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Table A17. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 50 — Mean 2.18 x 10104 4.72 x 10103 2.29 x 10103 1.72 x 1079 1.15 x 10793 7.98 x 10102
Max 3.46 x 10104 255 x 10104 9.15 x 10103 9.20 x 10103 1.38 x 10793 1.08 x 10103
Min 1.25 x 10104 9.04 x 10102 1.18 x 1079 8.92 x 10102 1.02 x 1079 6.87 x 10102
Var 2.03 x 10107 1.95 x 1017 1.64 x 1010 1.28 x 10106 4.44 x 10103 6.70 x 10103
Time [s] 145.30 495.15 118.90 293.03 89.51 2841.95
D = 100 — Mean 1.07 x 107% 1.17 x 10104 8.84 x 10103 1.15 x 10793 2.12 x 10103 1.51 x 10793
Max 1.47 x 107 5.06 x 10104 2.17 x 10104 1.40 x 10703 2.61 x 10103 2.13 x 10103
Min 7.34 x 10104 256 x 10103 4.48 x 10103 9.25 x 10102 1.84 x 1079 1.20 x 1079
Var 1.99 x 10108 1.01 x 10108 1.34 x 1017 9.87 x 10103 1.60 x 10104 437 x 10704
Time [s] 25433 898.74 290.62 686.85 168.89 5565.35
D=10 D=30
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Figure A17. Results for F17, the shifted and rotated Schaffer’s F7 function, for D = 10, 30, 50, and 100
(30 trials).
Table A18. Results for F17, the shifted and rotated Schaffer’s F7 function, for D = 10, 30, 50, and 100
(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 1.55 x 10193 1.02 x 10103 1.41 x 10103 8.53 x 10102 394 x 10103 6.30 x 10102
Max 4.63 x 1070 8.96 x 10703 6.84 x 10103 5.30 x 10703 9.08 x 10103 1.19 x 10103
Min 6.01 x 10702 6.00 x 10702 6.00 x 10102 6.00 x 10102 1.28 x 10793 6.00 x 10102
Var 1.06 x 10106 9.96 x 1070 1.67 x 10106 422 x 1070 2.92 x 10706 8.25 x 10103
Time [s] 73.97 161.48 41.28 79.86 36.80 610.86
D = 30 — Mean 5.06 x 10104 1.43 x 10104 2.03 x 10104 1.41 x 10104 3.82 x 10104 1.17 x 10104
Max 1.05 x 1019 6.97 x 10104 4.92 x 10104 5.11 x 10104 1.52 x 1079 495 x 10104
Min 8.03 x 10103 6.19 x 10702 2.17 x 10103 8.97 x 10102 1.34 x 10704 9.80 x 10102
Var 3.69 x 10108 1.52 x 10108 1.31 x 10108 1.21 x 10108 2.62 x 10108 8.13 x 101707
Time [s] 143.55 362.95 101.75 212.46 86.96 1758.90
D = 50 — Mean 1.22 x 10195 5.17 x 10704 5.41 x 10104 4.99 x 10104 1.01 x 1079 7.87 x 10104
Max 1.85 x 1019 1.29 x 1019 1.28 x 10105 1.31 x 1079 1.70 x 1079 2.36 x 10105
Min 6.83 x 10104 8.50 x 10103 2.05 x 10104 9.33 x 10703 5.86 x 10704 1.36 x 10704
Var 6.62 x 10108 8.53 x 10708 3.76 x 10108 7.27 x 10108 5.77 x 10108 1.67 x 1079
Time [s] 201.67 543.62 175.18 343.40 138.55 3139.37
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Table A18. Cont.
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D = 100 — Mean 3.99 x 1070 2.93 x 1070 2.36 x 1070 2.29 x 10105 4.29 x 1070 4.65 x 1070
Max 5.52 x 1010 452 x 1010 4.45 x 10100 3.73 x 10105 7.01 x 10105 7.34 x 10105
Min 2.88 x 1070 1.33 x 101 9.72 x 10704 7.24 x 10104 2.55 x 1070 2.54 x 1070
Var 2.64 x 107 3.60 x 1079 3.85 x 107% 3.51 x 10199 5.16 x 107% 1.22 x 10110
Time [s] 351.62 1024.56 437.53 759.67 274.57 6109.19
Table A19. Results for F18, the shifted and rotated Griewank function, for D = 10, 30, 50, and 100
(30 trials).
Metric PSO PSO-C ELPSO ELPSO-C GA ACOR
D =10 — Mean 9.35 x 10792 243 x 107" 1.12 x 10701 251 x 107" 7.07 x 10~ 1.58 x 101
Max 1.32 x 1070 8.91 x 107 3.96 x 10101 8.41 x 1010 1.78 x 10700 6.48 x 10~
Min 6.32 x 10102 1.23 x 10792 498 x 10190 1.10 x 1092 6.23 x 10792 1.72 x 10792
Var 1.99 x 10704 3.05 x 10792 3.70 x 10701 1.10 x 1070 1.99 x 10701 1.09 x 1092
Time [s] 208.24 154.07 221.05 544.99 22.60 592.90
D = 30 — Mean 2.11 x 107 1.73 x 10190 6.33 x 10702 1.36 X 10792 5.61 x 10700 1.71 x 1079
Max 4.42 x 10100 6.56 x 10100 1.13 x 1079 7.09 x 10792 1.13 x 10791 3.24 x 10100
Min 1.38 x 10190 1.59 x 10~% 5.74 x 10793 6.66 x 1097 2.98 x 107 1.07 x 10190
Var 3.05 x 1079 2.00 x 1079 2.14 x 10702 2.79 x 10~% 2.23 x 1070 1.49 x 10791
Time [s] 93.50 465.66 55.61 180.77 40.77 1713.71
D = 50 — Mean 5.29 x 10790 1.73 x 10700 5.61 x 107" 6.52 x 1079 1.38 x 10701 5.61 x 107
Max 1.05 x 10701 6.56 x 1070 1.33 x 10700 3.70 x 1002 2.20 x 10791 8.83 x 107
Min 2.38 x 1070 1.59 x 10~ 1.65 x 10701 448 x107% 7.08 x 10700 3.24 x 10790
Var 2.14 x 10100 2.00 x 10100 4.16 x 10792 6.88 X 10795 7.85 x 10100 1.27 x 10790
Time [s] 115.48 465.66 87.72 247.32 58.49 3055.10
D = 100 — Mean 2.68 x 10701 3.82 x 10790 1.27 x 10100 9.70 x 10~ % 4.88 x 10701 3.01 x 10701
Max 3.82 x 10701 1.48 x 10101 1.83 x 10100 3.40 x 1092 7.79 x 10101 3.71 x 10701
Min 1.84 x 10101 1.11 x 10190 1.10 x 10190 1.89 x 1093 3.48 x 10701 2.12 x 10701
Var 1.39 x 10101 5.81 x 10790 1.56 x 10792 4.80 x 1079 5.98 x 10701 1.18 x 10101
Time [s] 184.81 844.44 194.72 500.24 117.43 5940.40
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Figure A18. Results for F18, the shifted and rotated Griewank function, for D = 10, 30, 50, and 100

(30 trials).
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