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Abstract Diverse and elite groups can provide the optimal solution to a complex problem thanks to their exceptional learning abil ities,
humble attitude towards learning, and excellent informati on exchange. Inspired by this, an adaptive elite learning pa rticle swarm
optimization algorithm (AELPSO) is proposed based on the el ite learning method and the idea of multiple sub-swarms coll aboration.
AELPSO employs four sub-swarms with complementary strateg ies (CODA, denotes Cross-, Ortho-, Dynamic-, All-strategi es). Cross-
and All-strategies o�er rich population diversity, improv ing the global search ability of the algorithm, especially i n the exploration stage;
Dynamic-strategy improves the local search ability, retai ning fast convergence speed in the exploitation stage; Orth o-strategy is relatively
universal but has high time complexity. These strategies ar e speci�cally adjusted and hybridized for multimodal probl ems via the elite
learning (AEL) method to balance exploration and exploitat ion. In the AEL, better particles are selected to execute mor e strategies to
escape local optima quickly; the number of particles execut ing all strategies is adaptively increased to prevent prema ture convergence
from the exploratory to the exploitative state; �nally, a su bset of poorly performing particles is replaced through �xe d elimination and
competition methods to mitigate the decline in population d iversity. Promising particles in AELPSO explore the search space in multiple
ways and are more likely to �nd better solutions when faced wi th multimodal problems. Experimental results demonstrate that AELPSO
outperforms its counterparts in accuracy, robustness, and convergence speed for almost all problems across 37 benchma rk functions and
two real-world applications.
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1 Introduction

Particle swarm optimization (PSO), a swarm intelligence algorithm intro duced by Kennedy and Eberhart in the
1990s [1], has been a subject of continuing interest owing to its simplicity and high e�ciency compared with other
evolutionary algorithms. Di�erent variants of PSOs keep appearingand have found success in many practical prob-
lems, such as patient clustering [2], medical image segmentation [3], terrain classi�cation [ 4], and power systems [5].
These PSO variants focus on the manipulation of population topology[6{ 9], learning models [7,10{ 13], algorithmic
parameters [14{ 17], and multiswarm or hybrid methods [18{ 22] to improve the performance, including the conver-
gence speed, accuracy, and robustness. However, one variantof PSO often has limited capabilities when applied to
problems with di�erent characteristics [ 23]. In such scenarios, traditional PSO variants often struggle to balance
exploration and exploitation, leading to premature convergence orstagnation in suboptimal solutions.

Multimodal optimization problems are ubiquitous in real-world applicatio ns, such as engineering design [24],
�nancial modeling, and bioinformatics, where identifying multiple optim al or near-optimal solutions is essential.
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These problems demand algorithms that can maintain population diversity to explore the search space thoroughly
while simultaneously converging to high-quality solutions. Unfortunately, existing PSO variants often exhibit limited
capabilities in this regard. For instance, some variants enhance exploration by increasing population diversity [10],
but this comes at the cost of requiring excessive �tness evaluations, making them ine�cient for computationally
expensive problems. On the other hand, variants designed for faster convergence often sacri�ce diversity, causing
them to get trapped in local optima [11].

To address these challenges, multi-strategy hybrid methods haveemerged as a promising approach, leveraging the
complementary strengths of di�erent strategies to achieve a better balance between exploration and exploitation [13].
However, designing an e�ective hybrid PSO algorithm for multimodal optimization remains non-trivial. A key issue
is achieving the \1+1 > 2" e�ect, where the combined strategies outperform any single strategy. This is particularly
challenging because each strategy in a hybrid approach typically hasfewer generations, function evaluations (FES),
or assigned particle numbers compared to a single-strategy algorithm. These metrics are crucial for the performance
of swarm intelligence algorithms, especially in multimodal optimization contexts [25].

In general, there are two widely applied methods to address such problems. The �rst method randomly allocates
search strategies to particles initially and does not change them through optimization. It focuses on facilitating
information sharing among particles executing di�erent strategies. Undoubtedly, every strategy excels in speci�c
domains. At the same time, this hybrid method fails to facilitate a more extensive exploration in the search space
due to the �xed strategies' allocation at di�erent optimization stag es [26,27]. On the contrary, the second method
divides the entire optimization process into multiple stages and assigns di�erent strategies to each stage. It focuses
more on analyzing the characteristics of strategies and selecting the most suitable strategy for each stage [28, 29].
Generally, a strategy with a robust global search capability is executed during the exploration phase. In contrast, a
strategy with a more robust local search capability is employed in theexploitation phase. However, in multimodal
optimization problems, the landscape is often complex and unknown,making it di�cult to predict which strategy
will perform best at each stage. As a result, some strategies may still get trapped in local optima during the
exploration stage, while others may fail to exploit promising regions e�ectively. Commonly used multi-strategy
hybrid PSOs involve the execution of a single strategy in each stage,without interaction or information sharing
among these strategies and particles. Hence, these methods need to fully exploit the bene�ts of the multi-strategy
hybrid method in enhancing diversity and \1+1 > 2" superiority. Herein, the AEL is proposed to blend designated
complementary strategies. AELPSO is mainly composed of two parts: one is the fusion of four di�erent strategies,
and the other is the AEL. AELPSO combines the two, which have the following characteristics.

(1) AELPSO hybridizes four distinct strategies. Among these are two strategies dedicated to exploration, with
their unique update strategies of Cross- (binomial crossover) and All- (weighted average). Likewise, two strategies
focus on exploitation, each updating Ortho- (orthogonal) and Dynamic- (adaptive learning) strategies. An equal
number of particles are allocated to each category of strategies.

(2) The number of particles implementing the AEL undergoes continuous adjustments to better accommodate
the 
uctuations in population diversity during the optimization proce ss. In the exploration stage, the number of
particles employing the AEL remains limited but with a gradual rate of in crement to sustain population diversity.
In the exploitation stage, the number of particles employing the AEL increases substantially with an accelerated
growth rate as more particles become trapped in local optima.

(3) The particles eliminated are neither the worst-performing nor randomly selected ones. Still, each time they
perform the adaptive elite learning method, they select a certain number of particles with the same subscript from
the population for elimination to avoid premature convergence and the risk of eliminating the best particles.

The remainder of this article is organized as follows. Section2 presents a framework of the canonical PSO and
reviews some PSO variants. Other details of the AELPSO, including the principles of its four strategies and the
relevant content of the elite learning algorithm, are described in Section 3. The experimental results of the algorithm
in the test set and two practical applications and corresponding discussions are detailed in Section4. Finally, the
conclusion is presented in Section5.

2 Background

As mentioned above, researchers have produced many PSO variants to improve their performance besides the
canonical PSO.
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2.1 Canonical PSO framework

In solving an optimization problem with a D-dimensional hyperspace, each particle i in the population has a velocity
vector V i = [ vi 1; vi 2; vi 3; : : : ; viD ] and a position vector X i = [ x i 1; x i 2; x i 3; : : : ; x iD ], where the subscriptsi and D
denote the index of the particle and the dimensions of the problem, respectively. The personal best experience of
each particle is recorded aspi = [ pi 1; pi 2; pi 3; : : : ; piD ] and then to generate the global optimumpg. pi and pg serve
as guidance for resetting the velocity and positions of particles. The aforementioned canonical learning rules can
be summarized as follows:

vt +1
i;j = !v t

i;j + c1r1
�
pi;j � x t

i;j

�
+ c2r2

�
pg � x t

i;j

�
; (1)

x t +1
i;j = x t

i;j + vt +1
i;j ; (2)

where t is the generation number,! is an inertia weight factor [30]. c1 and c2 are the acceleration coe�cients [31],
r1 and r2 are two random values. A larger ! is better for particle exploration, while the opposite is better for
convergence. Therefore,! is usually set to be linearly decreased with time, which can maintain a balance between
exploration and exploitation [32]. c1 and c2 denote the in
uence level on the particle search direction of the cognitive
and social components, respectively. In order to control the velocity and position of particles, a velocity-position
boundary is often used to clamp the actual values for each particleto control the velocity and position. After that,
the �tness function evaluations and selection method are performed to complete one generation.

2.2 Variants of PSO

As problems to be optimized become increasingly complex, the canonical PSO framework is losing its e�ectiveness.
To date, many variants of PSO have emerged. Some modify the canonical PSO from the perspective of parameter
adjustment, some from the perspective of update rules, and some from the perspective of hybrid strategies and
multi-swarm.

(1) Parameter adjustment: It is widely known that the smaller the in ertia weight ! , the better the exploitation
performance, while the larger! , the better the exploration performance. Therefore, someonemade much of the
e�ects on ! , proposing linearly decreasing [33] and nonlinearly decreasing [34] inertia weight schemes, �tting for
unimodal and multimodal problems, respectively. In addition to ! , the acceleration coe�cients (c1 and c2) also
signi�cantly impact the performance. Ratnaweera et al. [35] proposed a hierarchical PSO with time-varying ac-
celeration coe�cients (HPSO-TVAC), which allows parameters includ ing ! , c1, and c2 to vary at di�erent rates
during di�erent stages, thereby enhancing the global search capability. A wide range of nonlinear parameter control
strategies [17,36,37] have been proposed to enhance the performance of PSO. However, the parameter adjustment
strategies mentioned above often fail to adapt to diverse problemdomains because they do not e�ectively incorpo-
rate population diversity into the parameter adjustments. After that, many researchers have explored information
about the population [38]. For instance, Zhan et al. [14] proposed a strategy to adaptively adjust! and c together
according to the distribution of particles, leading to a profound improvement in convergence speed and accuracy.
Expanding on this basis, Zeng et al. [12] employed Markov chains to distinguish various search states and subse-
quently adjusted the parameters! and c. In [39], a new adaptive adjustment of c based on fuzzy logic techniques
is proposed to enhance the exploitation capability. Experimental validation demonstrated that these strategies can
better balance exploration and exploitation.

(2) Learning model adjustment: Parameter adjustment can be considered a macroscopic regulation of the search
behavior of the entire population while learning model adjustment can be considered a microscopic approach to
regulate the search behavior. The key to learning model adjustment is e�ectively constructing learning exemplars
via the personal best experience (pi ). In canonical PSO, particles have two learning exemplars:pi and pg, which
lead to partial contingency and the \two steps forward, one stepback" phenomenon. It is generally accepted that
a smaller neighborhood topology is advantageous in maintaining population diversity in the complex multimodal
�tness landscape. In [40{ 42], the optimization of the particle topology has been conducted to preserve population
diversity in complex multimodal problems. LPSO [41] distinguishes itself from canonical PSO by replacingpg with
lg, where lg represents the optimal information within the neighborhood of a particle. FIPS [6] and LIPS [43] allow
particles to learn from the information of all particles within their res pective neighborhoods, and they di�er in how
they construct the neighborhoods. Zhan et al. [7] proposed a learning model in which each particle learns from any
other particle in the population besides itself, e�ectively enhancing the performance in multimodal problems. In
addition, researchers devised alternative methods to constructsuperior learning paradigms for particles to mitigate
the occurrence of the \two steps forward, one step back" phenomenon [10,44,45].

(3) Integrating PSO with other meta-heuristics: Both the parameter adjustment and the learning model adjust-
ment have their respective strengths and weaknesses. Therefore, some researchers focus on the hybrid multi-strategy
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Figure 1 (Color online) Structure of the proposed AELPSO. (a) The fra mework of AELPSO; (b) the schematic diagram of each sub-stra tegy.

to further mitigate the PSO's limitations. The strategies being integrated are not limited to the �eld of PSO. For
instance, the hybridization of quasi-newton methods and PSO, as demonstrated in [13, 46], dramatically enhances
the local search capability of PSO. Moreover, several metaheuristic algorithms, including genetic algorithms (GA),
di�erential evolution (DE), and simulated annealing (SA), are integr ated with PSO [47{ 49] to e�ectively maintain
population diversity during the search process.

(4) Multi-swarm PSO: Dividing multi-swarms is an e�ective way to integr ate multiple strategies. Some variants
of PSO [11, 28, 29, 50] distinguish the state of particles in the current generation and then match di�erent search
strategies for particles to leverage the advantages of each strategy e�ectively. Liu and Nishi [ 28] divided the
population into N sub-swarms, each with a di�erent strategy, and then maintained high-quality sub-swarms by
continuously eliminating the worst-performing particles. Wang et al. [51] selected the strategy to be executed in
the current generation using a roulette wheel selection method based on the performance. The multi-strategies
and multi-swarms approaches are sometimes built based on the abovementioned �rst and second improvement
approaches. This approach helps gather PSO variants with di�erent advantages and apply them more reasonably
at di�erent optimization stages.

However, there is a big issue with enabling a strategy to ful�ll distinct roles at di�erent stages e�ectively.
Therefore, in AELPSO, all sub-strategies will go through all stages of the optimization process. In addition, the
AEL is proposed based on the traditional EL method [28] to enable the strategy with robust global search capability
to aid particles in escaping local optima during the local search stageand leverage the strategy with strong local
search capability to eliminate speci�c local optima during the global search stage swiftly.

3 Proposed algorithm

In this section, details of the four strategies and corresponding convergence analysis will be introduced. The AEL
is then introduced, along with the overall process and details of theAELPSO.

3.1 Diversi�ed utilization of personal best experience

In PSO, a particle's current position and velocity determine its position in the next generation. Integrating di�erent
velocity or position update methods is one of the most e�ective strategies for enhancing population diversity. From
the principles of particle swarm algorithms and subsequent extensive improvement work, it is easy to see that
personal best experience plays a signi�cant role in updating particlevelocity and position. Therefore, diversi�ed
utilization of personal best experiences can also enhance population diversity to a certain extent. In AELPSO, as
shown in Figure 1, four ways of utilizing personal best experiences are proposed. Then, we divide the population
into four sub-swarms, with each sub-swarm executing a speci�c strategy.
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(1) Cross-strategy: The learning exemplar for a particle is generated through a binomial crossover between its
personal best experience (pi ) and the personal best experiences of randomly selected particles. Speci�cally, two
particles are randomly chosen from the population, and their personal best experiences (pr 1 and pr 2) are compared
using a tournament mechanism [10]. The winner (prw ) is then crossed withpi to produce pc, as de�ned in (3) and
(4):

vt +1
i;j = ! 1vt

i;j + cri;j
�
pci;j � x t

i;j

�
; (3)

pci;j = pi;j jjprw;j ; prw;j = better ( pr 1; pr 2) : (4)

To balance exploration and convergence,pc is updated only after pi has stagnated forS generations. This prevents
excessive population diversity caused by frequent updates ofpc, which could hinder convergence.

(2) Ortho-strategy: The learning exemplar for a particle is generated through an orthogonal combination of its
personal best experience (pi ) and the best experience within its neighborhood (lbi ). The update formula is de�ned
as

vt +1
i;j = ! 2vt

i;j + cri;j
�
poi;j � x t

i;j

�
; (5)

poi;j = pi � lbi ; (6)

where � denotes the orthogonal combination operation [7]. The orthogonal process has a time complexity of
O(MD2), where M and D represent the population size and problem dimensions, respectively. Frequent orthogonal
operations can signi�cantly increase the algorithm's computational cost. To mitigate this, po is updated only after
pi has stagnated forG generations.

(3) Dynamic-strategy: The learning exemplar for the current particle is determined by selecting the minimum
value among the personal best experiences of all particles and its own personal best experience. The parameters
are adaptively adjusted during this process. The update formula isde�ned as

vt +1
i;j = ! 3vt

i;j + c1r i;j
�
pi;j � x t

i;j

�
+ c2r i;j

�
pg � x t

i;j

�
; (7)

where ! 3, c1, and c2 dynamically adapt based on changes in population diversity [14].
(4) All-strategy: The learning exemplar for each particle is derived from the personal best experiences of all

particles within its current neighborhood. The update formula is de� ned as

vt +1
i;j = ! 4vt

i;j + cri;j
�
pai;j � x t

i;j

�
; (8)

pai;j =
� X N

k=1
' k;j pk;j

�
=ri;j ; r i;j =

X N

k=1
' k;j ; (9)

where pa represents the weighted average of the personal best experiences of particles in pi 's neighborhood, N
denotes the number of particles in the neighborhood, and' is a random number uniformly distributed between 0
and 1.

Aiming to enrich the population diversity, as shown in Figure 1(b), Ortho- and All-strategies use a \Ring"
topology structure to construct neighborhoods for each particle, which can reduce the probability of particles
falling into local optima in terms of the small-scale neighborhoods. In AELPSO, the Ortho-strategy utilizes a
\Ring" [ 6] topology instead of a \URing", reinforcing the algorithm's local search capabilities. In addition, we
made parameter adjustments forG to minimize the time spent on non-�tness value calculations during algorithm
execution. In addition, in Cross- and All-strategies, the personalbest experiences of more particles are applied to
the update of a speci�c particle, e�ectively enhancing the exploration ability of the algorithm in the early stage.

Aiming to accelerate convergence, Ortho- and Dynamic-strategies set particles with better performance as the
learning exemplars for the current particle, thereby guiding the particles to converge quickly. More speci�cally, the
Dynamic-strategy sets the global optimum as the learning exemplar, while the Ortho-strategy generates particles
better than the pi and lbi using orthogonal methods to guide the update. Among these two update strategies, the
convergence speed of the Ortho-strategy is usually faster. Therefore, we also incorporate adaptive methods into the
parameter adjustment of the Dynamic-strategy to optimize its convergence speed.

According to the supplementary materials, it is clear that the CODA update strategies have their characteristics
and are complementary. The main advantages of Cross- and All-strategies are their rich population diversity [10],
which is more suitable for the exploration stage. The advantage of Dynamic-strategy is its fast convergence speed,
which is more suitable for the exploitation stage. The Ortho-strategy is relatively versatile at the expense of
high time complexity. These strategies have con
icting strengths, each employing e�ective measures to address
shortcomings. For example, the Cross-strategy involves parameter S, the Ortho-strategy includes the \rings"
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topology and parameter G, and the Dynamic-strategy incorporates the ELS [14]. By combining the exploration
capabilities of Cross-strategy and All-strategy with the exploitation strengths of Ortho-strategy and Dynamic-
strategy, the algorithm achieves a robust balance between globalsearch and local search. This synergy ensures that
the algorithm can e�ectively navigate complex search spaces, avoiding premature convergence while maintaining
high solution quality. We believe this complementary design is key to thealgorithm's strong performance. Hence,
each strategy must undergo all stages of the population's optimization process to improve the overall optimization
performance through mutual collaboration and competition. As shown in Table D3 and Figures D5 and D6 in the
supplementary materials, the Dynamic-strategy performs best and converges fastest in low-dimensional problems
due to its rapid convergence characteristics. This strategy fully leverages the small search space of low-dimensional
problems to quickly �nd high-quality solutions. On the other hand, th e reason why the Cross-strategy can achieve
better �tness in high-dimensional problems lies in its powerful global exploration capability. This enables it to
cover more potential solution regions in the high-dimensional search space, thereby �nding higher-quality solutions.
Strategies with faster early-stage convergence (e.g., Ortho-strategy and Dynamic-strategy) are more e�ective on
simpler problems, as they quickly �nd optimal solutions and are less a�ected by population diversity, reducing the
risk of local optima. In contrast, strategies with better populatio n diversity (e.g., Cross-strategy and All-strategy)
explore a broader search range early on, making it harder to converge quickly. However, their diversity helps escape
local optima in later stages, making them more suitable for complex problems.

In AELPSO, we propose two new methods: (1) assigning sub-swarms with di�erent sizes to di�erent update
strategies; (2) making real-time corrections to the learning exemplars via an adaptive learning method.

3.2 Convergence and population diversity analysis

Relevant modern control theory is herein used to construct the mathematical model of the proposed algorithm [52,53]
to analyze and prove the convergence of the four update strategies mentioned in the previous section. It is worth
mentioning that this is not intended to guarantee that the proposed PSO will eventually converge to the global
optimum but to demonstrate the advantages of multi-strategy collaborative optimization in maintaining population
diversity. Usually, when all dimensions of a particle converge, their values will not change signi�cantly, which means
the particle will eventually converge. Therefore, we construct ananalysis model based on the law of change of the
value of the j -th dimension of the i -th particle in the optimization process. Because the constructionmethod of
the analysis models for di�erent strategies is similar, we only presentthe construction process of the most complex
strategy of Dynamic-.

First, we replace all random numbers in (7) with their expected value, 1
2 . Subsequently, we substitute (7) into

(2) to derive

x t +1
i;j = x t

i;j + ! 3vt
i;j +

c1

2

�
pi;j � x t

i;j

�
+

c2

2

�
pg � x t

i;j

�
: (10)

Demonstrating the convergence of this strategy is equivalent to proving the convergence of the dynamic system
described by (2) and (10). Before moving forward, we introduce the following conventions:

c =
c1 + c2

2
; (11)

l i;j =
c1

c1 + c2
pi;j +

c2

c1 + c2
pg: (12)

After assigning the expected values to the random parametersr1 and r2, the PSO formula can be expressed as

vt +1
i;j = w3vt

i;j + c(l i;j � x t
i;j ): (13)

From (11){( 13), it can be observed that the new coe�cient c is the average of the individual particle's attraction
coe�cient c1 and the global particle's coe�cient c2. Additionally, the attractive particles li;j are weighted averages
of local and global optima.

By substituting ( 11) and (12) into ( 2) and (9), we obtain

y (t + 1) = Ay (t) + Bl i;j ; (14)

where

y (t) =

"
x i;j (t)

vi;j (t)

#

; A =

"
1 � c ! 3

� c ! 3

#

; B =

"
c

c

#

: (15)
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Table 1 Results of convergence analysis for each sub-strategy.

Strategies y �

Cross- [pci;j ; 0]T

Ortho- [poi;j ; 0]T

Dynamic- [l i;j ; 0]T

All- [pa i;j ; 0]T

These equations can be interpreted as the dynamic equations of a linear discrete system. Typically, the stability
analysis theory of dynamic systems is employed to demonstrate theconvergence of such a system.

In the framework of dynamic system theory,A is referred to as the state matrix, while li;j is termed the external
input, capable of driving the particle's state to evolve in a speci�c direction. Additionally, B is known as the input
matrix, which governs the in
uence of the external input on the overall system.

If a state y� satis�es y� (t + 1) = y� (t) at any time, it is referred to as an equilibrium state. This state can be
computed using (14) and (15):

y� = [ l i;j ; 0]T : (16)

Convergence implies that the particle's state will eventually approach the equilibrium state y� . The eigenvalues
of the state matrix A determine whether the system can achieve this equilibrium:

� 2 � (! 3 � c + 1) � + ! 3 = 0 : (17)

When the absolute value of the eigenvalue is less than 1, the system isasymptotically stable, indicating that the
strategy will eventually converge. Based on this condition, the parameter ranges for! 3 and c can be derived:

0 < ! 3 < 1; c > 0; 2! 3 � c + 2 > 0: (18)

The parameter settings in the Dynamic-strategy all satisfy (18), proving the convergence of this strategy. Next,
the same method is used to prove the convergence of other strategies. When each strategy �nally converges, the
value of y� is shown in Table 1.

The balanced state that each strategy can reach is di�erent, so itcan be inferred that the particles' path and �nal
position are also di�erent. It proves that CODA collaborative optimiz ation has robust global search capabilities
and can maintain good population diversity during optimization.

3.3 Adaptive elite learning

In the updated formulas discussed in the previous section, each strategy utilizes the personal best experiences of
particles to construct learning exemplars. While the CODA multi-stra tegy hybrid approach enables a broader
exploration of the parameter space, the construction of exemplars is con�ned to the cognitive scope of a single sub-
strategy. This limitation can result in lower optimization e�ciency comp ared to single-strategy PSO variants. The
AEL addresses this issue by enabling one sub-strategy to access information beyond its own cognitive boundaries.
This method facilitates information sharing among sub-swarms by merging the population after each iteration
and replacing poorer-performing particles with elite particles from other sub-swarms. For instance, when the
Dynamic-strategy sub-swarm converges rapidly, elite particles from the Cross-strategy or All-strategy sub-swarms
can replace its weaker particles, thereby increasing diversity and avoiding premature convergence to local optima.
This interaction mechanism ensures a balance between exploration and exploitation, enhancing the algorithm's
overall.

As outlined in Algorithm 1, this method comprises three key components: �rst, it allows particles that exhibit
strong performance under a speci�c strategy to adopt additional strategies in the next generation through �xed
elimination and competition mechanisms; second, it uses the currentparticle's personal best experience to re�ne the
exemplars constructed across all strategies; and third, it regulates the number of particles involved in the correction
process. These operations create a positive feedback loop that drives particles toward better positions iteratively.

(1) Fixed elimination and competition method: The �xed elimination and c ompetition mechanisms are designed
to enhance the AELPSO's suitability for solving multimodal problems. The top-performing particles from all sub-
swarms are designated as elite particles, while particles from �xed positions within each sub-swarm are termed
regular particles. Regular particles and elite particles then competebased on their �tness values. It is important
to emphasize that competing particles must belong to di�erent sub-swarms. If a regular particle's �tness value
is superior, it retains its position within its sub-swarm. Conversely, if an elite particle outperforms the regular
particle, it replaces the regular particle. Additionally, the positions of regular particles are recorded. In subsequent
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Algorithm 1 Adaptive elite learning ( t , X , V , P , � t , RINT , N , D , P op).

01 : P op = f P op1 ; P op 2 ; P op 3 ; P op 4 j P op i = X i [ Vi [ P i ; 1 6 i 6 4g;

02: RINT = f r 1 ; r 2 ; r 3 ; r 4 j r i = f r i; 1 ; r i; 2 ; r i; 3 ; : : : ; r i;j j 1 6 j 6 round( � t � N i )gg;

03: Sort P i in ascending order, and denote the sorted P i as ps i ;

04: Sort X and V by ps i , and denote sorted X , V as X s , Vs ;

05: For k = 1 to 4 Do

06: For i = 1 to round( � t � N k ) Do

07: Select an integer from RINT k and denote it as m ;

08: If Xs i , V si , P s i =2 P opk and P s i < P m Then

09: X k = ( X k � X m ) [ X s;i ;

10: Vk = ( Vk � Vm ) [ Vs;i ;

11: Pk = ( Pk � Pm ) [ P s i ;

12: End If

13: End For

14: End For

15: Output results: X , V , P .

applications of the �xed elimination and competition methods, particles occupying these recorded positions are
consistently selected as regular particles. This strategy is implemented to mitigate the risk of premature convergence
in the algorithm. The selection of eliminated particles Rk is de�ned as

Rk =
n

xk
(Sk � N k +1) ; xk

(Sk � N k +2) ; : : : ; xk
(Sk )

o
; (19)

where Nk = � t Sk is the number of eliminated particles in sub-swarmk, and Sk is the size of the sub-swarm.
(2) Elite learning method: After the �xed elimination and competition p rocess, each sub-swarm is enriched

with new particles possessing superior personal best experiences. These particles actively participate in the CODA
multi-strategy framework, contributing to the generation of impr oved learning exemplars. These re�ned exemplars
guide the particles within each sub-swarm, enabling a more e�cient search. The eliminated particles in Rk are
replaced by elite particles inEk . This ensures that the best-performing particles are retained and propagated across
sub-swarms.

(3) Nonlinear adaptive method: The number of replaced particles is regulated using a nonlinear adaptive method.
In the �xed elimination and competition mechanism, the number of elite and regular particles is always equal, and
this number varies across sub-swarms of di�erent sizes. The number of replaced particles also changes dynamically
throughout the optimization process to mitigate the impact of the A EL on population diversity.

The pseudocode for the AEL is provided in Algorithm 1 and the AEL operates in each iteration through the
following sequential steps.

Initialize the population P, containing K sub-swarms, each sub-swarmk of size Sk , satisfying
P K

k=1 Sk = S.
Each particle in sub-swarm k has a position xk

t 2 RD , velocity vk
t 2 RD , and �tness value f (xk

t ). Let t be the
current iteration count, and I max be the maximum iteration count.

In each generationt, compute the nonlinear adaptive parameter� t as

� t = � min + ( � max � � min )
�

t
I max

� 2

; (20)

where I max is the maximum number of generations,t is the current generation count, and � min and � max are
constants within the range [0, 1]. As the optimization progresses,� t increases, with the rate of change accelerating
over time. The number of regular particles is determined by� t � Sk , where Sk represents the size of the sub-swarm
employing strategy k. However, due to the competition mechanism, the actual number of replaced particles is
typically less than � t Sk . For each sub-swarmk, compute the number of eliminated particlesNk = � t Sk .

Merge all sub-swarms into a global population
S K

k=1 f xk
t j t = 1 ; 2; : : : ; Sk g, and sort by �tness value in ascending

order:
f (x(1) ) 6 f (x(2) ) 6 � � � 6 f (x(S) ): (21)

Select the top Nk particles as elite particles and replace the eliminated particlesRk in each sub-swarmk with
elite particles Ek :

xk
i  x( t ) ; for xk

i 2 Rk and x( t ) 2 Ek : (22)
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Figure 2 (Color online) Analysis of the AEL.

Record particles in �xed positions in each sub-swarmk as regular particlesCk . For each regular particlexk
i 2 Ck ,

compete with elite particles xm
j 2 Em (m 6= k):

(
if f

�
xk

i

�
6 f

�
xm

j

�
; retain xk

i ;
otherwise; replacexk

i with xm
j :

(23)

The above formulation precisely describes how AEL learns from the population and in
uences the four strategies
within the AELPSO. For more detailed information on the interaction b etween the four strategies, refer to Figure
D7 in the supplementary materials.

3.4 Analysis of AEL

Figure 2 is a contour map of a multimodal problem, demonstrating the e�ectiveness of the AEL. Supposexi , xj , xk ,
and xl are particles with di�erent positions belonging to di�erent sub-swar ms. Their velocity vectors are denoted by
vi , vj , vk , and vl . The learning exemplars, generated by four distinct strategies, are represented astarget i , target j ,
targetk , and target l . The global optimum is marked by a pentagram, with darker shades indicating better �tness
values. From Figure 2, it is clear that the positions xt +1

i and xt +1
k , generated bytarget i and target l , are superior

to those produced by target i and targetk . However, in multimodal problems, the quality of exemplars does not
strongly correlate with the solutions explored by particles, astarget l is worse than targetk . The AEL does not
heavily rely on the �tness values of exemplars. Instead, it emphasizes that diverse exemplars guide particles to
explore di�erent directions, increasing the likelihood of escaping local optima.

The scenario shown in Figure2 is not guaranteed to occur consistently, as real-world problems are inherently
black-box in nature. To increase the probability of such occurrences, we employ Bernoulli's law of large numbers
by increasing the number of particles executing the AEL. The parameter � is introduced to regulate the number of
particles performing the AEL. During the exploration phase, the value of � is relatively small, and its growth rate
is slow to maintain high population diversity. As the generations progress,� increases in value and growth rate,
encouraging more particles to perform �xed elimination and competition methods. This increases the probability
of the scenario shown in Figure2 occurring and helps particles escape local optima. In the early stage, although
the quality of elite particles may not be high due to the poor performance of particles, our strategy focuses on
preserving population diversity by setting a lower learning ratio. The relationship between � and the number of
particles can be expressed as

N t
AEL = N0 + � t � N;

whereN t
AEL is the number of particles executing the AEL at generationt, N0 is the initial number of particles, and

� N is the incremental factor. Due to space limitations, further details about �xed elimination, parameter � , and
adaptive methods are provided in the supplementary material.
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Algorithm 2 Cross ( N C , X C , V C , P C , Pval C , Pg C ,pc, C C ! C , S, count 1 ).

01:For k = 1 to N C Do

02: Update V C;k and X C;k according to ( 3) and ( 2);

03: Evaluate X C;k ;

04: Update P C;k , Pval C;k , and Pg C ;

05: If P C;k and Pval C;k have not improved Then

count 1 ++;

07: If count 1 > S Then

08: Update pck according to ( 4);

09: End If

10: End If

11: End For

12: Output results: X C , V C , P C , Pval C , Pg C , count 1 .

Algorithm 3 Ortho ( N O , X O , V O , P O , Pval O , Pg O ,po, C O ! O , G , count 2 ).

01:For k = 1 to N O Do

02: Update V O;k and X O;k according to ( 5) and ( 2);

03: Evaluate X O;k ;

04: Update P O;k , Pval O;k and Pg O ;

05: If P O;k and Pval O;k have not improved Then

count 2 ++;

07: If count 2 > G Then

08: Update pok according to ( 6);

09: End If

10: End If

11: End For

12: Output results: X O , V O , P O , Pval O , Pg O , count 2 .

In addition, the AEL is executed in every generation. If it results in a decline in the �tness values of particles,
these less favorable values are eliminated in the subsequent iteration, minimizing their impact on other particles
within the sub-swarm. The elimination criterion can be formalized as

x t +1
i =

(
x t

i ; if f (x t
i ) 6 f (target t

i );

target t
i ; otherwise;

where f (x t
i ) denotes the �tness value of particlex i at generation t. This ensures that only particles with improved

�tness values are retained, enhancing the overall performance of the AEL.

3.5 Framework of AELPSO

The pseudocode of AELPSO is shown in Algorithms 2, 3, 4, 5, and 6. The 
owchart of AELPSO is shown in the
supplementary material.

4 Experimental studies

In this section, AELPSO is tested according to the evaluation criteria of CEC2015, CEC2020, and CEC2022, and
ten other algorithms are selected for comparison. AELPSO is appliedto two practical application problems, and
the results are analyzed.

4.1 Test functions and peer algorithms

In this paper, 37 benchmark functions are used to examine the performance of AELPSO under di�erent conditions.
Among these, 15 test functions are selected from CEC2015, 10 from CEC2020, and 12 from CEC2022. These test
functions include unimodal, multimodal, hybrid, and composition funct ions. The experiments are conducted in
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Algorithm 4 Dynamic ( N D , X D , V D , P D , Pval D , Pg D , P re state ).

01:For k = 1 to N D Do

02: dk : mean Euclidean distance between X D;k and X D;m (m 6= k);

03: Determine the current state based on dk and P re state ;

04: P re state = state ;

05: If state == convergence Then

06: Update Pg D by changing the value of a dimension;

07: Evaluate Pg D ;

08: If Pg D has not improved Then

09: Replace the worst particle with updated Pg D ;

10: End If

11: End If

12:Adjust wD and cD based on current state;

13:Update V D;k and X D;k according to ( 7) and ( 2);

14:Evaluate X D;k ;

15:Update P D;k , Pval D;k , and PgD ;

16:End For

17:Output results: X D , V D , P D , Pval D , Pg D .

Algorithm 5 All ( N A , X A , V A , P A , Pval A , Pg A , pa, cA , ! A ).

01:For k = 1 to N A Do

02: Update V A;k and X A;k according to ( 8) and ( 2);

03: Evaluate X A;k ;

04: Update P A;k , Pval A;k and Pg A ;

05: Update pak and X A;k according to ( 9);

06:End For

07:Output results: X A , V A , P A , Pval A , Pg A .

Algorithm 6 AELPSO.

/* Initialization */

01: Initialize N; � min ; � max ; ! 1 ; ! 2 ; ! 3 ; c; S; G; count 1 ; count 2 ; state ;

02: Randomly initialize X and V ;

/* X = f X 1 ; X 2 ; X 3 ; X 4 j X i = f x 1 ; : : : ; x s j x s = f x s; 1 ; : : : ; x s;D j 1 6 s 6 N i ggg;
V = f V1 ; V2 ; V3 ; V4 j Vi = f v1 ; : : : ; v s j vs = f vs; 1 ; : : : ; v s;D j 1 6 s 6 N i ggg; N 1 + N 2 + N 3 + N 4 = N */;

03: Divide the X into four sub-swarms: X 1 ; X 2 ; X 3 ; and X 4 ;

04: Evaluate X and name the results as E ;

05: Update P val and P ; /* P val = E; P = X */;

06: Initialize pc; po and pa based on ( 4), ( 6), and ( 8);

07: Update P g and GOB; /* P g = f P g1 ; P g2 ; P g3 ; P g4 g*/;

/*Main Loop*/

08: While not meeting terminal conditions;

09: t = t + 1;

10: Update X 1 , V1 , P1 , P val 1 and P g1 according to Algorithm 2;

11: Update X 2 , V2 , P2 , P val 2 and P g2 according to Algorithm 3;

12: Update X 3 , V3 , P3 , P val 3 and P g3 according to Algorithm 4;

13: Update X 4 , V4 , P4 , P val 4 and P g4 according to Algorithm 5;

14: Update GOB;

15: Update X , V , and P according to Algorithm 5;

16: End While

17: Output results: GOB, P .

dimensions ofD = 10 and 30 in CEC2015,D = 5, 10, 15, 20, 50, and 100 in CEC2020, andD = 10 and 20 in
CEC2022. The maximum number of function evaluations is set according to CEC2015, CEC2020, and CEC2022.
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Table 2 Setting of population size.

Test function Dimensions Population size

CEC2015 10/30 50/100

CEC2020 5/10/15/20/50/100 40/50/80/100/120/150

CEC2022 10/20 50/100

Figure 3 (Color online) AELPSO performance with various values of th e reconstruction gap G. (a) D = 30; (b) D = 100. Optimal G = 9
achieves the best performance.

More detailed information can be found in [54{ 56].

� Unimodal test functions: CEC2015 (F1{ F2), CEC2020 (F1), CEC2022 (F1).
� Multimodal test functions: CEC2015 (F3{ F9), CEC2020 (F2{ F4), CEC2022 (F2{ F5).
� Hybrid test functions: CEC2015 (F10{ F12), CEC2020 (F5{ F7), CEC2022 (F6{ F8).
� Composition test functions: CEC2015 (F13{ F15), CEC2020 (F8{ F10), CEC2022 (F9{ F12).

For comparative analysis, ten state-of-the-art algorithms, including CLPSO-LS [13], DSPSO [57], FMPSO [46],
HCLDMSPSO [29], MFCPSO [39], TAPSO [11], GLPSO [44], ADFPSO [58], EAPSO [59], ADE [60], are selected
as comparisons in this paper. They are all algorithms proposed by hybrid PSO with various other methods.
Among them, CLPSO-LS, DSPSO, FMPSO, and GLPSO are algorithms that hybridize PSO with evolutionary
strategies. HCLDMSPSO, TAPSO, and ADFPSO are algorithms that hybridize multiple PSO strategies, MFCPSO
is a strategy that hybridizes PSO with a fuzzy logic system, EAPSO is an elite �le driven improved PSO algorithm,
and ADE is an advanced improved di�erential evolution algorithm. The parameter settings for each peer algorithm
are referred to in the relevant literature. The population size for each test is given in Table 2. The number of
particles executing the Cross- and All-strategies to maintain population diversity is the same as the number of
particles executing the Ortho- and Dynamic-strategies to enhance the local search ability. The population size of
the Ortho-strategy is set to 1/10 of the overall population size because of the time complexity ofO(MD2). The
ratio of sub-population sizes for executing the Cross- and All-strategies is 3:2 because the exploration ability of
the Cross-strategy is slightly better than that of All-strategy [ 10]. In summary, the population sizes of the four
sub-swarmsNC ; NO ; ND ; NA are set in the ratio of 0:3 : 0:1 : 0:4 : 0:2. Di�erent values for G from 0 to 12 are tested
across six benchmark test functions, and the results of the investigation are shown in Figure 3. Figure 3 reveals that
a value of G around 9 o�ers the best performance. Thus, the parameters setting of AELPSO are ! C : 0.2{0.7, ! O :
0.5{0.9, ! D dynamically adjusts based on the population distribution state, ! A : 0.7298,c: 2, S: 8, G: 9, � : 0.2{1.0.
The adaptive parameters and the parameterS in the Cross-strategy are obtained through Bayesian optimization.
The method and rationale for setting the above parameters can befound in the supplementary materials.

Each algorithm is run independently 30 times in CEC2015, CEC2020, and CEC2022. For the e�ciency of the
test, all algorithms were coded in MATLAB and run on a workstation w ith a 3.80 GHz, 24-core processor and a
64-bit Windows Server 2019 operating system, 256 GB RAM. Notably, they were also tested with a normal PC
with an 8-core processor and 8 GB RAM to con�rm the generalizationof the algorithms.

4.2 Solutions accuracy

In this paper, four essential performance metrics are used: mean value (Mean), standard deviation (Std.), rank
of mean value (Rank), and Wilcoxon signed-rank test results. The comparison results on solution accuracy are
provided in this section. Due to space limitations, only the results for 30-D in CEC2015, 20-D and 100-D in
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CEC2020, and 20-D in CEC2022 are presented in Tables3{ 6. Other results are listed in Tables F1{F6 in the
supplementary material. Mean can be de�ned as

Mean =
1
n

nX

i =1

(f (x) � f (x � )) ; (24)

where n is the number of runs, f (x) is the �tness value obtained by the test, f (x� ) is the optimal value to which
di�erent test functions tend as speci�ed in the CEC test �le. In add ition, rank and Wilcoxon signed-rank test
results are also included in Tables 3{6.

(1) CEC2015: From Table 3 and Table F1 in the supplementary material, it can be observed that AELPSO
ranks �rst overall in CEC2015. The result of mean ranking shows that AELPSO can get the best Mean on seven
test functions, which are F1, F3, F6, F8, F11, F14, and F15 in the case of 10-D, as well as eight test functions
(F1, F4, F6, F7, F8, F11, F13, and F15) in the case of 30-D. This superior performance can be attributed to
AELPSO's adaptive evolutionary learning mechanism, which allows it to dynamically adjust its search strategy
based on the problem's characteristics. This adaptability enables AELPSO to e�ectively balance exploration and
exploitation, particularly in multimodal and complex landscapes. In addition, DSPSO, FMPSO, CLPSO-LS, and
HCLDMSPSO can get the best Mean on three test functions (F3, F9, and F12), two test functions (F10 and F14),
one test function (F2), and one test function (F5), respectively. These results suggest that while other algorithms
may excel in speci�c scenarios, AELPSO's consistent performanceacross a wide range of functions highlights its
robustness and versatility.

(2) CEC2020: The results in Tables4 and 5 and Tables F2{F5 in the supplementary material show that AELPSO
also ranks �rst overall in CEC2020. AELPSO can achieve the best Mean on F2, F3, and F9 test functions in the case
of 5-D, while CLPSO-LS get the best Mean on F5 and F10. In the caseof 10-D, AELPSO achieves the best Mean
on the F6 and F10 test functions. Besides, AELPSO can achieve thebest Mean on the test functions of F1, F4,
F7, and F9 in the case of 15-D. In the case of 20-D, AELPSO can getthe best Mean on �ve test functions (F2, F4,
F6, F8, and F10), and DSPSO can get the best Mean on three test functions (F1, F5, and F7). In the case of 50-D,
AELPSO ranks �rst in �nding the best mean for �ve test functions ( F1, F4, F6, F8, and F10). In the case of 100-D,
AELPSO can get the best Mean on the test functions of F4, F5, F7,F9, and F10. It is worth mentioning that with
the increase of dimensions, AELPSO's performance improves, indicating that AELPSO has certain advantages in
solving multimodal problems. It is worth mentioning that with the incre ase of dimensions, AELPSO's performance
improves. This improvement in higher dimensions can be linked to AELPSO's ability to maintain diversity in
the population, preventing premature convergence and enabling itto navigate through complex, high-dimensional
search spaces more e�ectively than other algorithms.

(3) CEC2022: The results in Table6 and Table F6 in the supplementary material show that AELPSO ranks �rst
overall in CEC2022. In the case of 10-D, AELPSO can get the best Mean on the test functions of F1, F2, F3, F5, and
F9, and 11 algorithms can get the same best Mean on F9. Also, CLPSO-LS, DSPSO, HCLDMSPSO, and MFCPSO
can �nd the best Mean on �ve test functions (F6, F7, F9, F10, and F12), three test functions (F8, F9, and F11), two
test functions (F9 and F12), and two test functions (F4 and F9), respectively. In the case of 20-D, AELPSO can
o�er the best Mean on the F1, F3, F5, F7, F8, F9, and F11 test functions. Besides, CLPSO-LS performs best on F2,
F6, F10, and F12. Although CLPSO-LS outperforms AELPSO in �ndin g the best Mean in some test functions, the
ranking gap between CLPSO-LS and AELPSO is not signi�cant. In addition, the performance of AELPSO on the
12 test functions gradually improves with the increases in dimensions. This trend further underscores AELPSO's
strength in handling higher-dimensional problems, due to its e�cient learning mechanism and ability to adapt to
varying problem complexities.

To more clearly represent the performance di�erences of all algorithms, we plot of the number of times obtaining
the best Mean in all test functions in all dimensions of CEC2015, CEC2020, and CEC2022, including 112 tests, as
shown in Figure 4. AELPSO can �nd the best Mean 51 times, signi�cantly surpassing other peer algorithms.

The increasingly outstanding performance of AELPSO in CEC2015, CEC2020, and CEC2022 test functions in
larger dimensions e�ectively con�rms the strong global search ability. It is more suitable for expensive optimization
problems with high complexity, which also bene�ts from the advantages of the Cross- and All-strategies of the global
search. This point is also veri�ed in the optimization of the expensive problem of mechanical structures. Similarly,
AELPSO shows reduced advantage in 5D/10D problems due to its sophisticated adaptive mechanisms and parallel
subpopulation strategy being overly complex for simpler search spaces.

4.3 Statistical results of solutions

(1) Wilcoxon Signed-rank test Results: In this section, the non-parametric test Wilcoxon signed-rank with the level
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Table 3 Optimization results in the CEC2015-30D. The best Mean resu lt for each function is in bold.

Algorithm
F1 F2 F3

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 6.92E+10 8.03E+09 11 + 1.84E � 04 1.41E � 04 1 � 4.40E+01 1.53E+00 11 +
DSPSO 1.18E+10 2.49E+09 5 + 6.09E+04 6.73E+03 2 � 3.10E+01 2.10E+00 1 =
FMPSO 5.53E+09 1.21E+09 3 + 9.98E+04 3.45E+04 7 = 3.27E+01 2. 47E+00 3 +

HCLDMSPSO 3.12E+10 4.61E+09 7 + 1.33E+05 2.07E+04 11 + 3.84E +01 1.27E+00 6 +
MFCPSO 3.28E+10 3.92E+09 8 + 6.68E+04 3.77E+03 4 � 3.84E+01 1.84E+00 6 +
TAPSO 5.49E+09 9.41E+08 2 + 8.72E+04 8.10E+03 5 = 3.34E+01 1. 74E+00 4 +
GLPSO 1.32E+10 2.85E+09 6 + 1.11E+05 2.14E+04 8 + 3.84E+01 3. 16E+00 6 +

ADFPSO 3.39E+10 2.65E+09 9 + 6.51E+04 6.84E+03 3 � 3.99E+01 2.06E+00 8 +
EAPSO 7.26E+09 1.46E+09 4 + 1.22E+05 3.10E+04 9 + 3.37E+01 2. 14E+00 5 +

ADE 5.24E+10 7.03E+09 10 + 1.27E+05 1.80E+04 10 + 4.09E+01 1. 33E+00 9 +
AELPSO 3.69E+09 1.29E+09 1 8.81E+04 1.93E+04 6 3.11E+01 2.19E+00 2

F4 F5 F6
Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 7.90E+03 2.70E+02 8 + 4.34E+00 5.35E � 01 7 = 6.93E+00 6.04E � 01 11 +
DSPSO 7.33E+03 2.90E+02 5 + 4.38E+00 4.46E � 01 8 = 2.50E+00 2.83E � 01 5 +
FMPSO 8.20E+03 3.81E+02 11 + 4.23E+00 6.71E � 01 6 = 1.03E+00 1.41E � 01 2 +

HCLDMSPSO 7.74E+03 3.49E+02 7 + 3.69E+00 9.92E � 01 1 = 4.29E+00 1.77E � 01 8 +
MFCPSO 7.96E+03 1.81E+02 9 + 4.73E+00 4.73E � 01 10 + 4.23E+00 2.48E � 01 7 +
TAPSO 6.44E+03 4.03E+02 2 + 4.03E+00 3.71E � 01 2 = 1.19E+00 2.35E � 01 3 +
GLPSO 8.17E+03 3.59E+02 10 + 4.82E+00 8.04E � 01 11 + 2.75E+00 4.50E � 01 6 +

ADFPSO 7.67E+03 4.42E+02 6 + 4.46E+00 4.27E � 01 9 + 4.44E+00 2.39E � 01 9 +
EAPSO 7.25E+03 4.84E+02 4 + 4.16E+00 5.81E � 01 4 = 1.29E+00 2.55E � 01 4 +

ADE 7.09E+03 3.02E+02 3 + 4.16E+00 6.17E � 01 4 = 5.46E+00 4.91E � 01 10 +
AELPSO 5.85E+03 5.91E+02 1 4.10E+00 6.00E � 01 3 8.50E � 01 1.30E � 01 1

F7 F8 F9
Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 1.68E+02 1.90E+01 11 + 4.56E+07 1.13E+07 11 + 1.39E +01 1.88E � 01 9 +
DSPSO 1.17E+01 2.58E+00 2 + 2.05E+04 1.49E+04 3 + 1.35E+01 2.07E � 01 1 �
FMPSO 1.76E+01 5.68E+00 5 + 4.60E+04 1.02E+05 4 + 1.38E+01 2. 07E � 01 7 +

HCLDMSPSO 6.63E+01 1.33E+01 9 + 1.58E+06 4.14E+05 9 + 1.37E+ 01 1.80E � 01 4 +
MFCPSO 5.44E+01 9.94E+00 8 + 5.69E+05 3.25E+05 7 + 1.37E+01 1 .74E � 01 4 =
TAPSO 1.61E+01 1.82E+00 3 + 1.80E+04 1.70E+04 2 + 1.37E+01 2. 18E � 01 4 =
GLPSO 3.24E+01 5.95E+00 6 + 5.29E+05 5.92E+05 6 + 1.39E+01 1. 95E � 01 9 +

ADFPSO 5.41E+01 1.07E+01 7 + 6.07E+05 3.38E+05 8 + 1.36E+01 1 .07E � 01 2 =
EAPSO 1.70E+01 4.02E+00 4 + 4.63E+04 4.23E+04 5 + 1.38E+01 2. 28E � 01 7 +

ADE 1.24E+02 1.29E+01 10 + 1.64E+07 5.94E+06 10 + 1.39E+01 1. 32E � 01 9 +
AELPSO 9.48E+00 3.55E+00 1 8.13E+03 6.80E+03 1 1.36E+01 2.28E � 01 2

F10 F11 F12
Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 1.47E+08 5.79E+07 11 + 4.58E+02 8.81E+01 11 + 1.48E +04 2.28E+04 11 +
DSPSO 2.00E+07 7.91E+06 4 + 9.08E+01 2.10E+01 4 + 8.28E+02 2.03E+02 1 =
FMPSO 1.42E+07 1.38E+07 1 = 7.29E+01 2.16E+01 2 = 1.29E+03 1.68E+02 6 +

HCLDMSPSO 2.92E+07 6.77E+06 6 + 1.83E+02 2.07E+01 9 + 1.34E+ 03 2.26E+02 7 +
MFCPSO 3.96E+07 6.46E+06 9 + 1.55E+02 2.10E+01 7 + 9.56E+02 2 .00E+02 3 =
TAPSO 2.03E+07 7.44E+06 5 + 1.24E+02 3.92E+01 5 + 1.42E+03 1. 56E+02 8 +
GLPSO 3.45E+07 1.78E+07 8 + 1.41E+02 5.03E+01 6 + 1.57E+03 2. 73E+02 9 +

ADFPSO 3.44E+07 6.65E+06 7 + 1.64E+02 2.55E+01 8 + 9.99E+02 1 .57E+02 4 =
EAPSO 1.92E+07 9.97E+06 3 = 8.46E+01 4.58E+01 3 + 1.25E+03 3. 11E+02 5 +

ADE 4.61E+07 2.08E+07 10 + 2.96E+02 5.92E+01 10 + 2.25E+03 4. 34E+02 10 +
AELPSO 1.43E+07 9.52E+06 2 5.89E+01 3.33E+01 1 8.86E+02 2.45E+02 2

F13 F14 F15
Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 1.68E+03 3.36E+02 11 + 5.82E+02 8.14E+01 11 + 1.75E +03 1.05E+02 11 +
DSPSO 4.98E+02 2.19E+01 4 + 2.82E+02 7.81E+00 3 = 1.18E+03 1. 06E+02 5 +
FMPSO 4.38E+02 3.20E+01 2 = 2.77E+02 1.71E+01 1 = 1.09E+03 8.35E+01 2 =

HCLDMSPSO 6.48E+02 4.40E+01 7 + 3.34E+02 3.68E+01 8 + 1.30E+ 03 3.78E+01 7 +
MFCPSO 7.03E+02 5.34E+01 9 + 3.41E+02 2.20E+01 9 + 1.37E+03 1 .17E+02 8 +
TAPSO 5.42E+02 3.78E+01 5 + 2.98E+02 1.05E+01 5 + 1.09E+03 5. 71E+01 2 =
GLPSO 6.05E+02 7.11E+01 6 + 3.32E+02 2.42E+01 7 + 1.26E+03 8. 14E+01 6 +

ADFPSO 6.54E+02 1.08E+02 8 + 3.20E+02 1.34E+01 6 + 1.40E+03 1 .13E+02 9 +
EAPSO 4.48E+02 3.28E+01 3 = 2.91E+02 2.66E+01 4 = 1.14E+03 7. 63E+01 4 +

ADE 1.22E+03 2.34E+02 10 + 4.23E+02 3.63E+01 10 + 1.49E+03 5. 51E+01 10 +
AELPSO 4.36E+02 2.39E+01 1 2.80E+02 1.89E+01 2 1.08E+03 7.80E+01 1
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Table 4 Optimization results in the CEC2020-20D. The best Mean resu lt for each function is in bold.

Algorithm F1 F2 F3

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 6.12E � 01 1.63E+00 4 = 4.90E+00 2.33E+00 2 + 2.14E+01 4.23E � 01 3 =

DSPSO 9.57E � 09 2.45E � 10 1 � 2.84E+02 1.63E+02 6 + 2.31E+01 9.02E � 01 6 +

FMPSO 6.80E � 02 6.14E � 02 3 = 5.73E+02 1.51E+02 9 + 3.02E+01 1.14E+01 9 +

HCLDMSPSO 4.79E+03 3.24E+03 11 + 2.82E+02 9.85E+01 5 + 2.93E +01 4.00E+00 8 +

MFCPSO 4.01E+02 5.87E+02 8 + 3.45E+02 9.65E+01 7 + 2.25E+01 7 .38E � 01 4 +

TAPSO 1.89E+03 2.06E+03 10 + 1.53E+02 8.99E+01 4 + 2.85E+01 2 .58E+00 7 +

GLPSO 4.42E+01 9.43E+01 6 + 1.16E+03 2.28E+02 11 + 6.03E+01 1 .24E+01 11 +

ADFPSO 1.96E+02 2.59E+02 7 + 3.61E+02 5.81E+01 8 + 2.26E+01 1 .90E+00 5 +

EAPSO 6.12E � 07 4.12E � 07 4 � 7.07E+02 3.30E+02 10 + 3.42E+01 9.64E+00 10 +

ADE 1.54E+03 2.21E+03 9 + 1.11E+01 2.56E+01 3 + 2.08E+01 2.75E � 01 1 �

AELPSO 1.00E+00 3.04E+00 5 2.88E+00 2.89E+00 1 2.11E+01 4.54E � 01 2

F4 F5 F6

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 4.91E � 01 4.39E � 02 3 = 3.35E+04 1.49E+04 10 + 1.61E+00 4.71E+00 3 =

DSPSO 1.29E+00 3.90E � 01 6 + 6.32E+02 2.57E+02 1 = 1.87E+02 5.94E+01 9 +

FMPSO 1.74E+00 2.43E � 01 9 + 8.82E+03 6.85E+03 8 + 8.08E+01 1.00E+02 7 +

HCLDMSPSO 8.78E � 01 1.23E � 01 5 + 8.74E+03 3.38E+03 7 + 2.50E+01 5.47E+00 5 +

MFCPSO 2.44E+00 1.57E+00 11 + 4.61E+03 1.65E+03 5 + 2.35E+02 4.84E+01 10 +

TAPSO 4.75E � 01 1.12E � 01 2 = 1.70E+04 5.64E+03 9 + 1.28E+00 4.92E � 01 2 +

GLPSO 2.31E+00 7.75E � 01 10 + 3.90E+03 2.79E+03 4 + 1.55E+02 5.32E+01 8 +

ADFPSO 1.53E+00 9.42E � 01 8 + 7.18E+03 3.26E+03 6 + 3.33E+02 6.52E+01 11 +

EAPSO 1.46E+00 5.43E � 01 7 + 6.61E+02 3.42E+02 2 = 4.75E+01 7.01E+01 6 +

ADE 5.90E � 01 1.12E � 01 4 + 1.59E+05 9.84E+04 11 + 7.79E+00 7.43E+00 4 +

AELPSO 4.63E � 01 1.08E � 01 1 8.15E+02 4.46E+02 3 5.76E � 01 5.07E � 01 1

F7 F8 F9

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 2.73E+03 1.42E+03 10 + 9.97E+01 3.59E+00 2 + 3.10E+02 1.40E+02 1 =

DSPSO 1.79E+02 5.22E+01 1 � 1.00E+02 0.00E+00 3 � 4.00E+02 2.40E+00 3 =

FMPSO 3.17E+02 6.57E+02 3 � 1.62E+02 3.34E+02 8 � 4.31E+02 1.15E+01 9 +

HCLDMSPSO 1.60E+03 7.97E+02 9 + 1.00E+02 6.48E � 13 3 + 4.16E+02 3.72E+00 6 +

MFCPSO 4.47E+02 1.91E+02 5 + 1.00E+02 0.00E+00 3 � 4.01E+02 1.32E+00 4 =

TAPSO 1.05E+03 1.13E+03 8 + 1.01E+02 4.95E � 01 7 + 4.30E+02 2.07E+01 8 +

GLPSO 6.59E+02 2.07E+02 7 + 1.73E+02 3.93E+02 9 + 4.79E+02 2. 90E+01 11 +

ADFPSO 6.26E+02 2.55E+02 6 + 1.00E+02 0.00E+00 3 � 4.03E+02 8.58E � 01 5 =

EAPSO 2.46E+02 1.45E+02 2 = 4.88E+02 7.18E+02 11 + 4.46E+02 1 .24E+01 10 +

ADE 1.78E+04 2.50E+04 11 + 3.22E+02 3.37E+02 10 + 4.25E+02 5. 89E+00 7 +

AELPSO 3.25E+02 1.67E+02 4 9.96E+01 2.03E+00 1 3.58E+02 1.17E+02 2

F10

Mean Std. Rank test

CLPSO-LS 4.12E+02 1.53E+00 2 =

DSPSO 4.14E+02 1.20E � 01 3 +

FMPSO 4.16E+02 9.10E+00 8 +

HCLDMSPSO 4.14E+02 3.20E � 02 3 +

MFCPSO 4.14E+02 5.54E � 03 3 +

TAPSO 4.17E+02 1.29E+01 9 +

GLPSO 4.62E+02 3.37E+01 11 +

ADFPSO 4.14E+02 7.71E � 03 3 +

EAPSO 4.22E+02 1.86E+01 10 +

ADE 4.15E+02 9.34E+00 7 +

AELPSO 4.10E+02 3.66E+00 1

of signi�cance � = 0 :05 is used to test the signi�cance of the results. As shown in Tables 3{6 mentioned in Subsection
4.2, the Wilcoxon signed-rank test results presented in Tables 3{6 are denoted by \+", \ � ", and \=", indicating
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Table 5 Optimization results in the CEC2020-100D. The best Mean res ult for each function is in bold.

Algorithm F1 F2 F3

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 4.20E+00 2.97E+00 1 � 1.10E+04 4.32E+02 5 = 3.89E+02 2.66E+01 6 =

DSPSO 5.45E+03 4.82E+03 4 + 5.78E+03 1.18E+03 3 � 1.38E+02 5.85E+00 2 �

FMPSO 6.73E+03 1.07E+04 6 + 1.38E+04 1.25E+03 8 + 7.34E+02 1. 84E+02 8 +

HCLDMSPSO 3.60E+04 2.54E+04 10 + 9.49E+03 6.04E+02 4 � 8.35E+01 7.43E+00 1 �

MFCPSO 5.65E+03 6.41E+03 5 + 4.26E+03 5.81E+02 1 � 1.64E+02 1.94E+01 3 �

TAPSO 2.08E+09 1.07E+09 11 + 2.27E+04 3.65E+03 10 + 1.13E+03 1.14E+02 11 +

GLPSO 1.27E+04 1.53E+04 9 + 1.44E+04 1.35E+03 9 + 1.09E+03 1. 48E+02 10 +

ADFPSO 4.19E+03 5.34E+03 3 + 4.98E+03 8.87E+02 2 � 1.65E+02 2.68E+01 4 �

EAPSO 6.83E+03 8.74E+03 7 + 1.26E+04 9.11E+02 7 + 4.19E+02 5. 08E+01 7 +

ADE 1.08E+04 1.29E+04 8 + 2.61E+04 4.11E+02 11 + 9.09E+02 1.8 7E+01 9 +

AELPSO 1.67E+02 3.56E+02 2 1.12E+04 1.46E+03 6 3.80E+02 3.5 6E+01 5

F4 F5 F6

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 5.35E+00 1.77E � 01 2 + 5.30E+06 8.09E+05 9 + 2.21E+03 3.02E+02 6 +

DSPSO 1.18E+01 1.13E+00 5 + 5.63E+04 3.43E+04 3 = 9.97E+02 4. 43E+02 3 �

FMPSO 3.29E+01 1.24E+01 8 + 1.50E+06 1.26E+06 7 + 2.84E+03 4. 54E+02 8 +

HCLDMSPSO 1.07E+01 1.26E+00 3 + 2.58E+06 1.14E+06 8 + 1.03E+ 03 2.70E+02 4 �

MFCPSO 1.26E+01 9.45E � 01 6 + 9.82E+05 3.15E+05 6 + 8.26E+02 2.06E+02 2 �

TAPSO 9.21E+01 1.76E+01 11 + 7.01E+06 3.10E+06 10 + 5.21E+03 1.37E+03 10 +

GLPSO 7.87E+01 1.82E+01 10 + 3.73E+05 1.91E+05 4 + 2.82E+03 5 .29E+02 7 +

ADFPSO 1.10E+01 1.50E+00 4 + 8.67E+05 2.54E+05 5 + 7.47E+02 1.76E+02 1 �

EAPSO 2.27E+01 5.92E+00 7 + 5.37E+04 3.39E+03 2 = 2.84E+03 5. 11E+02 9 +

ADE 4.50E+01 1.28E+00 9 + 6.45E+07 8.05E+06 11 + 7.21E+03 4.5 4E+02 11 +

AELPSO 2.80E+00 4.64E � 01 1 5.04E+04 1.91E+04 1 1.33E+03 3.87E+02 5

F7 F8 F9

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 3.07E+06 7.44E+05 9 + 1.17E+04 5.29E+02 6 + 1.24E+0 3 1.37E+01 7 +

DSPSO 4.78E+04 3.00E+04 3 + 3.26E+02 1.24E+03 3 � 1.23E+03 3.52E+01 6 +

FMPSO 1.36E+06 1.07E+06 8 + 1.47E+04 1.53E+03 8 + 1.31E+03 4. 74E+01 8 +

HCLDMSPSO 1.17E+06 3.42E+05 7 + 9.95E+03 5.33E+02 5 + 1.12E+ 03 9.01E+01 1 =

MFCPSO 6.38E+05 1.64E+05 6 + 3.20E+02 1.20E+03 2 � 1.20E+03 1.02E+01 4 +

TAPSO 5.75E+06 3.06E+06 10 + 2.43E+04 3.62E+03 10 + 1.44E+03 1.99E+02 9 +

GLPSO 2.40E+05 1.35E+05 4 + 1.63E+04 1.59E+03 9 + 2.08E+03 2. 57E+02 11 +

ADFPSO 5.59E+05 1.32E+05 5 + 1.00E+02 0.00E+00 1 � 1.21E+03 1.25E+01 5 +

EAPSO 2.48E+04 2.40E+03 2 + 1.35E+04 1.26E+03 7 + 1.17E+03 5. 00E+01 3 +

ADE 2.39E+07 4.71E+06 11 + 2.71E+04 4.90E+02 11 + 1.58E+03 2. 09E+01 10 +

AELPSO 2.03E+04 8.33E+03 1 6.47E+03 6.56E+03 4 1.12E+03 4.55E+01 1

F10

Mean Std. Rank test

CLPSO-LS 7.03E+02 3.04E+01 2 +

DSPSO 9.74E+02 4.63E+01 10 +

FMPSO 7.14E+02 7.91E+01 4 +

HCLDMSPSO 7.21E+02 4.91E+01 5 +

MFCPSO 7.39E+02 3.77E+01 8 +

TAPSO 1.10E+03 8.61E+01 11 +

GLPSO 7.85E+02 5.90E+01 9 +

ADFPSO 7.30E+02 4.48E+01 6 +

EAPSO 7.10E+02 3.33E+01 3 +

ADE 7.35E+02 3.06E+01 7 +

AELPSO 6.31E+02 3.97E+01 1

that AELPSO is signi�cantly better than, worse than, and almost th e same as the peer algorithms, respectively. In
addition, all statistical results of the Wilcoxon signed-rank test are listed in Table 7. The comprehensive performance
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Table 6 Optimization results in the CEC2022-20D. The best Mean resu lt for each function is in bold.

Algorithm F1 F2 F3

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 8.64E � 01 4.17E � 14 11 = 1.86E+01 8.17E+01 1 � 9.33E � 09 1.13E � 19 6 +

DSPSO 8.80E � 09 5.66E � 19 3 + 5.00E+01 1.54E+01 9 + 9.56E � 09 5.44E � 19 7 +

FMPSO 8.33E � 09 7.43E � 10 2 + 5.01E+01 7.18E+00 10 + 2.22E � 02 4.43E � 02 10 +

HCLDMSPSO 8.82E � 09 7.24E � 19 4 + 4.74E+01 3.09E+00 7 + 7.40E � 04 3.00E � 07 9 +

MFCPSO 8.98E � 09 1.10E � 09 6 + 4.73E+01 2.11E+00 6 + 9.24E � 09 5.17E � 10 5 +

TAPSO 1.22E � 01 5.19E � 01 10 = 5.07E+01 6.30E+00 11 + 4.47E � 05 4.96E � 05 8 +

GLPSO 9.44E � 09 1.76E � 19 8 + 3.91E+01 3.71E+02 4 = 5.79E+00 3.31E+01 11 +

ADFPSO 8.83E � 09 3.39E � 10 5 + 4.57E+01 1.70E+00 5 + 8.38E � 09 9.16E � 10 3 +

EAPSO 9.14E � 09 6.05E � 19 7 + 3.72E+01 4.38E+02 3 = 5.40E � 09 1.23E � 17 2 +

ADE 9.02E � 02 8.23E � 02 9 + 4.91E+01 8.57E � 14 8 + 9.06E � 09 9.11E � 10 4 +

AELPSO 4.17E � 14 6.54E � 28 1 3.14E+01 4.96E+02 2 3.41E � 14 2.81E � 27 1

F4 F5 F6

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 2.97E+01 3.07E+01 6 = 2.58E+00 8.75E � 01 9 + 5.79E+01 1.59E+03 1 �

DSPSO 7.23E+00 3.96E+00 3 � 9.54E � 09 2.36E � 19 4 + 7.14E+02 2.30E+06 4 +

FMPSO 2.85E+01 6.27E+00 5 = 2.13E+00 4.06E+00 8 + 1.32E+04 8. 58E+03 9 +

HCLDMSPSO 1.03E+01 1.90E+00 4 � 9.32E � 08 7.75E � 14 5 = 2.33E+04 8.99E+02 10 +

MFCPSO 5.98E+00 1.14E+00 2 � 9.25E � 09 1.05E � 09 3 + 6.38E+02 1.18E+03 3 +

TAPSO 4.83E+01 2.24E+01 9 + 7.07E � 01 7.13E � 01 7 + 3.03E+03 3.21E+03 7 +

GLPSO 5.84E+01 4.51E+02 10 + 3.25E+02 9.18E+04 11 + 1.34E+03 3.89E+06 5 +

ADFPSO 3.99E+00 1.61E+00 1 � 8.99E � 09 1.35E � 09 2 + 2.12E+03 1.37E+03 6 +

EAPSO 4.31E+01 1.54E+02 8 + 1.74E+01 8.72E+03 10 = 7.70E+03 3 .38E+07 8 +

ADE 6.05E+01 1.16E+01 11 + 4.27E � 04 2.34E � 03 6 = 2.65E+04 2.08E+04 11 +

AELPSO 3.07E+01 5.15E+01 7 1.10E � 13 4.00E � 27 1 1.47E+02 1.63E+04 2

F7 F8 F9

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 2.22E+01 6.26E+00 4 + 2.20E+01 1.63E � 02 5 + 1.81E+02 1.67E � 05 2 =

DSPSO 2.18E+01 1.43E+01 3 + 2.52E+01 4.60E+02 7 = 1.81E+02 3. 62E � 02 2 =

FMPSO 3.33E+01 9.33E+00 8 + 2.13E+01 3.15E � 01 2 + 1.81E+02 4.83E � 04 2 =

HCLDMSPSO 2.79E+01 1.78E+02 7 + 2.16E+01 3.86E � 01 4 + 1.81E+02 4.07E � 16 2 =

MFCPSO 2.03E+01 3.46E+00 2 + 2.86E+01 2.05E+00 9 + 1.81E+02 8 .67E � 14 2 =

TAPSO 4.10E+01 1.17E+01 9 + 2.64E+01 4.00E+00 8 + 1.81E+02 5. 84E � 10 2 =

GLPSO 6.64E+01 9.48E+02 11 + 4.25E+01 2.00E+03 11 + 1.81E+02 6.88E � 23 2 =

ADFPSO 2.30E+01 1.02E+00 5 + 3.34E+01 2.10E+01 10 + 1.81E+02 8.67E � 14 2 =

EAPSO 4.33E+01 2.69E+02 10 + 2.15E+01 6.28E � 01 3 + 1.81E+02 1.15E � 24 2 =

ADE 2.34E+01 2.81E+00 6 + 2.40E+01 4.93E � 01 6 + 1.81E+02 8.67E � 14 2 =

AELPSO 1.57E+01 7.67E+01 1 2.09E+01 2.03E � 01 1 1.78E+02 2.18E+02 1

F10 F11 F12

Mean Std. Rank test Mean Std. Rank test Mean Std. Rank test

CLPSO-LS 1.14E+01 3.23E+02 1 � 2.58E+02 7.44E+03 2 = 2.37E+02 2.37E+02 1 =

DSPSO 1.49E+02 1.18E+04 7 + 3.00E+02 5.35E � 26 4 + 2.68E+02 5.24E+01 10 +

FMPSO 2.13E+02 2.38E+02 8 + 3.50E+02 5.09E+01 10 + 2.55E+02 1 .26E+01 9 +

HCLDMSPSO 1.00E+02 1.47E � 03 5 = 3.87E+02 1.20E+03 11 + 2.41E+02 8.86E � 01 5 =

MFCPSO 2.22E+02 7.90E+01 9 + 3.07E+02 2.54E+01 6 + 2.41E+02 4 .12E+00 5 =

TAPSO 9.28E+01 6.04E+01 4 = 3.10E+02 3.06E+01 7 + 2.48E+02 8. 80E+00 8 +

GLPSO 7.02E+02 3.00E+05 11 + 3.10E+02 9.31E+02 7 + 3.18E+02 7 .72E+02 11 +

ADFPSO 1.17E+02 5.55E+01 6 + 2.97E+02 6.15E+01 3 + 2.38E+02 3 .45E+00 3 =

EAPSO 5.79E+02 2.89E+05 10 + 3.27E+02 2.02E+03 9 + 2.44E+02 1 .20E+02 7 +

ADE 4.35E+01 5.38E+01 2 � 3.00E+02 1.88E � 13 4 + 2.37E+02 2.75E+00 2 =

AELPSO 9.09E+01 8.21E+02 3 2.00E+02 2.07E+04 1 2.39E+02 1.93E+01 4

(CP) is equal to \# +" minus \# � ". As listed in Table 7, AELPSO ranks �rst in most test functions. Speci�cally,
according to CP, AELPSO o�ers more favorable performance thanthe other ten peer algorithms in the 5-D, 10-D,
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Figure 4 (Color online) The number of test functions that obtain the b est Mean of all algorithm test results. AELPSO achieves the h ighest
number of top rankings across all test functions.

Table 7 Wilcoxon signed-rank test results between AELPSO and other peer algorithms in all test functions.

Algorithm
CEC2015 CEC2020 CEC2022

CP Rank
#+ #= # � #+ #= # � #+ #= # �

CLPSO-LS 26 1 3 29 20 9 8 10 6 45 2

DSPSO 20 7 3 26 17 15 15 6 3 40 1

FMPSO 16 14 0 48 7 3 17 7 0 78 7

HCLDMSPSO 29 1 0 41 10 7 14 7 3 74 6

MFCPSO 23 4 3 36 12 10 17 5 2 61 3

TAPSO 18 9 3 52 6 0 17 7 0 84 9

GLPSO 28 2 0 57 1 0 22 2 0 107 10

ADFPSO 23 4 3 37 10 11 17 5 2 61 3

EAPSO 18 11 1 48 6 4 20 4 0 81 8

ADE 25 4 1 38 13 7 16 6 2 69 5

15-D, 20-D, 30-D, 50-D, and 100-D cases. The Wilcoxon signed-rank test results in Figure 5 further con�rm the
statistical signi�cance of AELPSO's performance compared to other algorithms across multiple test functions.

(a) CEC2015: As shown in the Wilcoxon signed-rank test results in Table 3 and Table F1 in the supplementary
material, in the case of 10-D in CEC2015, the performance of AELPSO in �ve test functions, F1, F6, F8, F14,
and F15, is signi�cantly better than other algorithms. In the case of 30-D, test results of AELPSO in seven test
functions (F1, F4, F6, F7, F8, F13, and F15) are all \+", which are signi�cantly better than the other ten peer
algorithms.

(b) CEC2020: From the Wilcoxon signed-rank test results in Tables4 and 5 and Tables F2{F5 in the supplemen-
tary material, in the case of 5-D in CEC2020, AELPSO is signi�cantly better than the other ten algorithms. In the
case of 10-D, AELPSO is signi�cantly better than the other nine algorithms on F9 test function except CLPSO-LS
algorithm, which is because AELPSO uses multiple strategies to search and the population diversity is too rich to
converge, so it has no obvious advantage compared with CLPSO-LS. However, with the increase of the dimension
of the subsequent test questions, we �nd that the comprehensive learning strategy in CLPSO-LS could not provide
suitable initial values for the quasi-Newton method within the speci�ed number of �tness function evaluations,
and the quasi-Newton method is very sensitive to the initial values, which ultimately lead to the degradation of
the performance of CLPSO-LS. AELPSO signi�cantly outperformed the other algorithms on the F9 and F2 test
functions in the case of 15-D and 20-D, respectively. In the case of 50-D, AELPSO is signi�cantly better than other
ten algorithms in F1 and F4 test functions. In the case of 100-D, the test results of the other ten algorithms on the
F4, F7, and F10 test functions are all \+" compared with AELPSO, w hich means AELPSO is signi�cantly better
than other algorithms. It is worth mentioning that the performanc e of AELPSO is getting better and better as the
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Figure 5 (Color online) Wilcoxon signed-rank test results between A ELPSO and other algorithms in (a) CEC2015, (b) CEC2020, (c) C EC2022.

Table 8 Friedman-test of Means in the 37 test functions. The top-ran ked entry in each column is in bold.

Overall
Algorithm Ranking

CEC2015 CEC2020 CEC2022

rank Algorithm Ranking Algorithm Ranking Algorithm Ranking

1 AELPSO 2.27 AELPSO 2.35 AELPSO 2.15 AELPSO 2.48

2 DSPSO 4.69 TAPSO 3.65 CLPSO-LS 3.9 CLPSO-LS 4.81

3 CLPSO-LS 5.57 EAPSO 4.3 DSPSO 4.42 ADFPSO 4.94

4 TAPSO 6.01 FMPSO 4.37 MFCPSO 6.26 MFCPSO 5.4

5 ADFPSO 6.21 DSPSO 4.53 ADFPSO 6.3 DSPSO 5.56

6 EAPSO 6.29 ADFPSO 7.03 ADE 6.35 ADE 5.58

7 MFCPSO 6.31 HCLDMSPSO 7.08 HCLDMSPSO 6.61 HCLDMSPSO 6.48

8 FMPSO 6.63 MFCPSO 7.15 TAPSO 6.67 EAPSO 6.9

9 ADE 6.77 GLPSO 7.62 EAPSO 7.06 TAPSO 7.35

10 HCLDMSPSO 7.69 ADE 8.52 FMPSO 7.43 FMPSO 7.52

11 GLPSO 8.56 CLPSO-LS 9.4 GLPSO 8.87 GLPSO 8.98

dimensions increase.
(c) CEC2022: As shown in the Wilcoxon signed-rank test results in Table 6 and Table F6 in the supplementary

material, in the case of 10-D in CEC2022, AELPSO has signi�cantly outperformed the other ten algorithms. In
the case of 20-D, AELPSO signi�cantly outperforms the other ten algorithms on the F3 and F7 test functions.

Table 7 shows that all CPs are positive numbers, indicating that AELPSO generally has signi�cant advantages
over all algorithms in all test functions.

(2) Friedman-test results: In this part, a Friedman-test of Mean values is used to compare the overall performance
among all 11 competitors. Furthermore, we also carried out separate tests in the 5-D, 10-D, 15-D, 20-D, 30-D, 50-D,
and 100-D cases. The results are listed in Table8, where each algorithm and its rankings are listed in ascending
order (the lower, the better). From the results, we can see thatAELPSO ranks �rst with a best rank of 2.27,
consistent with the Wilcoxon signed-rank test results listed in Table 8. To better visualize the ranking results, we
plot a �gure as shown in Figure 6, which clearly demonstrates the superior performance of AELPSO. In addition,
AELPSO achieves the most favorable results in all three test sets.Due to the space limitation, more detailed results
of the Friedman-test can be found in Table F7 in the supplementary material.

4.4 Final rank of all peer algorithms

To evaluate the overall performance of all peer algorithms and givethem a �nal rank (FR), we evaluate the �nal
performance of the nine algorithms according to the CEC2015 [54], CEC2020 [55], and CEC2022 [56] test documents.
Three scoring methods are provided below.

(1) CEC2015. Mean and median values for each algorithm, computedover 15 problems in both 10 and 30
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Figure 6 (Color online) Friedman-test ranking in all test functions . AELPSO achieves the best average performance across all te st functions.

dimensions, will be aggregated to form the �nal rank (FR):

F R =
15X

1

mean(f a)jD =10 +
15X

1

mean(f a)jD =30

+
15X

1

median(f a )jD =10 +
15X

1

median(f a)jD =30 ;

(25)

where fa gives the averaged best function objective value for runs at MaxFES and half MaxFES.
(2) CEC2020. FR is composed of a 50% weighted sum of the normalizederror values across all dimensions and

a 50% weighted sum of the ranking results for each question within each dimension:

FR =
�

1 �
SNE � SNEmin

SNE

�
� 50 +

�
1 �

SR� SRmin

SR

�
� 50; (26)

where SNEmin is the minimal sum of normalized errors among all algorithms, and SRmin is the minimal sum of
ranks among all algorithms.

(3) CEC2022. The method is based on the Wilcoxon rank-sum test, also known as the Mann-Whitney U-test, and
the observation that runs can be ranked from best to worst whenthey terminate upon reaching either the minimum
error value (10� 8) or MaxFES. Suppose we have multiple runs from various algorithms optimizing di�erent functions.
To determine the �nal rank of an algorithm for a speci�c function, w e rank all the runs from best to worst. The
number of runs is 30, and the number of algorithms varies. Assign the highest rank to the best run. Resolve ties
by assigning average ranks to identical runs. Once the runs have been ranked, each algorithm's score for a speci�c
function is calculated as the sum of its ranks minus a correction term, which is half of the product of the number
of runs and one more than that number. An algorithm's �nal rank is t he sum of its scores across all functions.

The speci�c scoring ranking methods and formulas are shown in the supplementary materials. Among them,
the lower the score of CEC2015, the higher the ranking, and the higher the score of CEC2020 and CEC2022, the
higher the ranking. It can be observed from Table9 that AELPSO ranks �rst in all three test sets, indicating that
AELPSO has the best comprehensive performance. The scores are 2.20E+10, 100, and 1.69E+05, respectively.
Due to the space limitation, more detailed results of the FR can be found in Tables F8{F10 in the supplementary
material.

4.5 Convergence speed

The speed at which a global optimum is obtained is also an essential criterion. This section conducts experiments
in the 20-D, 30-D, and 100-D cases to compare the process. The convergence graphs of the four classes of functions,
namely unimodal, basic multimodal, hybrid, and composition functions, are shown in Figures7{ 10, respectively.
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Table 9 Final rank of all peer algorithms. The top-ranked entry in ea ch column is in bold.

CEC2015 CEC2020 CEC2022

Ranking Algorithm FR Ranking Algorithm FR Ranking Algorith m FR

1 AELPSO 2.20E+10 1 AELPSO 100 1 AELPSO 1.69E+05

2 TAPSO 2.42E+10 2 DSPSO 66.98 2 ADFPSO 1.32E+05

3 EAPSO 2.83E+10 3 ADFPSO 65.7 3 MFCPSO 1.24E+05

4 FMPSO 3.74E+10 4 MFCPSO 63.87 4 CLPSO-LS 1.19E+05

5 DSPSO 4.91E+10 5 CLPSO-LS 59.2 5 DSPSO 1.14E+05

6 GLPSO 5.50E+10 6 HCLDMSPSO 55.12 6 ADE 1.09E+05

7 ADE 5.80E+10 7 EAPSO 52.04 7 HCLDMSPSO 9.93E+04

8 MFCPSO 9.18E+10 8 FMPSO 43.39 8 EAPSO 9.61E+04

9 ADFPSO 9.58E+10 9 GLPSO 36.51 9 TAPSO 8.60E+04

10 HCLDMSPSO 9.81E+10 10 TAPSO 36.27 10 FMPSO 8.56E+04

11 CLPSO-LS 1.61E+11 11 ADE 29.31 11 GLPSO 5.45E+04

Figure 7 (Color online) Comparison results of convergence characte ristics in CEC2015-30D.

Figure 7 shows that AELPSO can always �nd better solutions in eight out of 15 test functions in the case of 30-D
in CEC2015. Although AELPSO exhibits a slower convergence rate than TAPSO during the exploration stage, its
convergence speed outperforms other algorithms signi�cantly, thanks to the inclusion of the AEL. The AEL enables
the elite particles chosen from all sub-swarms to possess a more diversi�ed search approach, and the number of
them gradually rises as the population transitions from the exploration stage to the exploitation stage, signi�cantly
bolstering the local search of AELPSO.

Figure 8 shows that AELPSO performs the best in �ve out of ten functions, including F2, F4, F6, F8, and F10,
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Figure 8 (Color online) Comparison results of convergence characte ristics in CEC2020-20D.

in the case of 20-D in CEC2020. In addition, Figure9 shows that AELPSO has an obvious rapid convergence e�ect
on three functions (F3, F8, and F9) in the case of 100-D in CEC2020, and AELPSO shows competition results in
F2 and F5.

As shown in Figure10, AELPSO performs best in seven (F1, F3, F5, F7, F8, F9, and F11)out of 12 test functions
in the case of 20-D in CEC2022. Although AELPSO does not have the highest convergence speed in all functions,
it is not at a disadvantage. This indirectly proves that AELPSO has a strong ability in the later exploitation stage
and can continue to �nd better values.

4.6 Complexity analysis

The time complexity of AELPSO is O(0:9MD +0 :1MD2), where M represents the population size, andD represents
the problem's dimensionality. The Ortho-strategy has a time complexity of O(MD2), and the number of particles
executing this strategy is only one-tenth of the entire population. This design allows AELPSO to maintain a balance
between computational e�ciency and the ability to escape local optima, as particles under the Ortho-strategy can
interact with and learn from particles governed by other strategies, enhancing global search capabilities without
excessive time consumption. When the problem's dimensionality is smaller than or equal to 10, the complexity
of AELPSO is equivalent to that of the canonical PSO. From Table D4 in the supplementary material, it can be
observed that the computation time of the Ortho-strategy increases signi�cantly with the growth of dimensionality.
In contrast, the time growth for the other strategies is more gradual. An experiment is conducted to compare the
run time of the 11 algorithms. The results listed in Table 10 show that AELPSO achieves the overall rank of four in
complexity. Combining the best performance indicated by mean results and FR, it is found that the Ortho-strategy
in generating better exemplars causes extra time consumption. However, the appropriate parameter adjustment
and elite learning method help AELPSO gain a relatively fast convergence speed, as demonstrated in Figures7{ 10.
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Figure 9 (Color online) Comparison results of convergence characte ristics in CEC2020-100D.

4.7 Comparison of real application

In this section, two real applications, namely, the optical structure and mechanical structure optimizations, are
used to test the performance of AELPSO. These problems are typically expensive optimization problems in which a
�tness evaluation consumes signi�cant time using the numerical calculation-based method, such as the �nite element
method (FEM). The initial populations for each algorithm are kept th e same, and each algorithm is executed only
once because of the excessive computing cost.

(1) Optical structure optimization. The problem of optical struct ure optimization is a 6-dimensional real-world
problem [61]. As presented in Figure11, the optical cavity consists of mirror 1 (�xed mirror), an air layer, and
mirror 2 (movable mirror). The displacement of mirror 2 modi�es the c avity length of the optical cavity, thereby
inducing corresponding alterations in the optical intensity-displacement response curve. The mirrors are composed
of optical thin-�lm layers and substrates. Given the stable refractive index and ready availability of SiO2 wafers, we
chose SiO2 as the substrate material for both mirrors. The material and thickness of the optical �lm and substrate
exert a signi�cant in
uence on the optical intensity-displacement r esponse. Thus, we consider these parameters as
optimization variables. Consequently, the optical structure optimization problem can be abstracted as a minimized
multimodal optimization problem with six parameters to be optimized:

8
>>>>>>>><

>>>>>>>>:

1 6 X 1 6 5;

1 6 X 2 6 26;

0:0016 X 3 6 0:1;

1 6 X 4 6 5;

1 6 X 5 6 26;

0:5 6 X 6 6 2;

(27)

where X1, X3, X4, and X6 represent the thickness of the SiO2 protective layer, �xed mirror, SiO 2 substrate, and
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Figure 10 (Color online) Comparison results of convergence characte ristics in CEC2022-20D.

movable mirror, which are continuous variables with units of micron (� m); X2 and X5 represent the refractive index
of �xed and movable mirrors, which are discrete variables, representing the refractive index of 26 di�erent mirror
materials. In summary, the �tness function of optical structure f is de�ned as

min f (X 1; X 2; X 3; X 4; X 5; X 6)

=

( �
�max f L 1; L 2g � �

2

�
� ; if �t value > 0:95;

a; else;

(28)

�t value =
C
2

+
I max

2
; (29)

C =
I max � I min

I max + I min
; (30)

whereL1 and L2 are the displacement values corresponding to the monotonically increasing and decreasing intervals
in the response curve,a is a larger constant designed to remove parameters that do not meet the contrast conditions,
Imax and Imin are the normalized light intensity, C is the contrast, and � is the period of the response curve. The
purpose of this �tness function is to evaluate the quality of the response of the optical cavity and to �nd the
structure with high symmetry and high contrast.

In practical applications, the optical structure optimization prob lem not only involves searching a high-dimensional
parameter space but also requires adherence to strict physical constraints. For example, the thickness of the SiO2

protective layer (X 1) must be between 1 and 5� m to ensure mechanical stability and manufacturability. Addition-
ally, the selection of the refractive indices of �xed and movable mirrors (X 2 and X 5) is limited by the availability
of materials, further increasing the complexity of the problem. These constraints render the optimization prob-
lem highly nonlinear and multimodal, demanding robust global search and local optimization capabilities from the
algorithm.



Lu Q B , et al. Sci China Inf Sci March 2026, Vol. 69, Iss. 3, 132103:25

Table 10 Comparison of complexity (C) between AELPSO and other peer a lgorithms.

Overall
Algorithm

CEC2015 CEC2020 CEC2022

rank Ranking Algorithm C Ranking Algorithm C Ranking Algori thm C

1 DSPSO 1 DSPSO 5.98E � 02 1 DSPSO 1.95E+01 1 DSPSO 1.86E+01

2 GLPSO 2 CLPSO-LS 7.00E � 02 2 GLPSO 4.64E+01 2 CLPSO-LS 4.96E+01

3 CLPSO-LS 3 HCLDMSPSO 7.11E � 02 3 AELPSO 5.94E+01 3 GLPSO 6.17E+01

4 AELPSO 4 GLPSO 7.37E � 02 4 CLPSO-LS 6.09E+01 4 AELPSO 6.98E+01

5 HCLDMSPSO 5 AELPSO 7.99E � 02 5 HCLDMSPSO 7.07E+01 5 HCLDMSPSO 7.40E+01

6 TAPSO 6 TAPSO 8.46E � 02 6 TAPSO 9.39E+01 6 EAPSO 9.90E+01

7 EAPSO 7 ADFPSO 1.59E � 01 7 EAPSO 1.48E+02 7 TAPSO 1.11E+02

8 ADE 8 MFCPSO 1.63E � 01 8 ADE 1.52E+02 8 ADE 2.49E+02

9 ADFPSO 9 FMPSO 3.69E � 01 9 ADFPSO 5.40E+02 9 ADFPSO 5.68E+02

10 MFCPSO 10 EAPSO 9.62E � 01 10 MFCPSO 5.42E+02 10 MFCPSO 5.79E+02

11 FMPSO 11 ADE 1.03E+00 11 FMPSO 1.07E+03 11 FMPSO 1.13E+03

Figure 11 (Color online) Diagram illustrating optical structure opt imization. (a) Schematic of the membrane-based optical cav ity along with
its variable parameters; (b) typical response of the light i ntensity versus the displacement of mirror 2 (the panel depi cts the target response of
the optimization).

When conducting the test, each algorithm has a population size of 50, and the �tness function is evaluated 500
times. Each algorithm was run 15 times. The optimization objective is to achieve a symmetrical light intensity-
displacement response with high optical contrast. As shown in Figure 12, it is evident that AELPSO, CLPSO-LS,
and FMPSO outperform other algorithms in terms of symmetry. Table 11 shows that AELPSO ranks �rst in
overall performance based on �tness value, contrast, and symmetry. In addition, AELPSO ranks �rst and second
in contrast and symmetry, respectively. It is found that the computation time of these 11 algorithms is very close.
In summary, AELPSO performs the best in the optical structure problem. AELPSO dynamically balances these
constraints during the search process to ensure the feasibility ofthe optimized results in practical applications.
AELPSO achieves high symmetry (6:98 � 10� 3) and contrast (0:998), outperforming other algorithms. However,
we also acknowledge the trade-o� between solution quality and computational e�ciency, as AELPSO requires a
slightly longer computation time (1 :51� 105 s) compared to some algorithms. This trade-o� is justi�ed in scenarios
where solution quality is prioritized.

(2) Mechanical structure optimization. The mechanical structure optimization problem [62] is a real-world chal-
lenge with 10 dimensions, where the structure in question is the sensitive element of an MEMS gravimeter, as shown
in Figure 13. It consists of a freeform anti-spring and a proof mass. By optimizing the shape of the freeform geom-
etry, as well as the width and compression of the anti-springs, thesensitivity of the structure can be improved. The
shape of the freeform geometry is de�ned by control points. Thus, optimizing the shape of the freeform geometry
is equivalent to optimizing the coordinates of these control points. The freeform geometry is governed by seven
control points, leading to 14 coordinate values. Of these values, six are �xed, while the remaining eight coordinates
need to be optimized. The �tness evaluation relies on FEM, making thisa computationally expensive optimization
problem.

As shown in Table 12, x31, x41, and x51 are the x coordinates of the 3rd, 4th, and 5th control points of the axis
of the anti-springs; y31, y41, y51, y61, and y71 are the y coordinates of the 3rd, 4th, 5th, 6th, and 7th control points
of the axis of the anti-springs, respectively;! i is the width of the anti-springs; B1 is the compression amount of the
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Figure 12 (Color online) The symmetry of the optimization results in 1 1 peer algorithms.

Table 11 Optimization results in optical structure. The top-ranked entry in each column is in bold.

Algorithm Fitness value Symmetry Contrast Time (s) Rank

CLPSO-LS 5.00E � 03 8.36E � 03 0.989 1.58E+05 2

DSPSO 7.83E � 02 3.57E � 02 0.947 1.44E+05 10

FMPSO 5.00E � 03 1.65E � 02 0.990 1.65E+05 3

HCLDMSPSO 1.50E � 02 8.02E � 02 0.983 1.45E+05 9

MFCPSO 5.00E � 03 2.21E � 02 0.968 1.55E+05 5

TAPSO 5.00E � 03 1.67E � 02 0.978 1.49E+05 4

GLPSO 1.50E � 02 1.51E � 02 0.998 1.51E+05 8

ADFPSO 5.00E � 03 2.90E � 02 0.945 1.50E+05 7

EAPSO 5.00E � 03 2.59E � 02 0.997 4.44E+05 6

ADE 2.25E � 01 2.65E � 01 0.972 2.14E+05 11

AELPSO 5.00E � 03 6.98E � 03 0.998 1.51E+05 1

structure of the anti-springs. In summary, the objective function of the mechanical structure f is de�ned as

min f (x31; x41; x51; y31; y41; y51; y61; y71; wi ; B1)

= 1
Z � a�(1 � R 2 ) ; R2 > 0:9; S 6 300;

(31)

where Z is the absolute value of the di�erence of the sensitive axial displacement of the proof mass under the
action of 974{984 Gal gravitational acceleration,R2 is the linear regression determinant of the displacement and
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Figure 13 (Color online) The sensitive unit of MEMS gravimeter based o n freeform geometries, including (a) the proof mass, (b) con necting
rods, (c) F-ASs, and (d) compression mechanisms, with motio n in the y-axis direction.

Table 12 Parameter range of mechanical structure optimization.

Parameter Lower limit ( � m) Upper limit ( � m)

x31 875 4475

x41 4475 8075

x51 8075 11675

y31 6050 13250

y41 6050 13250

y51 6050 13250

y61 6050 13250

y71 6050 13250

w i 30 40

B 1 0 800

gravitational acceleration within the working range, and a is the scale factor.
In practical applications, the mechanical structure optimization problem not only involves searching a high-

dimensional parameter space but also requires adherence to strict physical constraints. For example, the width of
the anti-springs (wi ) must be between 30 and 40� m to ensure mechanical stability and manufacturability. The
coordinates of the control points are limited to speci�c ranges to ensure the geometric feasibility of the freeform anti-
spring design. These constraints re
ect real-world manufacturing limitations and operational requirements. These
constraints, combined with the high-dimensional and nonlinear nature of the problem, make the optimization task
highly complex and multimodal. The algorithm must not only navigate a vast search space but also dynamically
balance multiple competing objectives, such as maximizing sensitivity while maintaining linearity.

When conducting the test, each algorithm has a population size of 50, and the �tness function is evaluated 500
times. Each algorithm was run 4 times. The optimization objective is to maximize the mechanical acceleration
sensitivity, and the constraint is that the linearity should be greater than 0.9. In the tests, we �nd that local
searching methods, such as the quasi-newton method [46], play an essential role in enhancing the performance of
algorithms. Based on this observation, we adjust the sizes of eachsub-swarm in AELPSO. The modi�ed algorithm
sets the ratio of particles executing the CODA multi-strategies to 1:3:4:2.

The ten parameters obtained by mechanical structure optimization and the corresponding sensitivity and linearity
are shown in Table13 and Table F11 in the supplementary materials. Table13 shows that all results have linearity
very close to 1, meeting the constraint. The convergence diagramduring optimization is shown in Figure 14.
Therefore, we focus on the sensitivity. Table13 and Figure 15 show that the modi�ed AELPSO outperforms
other algorithms. At the same time, there is an increase in computation time due to the increased number of
particles executing the Ortho-strategy, which is reasonable based on the NFL theorem [23]. For alignment of
AELPSO's performance with problem characteristics, AELPSO demonstrates strong performance in navigating
the high-dimensional and multimodal search space of the mechanical structure optimization problem. Its ability
to balance exploration and exploitation allows it to avoid local optima and converge to high-quality solutions.
AELPSO achieves the highest sensitivity (14.87� m/Gal) among all tested algorithms, as shown in Table 13.
The algorithm's multi-strategy approach, including the use of the Ortho-strategy, enhances its ability to explore
the complex search space e�ectively. Similarly, due to the time complexity characteristics of the Ortho-strategy,
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Table 13 Optimization results in mechanical structure. The top-ran ked entry in each column is in bold.

Algorithm Fitness value Sensitivity ( � m/Gal) Linearity Time (s) Rank

CLPSO-LS 4.70E � 02 2.02 1.00 5.99E+05 9

DSPSO 2.41E � 02 6.82 1.00 5.49E+05 7

FMPSO 8.39E � 03 11.43 1.00 6.52E+05 2

HCLDMSPSO 2.24E � 02 5.67 1.00 4.82E+05 6

MFCPSO 1.65E � 02 7.71 1.00 4.79E+05 4

TAPSO 1.35E � 02 7.71 1.00 4.24E+05 3

GLPSO 6.39E � 02 1.57 1.00 4.90E+05 11

ADFPSO 6.01E � 02 1.65 1.00 4.79E+05 10

EAPSO 1.68E � 02 5.74 1.00 4.71E+05 5

ADE 4.50E � 02 2.44 1.00 7.91E+05 8

AELPSO 6.85E � 03 14.87 1.00 8.11E+05 1

Figure 14 (Color online) Comparison diagram of convergence of mechan ical structure �tness values. AELPSO achieves the smallest �tness
value.

AELPSO demonstrates signi�cant advantages in �tness-optimal problems but shows relatively weaker performance
in optimizations requiring extremely high time e�ciency.

5 Conclusion

This paper combines the idea of multiple sub-swarms collaboration andinformation sharing within elite particles,
proposing AELPSO that �ts multimodal optimization problems. In the algorithm, CODA strategies are selected
according to the topology and learning exemplars. The complementary strategies are adaptively fused via the AEL,
in which elite particles are selected to execute more strategies to escape local optima, and the elite particle number
is adaptively increased to speed up the convergence. In addition, the �xed elimination and competition methods are
applied to enrich the population diversity, and the nonlinear adaptive method is used to mitigate the impact of the
AEL on population diversity. The theoretical analysis interprets why the AEL can improve population diversity and
reduce local convergence. Experimental results, including 37 benchmark functions and two real-world applications,
further verify the superiority of AELPSO. It outperforms ten up -to-date peer algorithms in accuracy, robustness,
and convergence speed for almost all problems. The newly proposed algorithm opens a pathway for multiple strategy
fusion and achieves excellent performance for multimodal problems. It should be mentioned that the parameters
and selection method of AELPSO are somehow 
exible and can be readily adjusted according to the characteristics
of the optimization problems. This is where AELPSO could be improved or regarded as the embodiment of freedom
for this algorithm and framework. However while AELPSO demonstrates strong optimization performance, its
computational demands for large-scale problems warrant further investigation. Future studies will explore cross-



Lu Q B , et al. Sci China Inf Sci March 2026, Vol. 69, Iss. 3, 132103:29

Figure 15 (Color online) Sensitivity of the optimization results acr oss 11 peer algorithms, each executed with 4 independent run s. AELPSO
achieved the highest sensitivity. (a) Run 1; (b) run 2; (c) ru n 3; (d) run 4.

paradigm hybridization with complementary algorithms and extension to multi-objective optimization frameworks
to enhance its practical applicability.
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