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Abstract: Optimization problems become increasingly complicated in the era of big data and Internet
of Things, which significantly challenges the effectiveness and efficiency of existing optimization
methods. To effectively solve this kind of problems, this paper puts forward a stochastic cognitive
dominance leading particle swarm optimization algorithm (SCDLPSO). Specifically, for each particle,
two personal cognitive best positions are first randomly selected from those of all particles. Then,
only when the cognitive best position of the particle is dominated by at least one of the two selected
ones, this particle is updated by cognitively learning from the better personal positions; otherwise,
this particle is not updated and directly enters the next generation. With this stochastic cognitive
dominance leading mechanism, it is expected that the learning diversity and the learning efficiency of
particles in the proposed optimizer could be promoted, and thus the optimizer is expected to explore
and exploit the solution space properly. At last, extensive experiments are conducted on a widely
acknowledged benchmark problem set with different dimension sizes to evaluate the effectiveness
of the proposed SCDLPSO. Experimental results demonstrate that the devised optimizer achieves
highly competitive or even much better performance than several state-of-the-art PSO variants.

Keywords: stochastic cognitive dominance leading; multimodal problems; particle swarm optimiza-
tion; global optimization; evolutionary algorithm

1. Introduction

Optimization problems widely exist in daily life and real-world engineering, such
as resource allocation optimization [1], path planning optimization [2,3], and robot task
allocation [4]. However, with the advent of Internet of Things and big data, optimization
problems are becoming increasingly complicated [5,6], with many undesirable properties,
such as non-differentiable, discontinuous, non-convex, non-linear and multimodal with
many local areas [7]. In particular, these complex optimization problems tremendously
challenge the effectiveness of traditional gradient descent based methods, or even make
them infeasible [6,8,9]. Therefore, it is urgent to develop effective optimization algorithms
to solve these complex problems, so as to boost the development of related areas.

Recently, heuristic algorithms, such as particle swarm optimization (PSO) [10,11] and
differential evolution (DE) [12,13], have shown very promising performance in solving
optimization problems. Unlike mathematical algorithms [14-17], which only maintain
one solution to iteratively find the global optimum of the optimization problem, heuristic
algorithms mainly maintain a population of feasible solutions to iteratively search the
solution space to find the global optimum of the optimization problem. In particular,
compared with traditional mathematical algorithms [14-17], heuristic algorithms preserve
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many unique advantages. (1) Heuristic algorithms usually have no requirements on
the mathematic properties of the optimization problem, or even can optimize problems
without mathematic models [18]. However, most mathematical algorithms, especially
gradient decedent based optimization methods, usually require that the optimization
problems be continuous, differentiable, and convex. Nevertheless, in the era of big data and
Internet of Things (IoT), optimization problems usually have characteristics such as non-
differentiable, discontinuous, non-convex, non-linear and multimodal [6,19]. Confronted
with these optimization problems, heuristic algorithms such as PSO usually preserve many
advantages over mathematical algorithms. In particular, heuristic algorithms, like PSO,
preserve unique merits in solving NP-hard problems [20,21]. (2) Heuristic algorithms
usually preserve strong global search ability due to the maintenance of a population to
search the solution space. Mathematical algorithms usually maintain only one solution to
iteratively find the global optimum of an optimization problem. In this case, they are at
great risk of falling into local areas, especially when tackling multimodal problems with
many wide and flat local regions, whereas heuristic algorithms could search the solution
space in different directions by maintaining a population of individual solutions. (3)
Heuristic algorithms usually preserve inherent parallelism to accelerate the iteration [18,22].
Specifically, at least, during the optimization, the fitness evaluation of each individual
solution, which is usually the most time-consuming part in heuristic algorithms, could
be separately executed, let alone that some parallel techniques could be designed and
embedded into heuristic algorithms to accelerate the search process. However, most
mathematical algorithms can only be executed sequentially because the current iteration
usually relies on the results of the preceding iteration.

In recent years, PSO has received extensive attention from researchers since it was pro-
posed by Eberhart and Kennedy in 1995 [10,11]. Therefore, many remarkable PSO variants
have emerged [23-27], and PSO has been widely applied to solve various optimization prob-
lems [6,28], such as multimodal optimization [29-32] and multi-objective optimization [27,33].

In the literature of PSO, it is well recognized that the learning strategy of particles plays
a key role in helping PSO achieve promising performance [8,34-37]. As a result, researchers
have focused significant efforts in designing effective learning strategies for PSO to improve
its performance, and thus many remarkable novel learning schemes have emerged, such
as cooperative learning mechanisms [38,39], comprehensive learning strategies [8,40], and
social learning methods [41,42]. In fact, the key to devising effective learning strategies is
to select appropriate guiding exemplars for particles to update. In a broad sense, existing
selection of guiding exemplars can be divided into the following two types.

The most popular way to select guiding exemplars for particles is to employ different
topologies to communicate with other particles to find proper guiding exemplars [43,44].
In the earliest PSO [10,11], Eberhart and Kennedy utilized the global topology with full
connections with all particles to choose the global best position in the whole swarm as one
guiding exemplar to direct the update of particles. However, such a global topology leads
to too greedy attraction, and thus the swarm usually falls into local areas when dealing
with multimodal problems. To alleviate this predicament, researchers have attempted
many other topologies, such as the ring topology [45], the star topology [46], the random
topology [47,48], the wheel topology [46] and the dynamic topology [49]. In the early stage,
researchers mainly employed the topologies on the personal best positions of particles to
select proper exemplars. Since the obsolete historical evolutionary information may also
contain useful information to guide the learning of particles, some researchers have at-
tempted to deploy topologies on the personal best positions and the recorded historical best
positions to find proper exemplars [35,50]. Nevertheless, these topology-based exemplar
selection methods mainly find promising exemplars based on historical positions visited
by particles.

To further improve the learning effectiveness of particles, researchers have sought
new solutions in another direction, namely constructing guiding exemplars for parti-
cles. Unlike the former types of exemplar selection methods, this type of exemplar selec-
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tion method mainly constructs new exemplars, which may not be visited by particles, to
guide the evolution of the swarm. Consequently, many remarkable constructive learning
strategies [8,51-53] have been devised for PSO to tackle complicated optimization prob-
lems. In this direction, the most representative method is the comprehensive learning
PSO (CLPSO) [8], which constructs a guiding exemplar dimension by dimension for each
particle based on the personal best positions of all particles. Inspired by this strategy,
many other constructive approaches have been proposed, such as the orthogonal learning
PSO (OLPSO) [51], which utilizes an orthogonal matrix to find suitable combinations of
dimensions to construct the guiding exemplar for each particle, and the genetic learning
PSO (GLPSO) [53], which adopts the operators in the genetic algorithm to construct the
guiding exemplar for each particle.

Though most existing PSOs have shown promising performance on simple optimiza-
tion problems, such as unimodal problems and simple multimodal problems [22,54], they
are confronted with limitations when tackling complex optimization problems, such as
multimodal problems with many interacted variables and an ocean of wide local regions,
which are increasingly common in the era of big data and IoT. As a result, there is an
increasing demand for effective PSO to solve emerging complicated optimization problems.

Inspired by the competition mechanisms in human society that groups of randomly
assembled individuals spontaneously engage in costly group competition [55], this paper
proposes a stochastic cognitive dominance leading particle swarm optimization algorithm
(SCDLPSO) to improve the learning effectiveness and efficiency of particles when tackling
complicated optimization problems. Instead of the competition between individuals, this
paper employs the competition between the personal best positions of particles to select
guiding exemplars for each updated particle. Specifically, for each particle to be updated,
two different personal best positions are first randomly selected from the ones of the other
particles. Then, the two selected personal best positions compete with the personal best
position of the updated particle. Only when at least one randomly selected personal best
position is better than the one of the particle to be updated, this particle is updated by
cognitively learning from the two better personal best positions (either the two better
randomly selected personal best positions or the better randomly selected one and its own
one); otherwise, it is not updated, and thus directly enters the next generation. In this
way, on the one hand, the swarm diversity could be largely promoted due to the random
selection of the two competing personal best positions and the retention of some particles,
preserving relatively good historical evolutionary information. On the other hand, the
learning effectiveness of particles could also be largely improved because each updated
particle learns from two better personal best positions. As a result, the proposed SCDLPSO
is expected to balance search diversification and intensification well to explore and exploit
the solution space appropriately.

To verify the effectiveness of the proposed SCDLPSO, comparative experiments are
extensively conducted on the widely used CEC 2017 benchmark problem set [56] with
different dimension sizes (namely 30, 50, and 100) by comparing SCDLPSO with seven
state-of-the-art PSO methods.

The rest of this paper is organized as follows. Section 2 reviews the canonical PSO and
the representative and latest PSO variants. Then, in Section 3, the devised SCDLPSO is
elaborated in detail. This is followed in Section 4 by the verification of the effectiveness of
SCDLPSO using extensive experiments. Finally, conclusions are given in Section 5.

2. Related Work
2.1. Canonical PSO

In the classical PSO [10,11], each particle is represented as two vectors, namely the
position vector and the velocity vector. During the evolution, each particle memorizes its
own personal best position found so far, while the whole swarm memorizes the global best
position found so far by all particles. Then, each particle is updated by cognitively learning
from its own search experience, namely the personal best position, and socially learning
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from the search experience of all particles, namely the global best position. Specifically, the
velocity and the position of each particle are updated as follows:

t+1

v, = wol + cy7q (pbestt — xt) + cory(gbest’ — xt) 1)

= ol 4ot )

where x; and v; are the position vector and the velocity vector of the ith particle; pbest; is
the personal best position of the ith particle; gbest is the global best position of the whole
swarm found by all particles; t denotes the generation index; w € [0, 1] is the inertia weight;
r; and 1, are two real random numbers uniformly sampled within [0, 1]; ¢; and ¢, are
two acceleration factors in charge of the influence of the two guiding exemplars on the
updated particle.

In the literature [8,11,57], a linearly decreased w defined as follows is usually adopted
to alleviate the sensitivity of PSO to the inertia weight:

t

max

w=0.9-0.5x (©)]
where t is the number of generations used so far, while T, stands for the maximum
number of generations.

From Equation (1), it is found that in the classical PSO, all particles learn from one
same guiding exemplar, namely the global best position gbest of the whole swarm. As a
result, particles in the swarm converge very quickly to promising areas. However, once
gbest falls into local areas, it is hard for particles to escape from the local basin, and
thus the algorithm encounters premature convergence. Therefore, the classical PSO is
very suitable for unimodal optimization problems, but unaccommodating for multimodal
optimization problems [22,30,43].

2.2. Advancement of Learning Strategies for PSO

As shown in Equation (1), in the literature [8,22,26,45,51,52,58], the learning strategy
used to update the velocity of particles plays the most crucial role in assisting PSO to achieve
promising performance. Therefore, to further improve the optimization performance of
PSO in solving various optimization problems, especially the complicated ones, such as
multimodal problems, researchers have focused extensive attention on devising novel
and effective learning strategies for PSO. As a consequence, an ocean of remarkable PSO
variants have emerged [22,25,27,34,41]. Broadly speaking, existing learning strategies
for PSO can be divided into two main categories, namely the topology-based learning
strategies [43,48,59-61], and constructive learning strategies [8,35,51-53].

The topology-based learning strategies [23,43,45,49,62] mainly utilize different topolo-
gies to interact with particles to find proper guiding exemplars to direct the update of the
associated particle. In fact, the learning strategy in the classical PSO [10,11] described above
is also topology-based, where the topology is the full topology connecting all particles.
However, such a topology leads to too greedy attraction of the second guiding exemplar
in Equation (1), which results in premature convergence of PSO in solving multimodal
problems. To alleviate this predicament, researchers have developed many novel topologies
to find less greedy exemplars to improve the learning diversity of particles. To name a few
representatives, in [45], a ring topology was utilized to organize particles into a ring, and
each particle interacts with its left and right neighbors to select the locally best position
(Ibest) as the guiding exemplar to replace gbest in Equation (1). In addition, the star topol-
ogy [46] and the wheel topology [46] were also utilized to organize particles and select
the best position in the associated topology to replace gbest. In [63], the cellular automata
(CA) with the lattice and the “smart-cell” structures were integrated in PSO to select the
second guiding exemplars for particles to update. In [60], the ring topology along with an
elitist learning strategy was incorporated into PSO to maintain exploration and exploitation
balance to properly search the solution space.
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In the above studies, the adopted topologies are usually fixed during the whole
optimization. This results in insufficient information exchange among particles. To further
improve the learning effectiveness of particles, some researchers have attempted to adopt
dynamic topologies to find promising guiding exemplars for particles. For instance, in [61],
a dynamic-neighborhood-based switching PSO (DNSPSO) was proposed according to
a distance-based dynamic topology along with a novel switching learning strategy to
adaptively select the acceleration coefficients based on the searching state of the swarm.
In this way, the evolutionary information of the swarm could be fully used to update
particles. In [59], Gong and Zhang proposed a small-world network based topology to let
each particle interact with its cohesive neighbors and by chance to communicate with some
distant particles via small-world randomization with probability.

Except for the above researches that use only one topology on the whole swarm, some
researchers have also been devoted to hybridizing different topologies based on subpopula-
tion techniques to further improve the learning diversity of particles. For example, in [64],
a fitness peak clustering (FPC) based dynamic multi-warm PSO with an enhanced learning
strategy (FPCMSPSO) was designed. Specifically, this algorithm uses FPC to divide the
swarm into several sub-swarms, and then evolves each sub-swarm independently based on
the local topology. In [65], a PSO with double learning patterns (PSO-DLP) was developed.
Specifically, this PSO variant adopts two swarms, namely the master swarm and the slave
swarm, and employs two different learning patterns to update particles in the two swarms,
so that a trade-off between the convergence speed and the swarm diversity can be achieved.
In particular, in the slave swarm, a local topology is used to update its particles to ex-
plore the search space, while in the master swarm, a global topology is utilized to exploit
the found promising areas. In [47], a memetic multi-topology particle swarm optimizer
(MMTPSO) was devised by utilizing two different topologies and during the evolution,
this algorithm biases to use the best performing topology to evolve the swarm.

Different from the topology-based learning strategies that select guiding exemplars
from the historical best positions already found by particles, the constructive learning
strategies mainly build new exemplars that may not appear during the evolution based
on the historical best positions [8,35,51,53,66]. Specifically, these methods mainly aim to
recombine dimensions of the historical best positions to try to generate promising guiding
exemplars via some recombination techniques. In this direction, the most representative
method is the comprehensive learning strategy [8], which constructs a new exemplar di-
mension by dimension for each particle based on the personal best positions of all particles.
Since the advent of CLPSO, researchers have proposed many additional techniques to
further improve its optimization ability. For instance, in [40], a local search method was
incorporated into CLPSO, and an adaptive local search starting strategy was further put
forward to adaptively trigger the local search by utilizing the quasi-entropy index. Instead
of adopting fixed comprehensive learning (CL) probabilities in CLPSO, in [35], an adaptive
CLPSO with cooperative archive (ACLPSO-CA) was developed by adaptively adjusting the
CL probability along with a cooperative archive (CA). Specifically, this algorithm divides
the CL probability into three levels and adjusts the CL probability level of each particle
dynamically according to its performance during the evolution. In [66], a multi-leader
CLPSO with adaptive mutation (ML-CLPSO-AM) was developed by incorporating a multi-
leader (ML) strategy and an adaptive mutation (AM) strategy into CLPSO. In the ML
strategy, a set of top-ranked particles form a pool of candidate leaders. During the update
of each particle, a leader is randomly selected from the pool to guide the learning of this
particle. In the AM strategy, the stagnated particles are adaptively mutated to restart their
evolution. In [52], a heterogeneous CLPSO (HCLPSO) was devised by using the personal
best positions of particles to generate guiding exemplars for the subpopulation responsible
for exploration, while adopting the global best positions of the entire swarm to generate
guiding exemplars for the subpopulation responsible for exploitation. In [50], a triple
archives PSO (TAPSO) was designed by maintaining three archives. The first archive is
used to store particles with better fitness, and the second archive is used to record the other
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particles. Then, similarly to CLPSO, this algorithm generates a new exemplar for each
particle dimension by dimension by randomly choosing one particle from the first archive
and one from the second archive based on the ordinary genetic operators. If the constructed
exemplar has excellent performance, it will be saved in the third archive and then reused
by inferior particles.

Although the above CLPSO variants have shown promising performance, the con-
struction of new effective exemplars is inefficient because the recombination of dimension
is thoroughly random. To improve the effectiveness of the recombination, in [51], an orthog-
onal learning PSO (OLPSO) was devised by orthogonal experimental design to discover
useful information that lies in the historical positions found by particles. Specifically, this
algorithm utilizes an orthogonal matrix to find the effective combinations of dimensions to
construct a promising and efficient exemplar for each particle. However, this method is
too resource-consuming because it needs many fitness evaluations in the orthogonal exper-
imental design. To alleviate this issue, in [53], the genetic operators including crossover,
mutation, and selection, were adopted to construct guiding exemplars based on the his-
torical search information of particles. In this way, the generated exemplars are expected
to be not only well diversified, but also of high quality. In [45], a global GLPSO with a
ring topology (GGL-PSOD) was devised. In this PSO variant, the ring topology is used to
breed diversified exemplars based on two directly connected neighbor particles, so that the
exploration ability can be promoted.

Except for the learning strategies, the settings of key parameters in Equation (1) also
play a crucial role in aiding PSO to achieve good performance when tackling optimiza-
tion problems [19,57,67-69]. However, these parameter settings are usually different for
different optimization problems. To alleviate this dilemma, researchers have designed
many adaptive parameter adjustment strategies for PSO [70]. For instance, in [71], an
adaptive PSO was proposed by adaptively adjusting the inertia weight and the acceleration
coefficients. Specifically, a real-time evolutionary state estimation method was designed
to classify the evolutionary states of the swarm into four types, namely exploration, ex-
ploitation, convergence, and jumping out in each generation. Then, the inertia weight
and the acceleration coefficients are dynamically adjusted based on the estimated state.
Taking inspiration from the activation function of neural networks, Liu et al. [57] pro-
posed a sigmoid-function-based weighting strategy for PSO to update the acceleration
coefficients by considering both the distances from the updated particle to gbest and from
the particle to its pbest. In [72], a self-adaptive parameter updating strategy based on
success history information was proposed to automatically adjust the learning parameters
to appropriate values.

Although PSO has been advanced to a large extent as briefly described above since
its advent, its optimization ability is still challenged when confronted with complicated
optimization problems with many interacting variables and wide and flat local areas.
Therefore, how to improve the optimization performance of PSO is still an open issue and
remains a hot and attractive topic in the evolutionary computation community. To this end,
this paper proposes a stochastic cognitive dominance leading particle swarm optimization
(SCDLPSO) to improve the optimization ability of PSO in solving complex optimization
problems, which is elucidated in the next section.

3. Stochastic Cognitive Dominance Leading Particle Swarm Optimization

In human society, groups of randomly assembled individuals usually engage in
costly group competition spontaneously [55]. Likewise, in the swarm of PSO, we can also
randomly assemble particles and let them compete with each other based on their historical
cognitive experience. Inspired by this, we propose a stochastic cognitive dominance
leading particle swarm optimization algorithm (SCDLPSO) in this paper to improve the
optimization ability of PSO in tackling optimization problems.
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3.1. Stochastic Cognitive Dominance Leading Strategy

During the evolution, different particles usually preserve different historical experi-
ences. These cognitive experiences preserve valuable information to guide the evolution
of the swarm. In the classical PSO [10,11], each particle exchanges its own experience
with all the other particles to find the best one to direct its learning. Such an exchange
is too greedy and with low diversity, as all particles learn from the same best position,
namely gbest. To improve the learning diversity and effectiveness of particles, we propose a
stochastic cognitive dominance leading strategy (SCDL) for PSO by imitating the stochastic
competition mechanism in human society [55].

Specifically, given that NP particles are maintained in the swarm, during the evolution,
for each particle to be updated (denoted as x;, i € [1, NP]), we first randomly select two
different personal best positions (denoted by pbest,;1 and pbest,;2) from those of the rest
(NP-1) of the particles. Between the two selected personal best positions, we suppose
f (pbestpﬂ) <f (pbestprz). Then, the two selected best positions compete with the personal
best position of the particle to be updated. Only when at least one of the two selected
personal best positions shows dominance to the one of the particle, this particle is updated;
otherwise, this particle is not updated and directly enters the next generation.

In particular, with the assumption that f(pbest,,;) < f(pbest,,,), in the competition
between the two selected best positions (pbest,,1 and pbest,;>) and the personal best
position (pbest;) of the particle to be updated, three cases may occur: namely, pbest; is
dominated by both of the two selected positions, pbest; is dominated by only one of the
two positions, or pbest; dominates both of the two positions. In the three cases, the velocity
of the associated particle is updated accordingly, as follows:

Case 1:f(pbestpﬂ) < f(pbestprz) < f(pbest,):

vf+1 = wo! + B(r1(pbestyr — x}) + r2(pbestym — x%)) 4)

Case 2: f(pbest,,.;) < f(pbest;) < f(pbest,,):
v:;url = wvf + ﬁ(rl (pbest,,rl - xf) + 7 (PbeSti - xf)) ®)
Case 3: f(pbest;) < f(pbestpﬂ) < f(PbeStprz) :

vf“ =l (6)
where v; is the velocity vector of the ith particle; pbest; is its personal best position; pbest,1
and pbest,,, are the two randomly selected personal best positions; w € [0, 1] is the inertia
weight; 71 and r, are two real random numbers uniformly sampled within [0, 1]; B is
the acceleration parameter controlling the influence of the two guiding exemplars on the
updated particle.

In Case 1, the randomly selected two personal best positions pbest,,1 and pbest,,, are
both superior to the one (pbest;) of the updated particle. In this situation, it is likely that
the historical experience of the associated two particles is more valuable than the one of
the particle to be updated. Therefore, to accelerate the learning efficiency of this particle,
we let it cognitively learn from these two random best positions (pbest,,1 and pbest,,2)
instead of learning from its own historical experience. In this way; it is expected that the
updated particle could approach the promising areas quickly. It should be noticed that
such a fast approach to promising areas is not at the expense of search diversity, because
the two personal best positions are randomly selected from those of all particles.

In Case 2, only one (with the assumption that f(pbest,,;) < f(pbest,,,), itis actually
pbesty,1) of the two selected personal best positions shows dominance to the personal best
position (pbest;) of the particle to be updated. To enhance the probability of finding more
promising areas, we let this particle cognitively learn from the better one (pbest,,1) of the
two selected historical best positions and its own personal best position (pbest;). By this
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means, the updated particle also learns from good historical experience and thus likely
approaches promising areas quickly.

In Case 3, both of the two randomly selected personal best positions are inferior
to the one of the particle to be updated. In this situation, except for its own valuable
experience, no extra useful experience is available for this particle to learn during this
information exchange between the particle and the two particles associated with the two
randomly selected personal best positions. Therefore, this particle is not updated and
directly enters the next generation as shown in Equation (6), where the velocity of the
particle remains unchanged.

On the whole, from the above three cases, we can see that the proposed SCDL strategy
can assist PSO to maintain high search diversity from two perspectives. (1) The random
selection of the two personal best positions allows different particles to learn from different
exemplars. Therefore, the learning diversity of particles can be largely improved, which
is beneficial for the promotion of the swarm diversity. (2) In Case 3, some particles with
promising experience survive. Such an implicit retention mechanism affords great chances
of improving the swarm diversity. Additionally, SCDL can also help PSO achieve fast
convergence, because each updated particle in Case 1 and Case 2 learns from valuable
cognitive experience. Such learning from elite experience offers high possibility for the
updated particles to approach promising areas quickly. Consequently, based on the above
investigation, it is expected that the proposed SCDLPSO can balance the search intensifica-
tion and diversification well to explore and exploit the solution space appropriately to find
high-quality solutions to optimization problems.

3.2. Difference between SCDL and Existing PSO Variants

In fact, the proposed SCDL strategy is a topology-based learning strategy. Specifically,
the topology is a random triad topology connecting each particle to be updated with
two random ones selected from the rest of the particles. Compared with existing studies
adopting random topologies [47,48,59,73], the proposed SCDL distinguishes them from the
following two perspectives:

(1) SCDL lets each particle learn from the best two personal best positions in the asso-
ciated random triad topology. That is to say, the topology affects the selection of
the two guiding exemplars in the velocity update. However, most existing random
topology-based learning strategies [47,48,59,73] let each particle learn from its own
personal best position and the best among the random topologies. In other words, the
random topologies only influence the selection of the second guiding exemplar in the
velocity update.

(2) InCase 3 in the proposed SCDL, some particles with promising historical experience
are not updated and directly enter the next generation. With this retention mechanism,
some promising historical experience is preserved from being attracted to local areas,
which is beneficial for the swarm to escape from local areas. However, in most existing
studies [47,48], all particles are updated, and thus there is no retention mechanism
like Case 3 in SCDL.

Based on these two unique advantages, the proposed SCDL is expected to help PSO
balance the swarm diversity and the convergence speed better to explore and exploit the
solution space.

3.3. Overall Procedure

The overall procedure of the developed SCDLPSO is shown in Algorithm 1. Specif-
ically, after NP particles are randomly initialized and evaluated as shown in Line 1, the
algorithm goes to the main iteration of the evolution. During the update of the swarm
(Lines 3-15), for each particle, two random personal best positions are first selected (Line 4),
and then they compete with the personal best positions of the particle to be updated. With
different competition cases, the particle is updated accordingly, as shown in Lines 9-13.
After the particle is updated, it is reevaluated, and its personal best position is updated
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accordingly (Line 14). The above main iteration proceeds continuously until the maximum
number of fitness evaluations is exhausted. At the end of the algorithm, the global best
position found by the swarm is obtained as the final output (Line 17).

Algorithm 1 The pseudocode of SCDLPSO

Input: swarm size NP, maximum number of fitness evaluations FEmax

Initialize NP particles randomly and calculate their fitness, and set fes = NP;
While (fes < FEmax) do
Fori=1:NP do
Select two different exemplars randomly from the personal best positions of
all particles: pbesty,1, pbestyr;
If (f(pbestyrz) < f(pbesty1)) then
Swap pr2 and prl;
End If
Compute the inertia weight w according to Equation (3);
9:  If (F(pbestyn) < f(pbestyra) < f(pbest;)) then
10: Update the particle according to Equation (4) and Equation (2);
11:  Else If (f(pbestyr1) < f(pbest;) < f(pbestyr2)) then
12: Update the particle according to Equation (5) and Equation (2);
13:  End If
14:  Calculate the fitness of the updated particle: f(x;), update its pbest; and fes +=1;
15: End For
16:  End While
17:  Obtain the global best solution gbest and its fitness f(gbest);
Output: f(gbest) and gbest

From Algorithm 1, it is found that at each generation, except for the fitness evaluation
time, it takes O (NP) to select random personal best positions for all particles, and O (NP)
to compete the selected personal best positions with the ones of the associated particles.
Then, it takes O (NP * D) to update all particles. On the whole, it is found that the overall
time complexity of SCDLPSO is O(NP * D). As for the space complexity, the same with the
classical PSO, SCDLPSO needs O (NP * D), O (NP * D) and O (NP * D) to store the velocity,
the positions and the personal best positions of all particles, respectively.

In conclusion, we can see that the proposed SCDLPSO remains as efficient as the
classical PSO in terms of both the time complexity and the space occupation.

4. Experiments

In this section, extensive experiments are carried out to verify the effectiveness of
the proposed SCDLPSO on the widely used CEC 2017 benchmark problem set [56]. In
particular, this benchmark set contains 29 optimization problems with four types, namely
unimodal problems (F1 and F3), simple multimodal problems (F4-F10), hybrid problems
(F11-F20) and composition problems (F21-F30). The latter two types of problems are much
more difficult to optimize than the former two. For more detailed information about this
benchmark set, please refer to [56].

4.1. Experimental Setup

First, to comprehensively verify the performance of SCDLPSO, we compare it with sev-
eral state-of-the-art PSO algorithms. Specially, the selected representative and state-of-the-
art PSO variants are XPSO [74], TCSPSO [75], DNSPSO [61], AWPSO [57], CLPSO_LS [40],
GLPSO [53], and CLPSO [8]. Among these compared algorithms, XPSO and DNSPSO are
topology-based learning PSO variants, while CLPSO_LS, GLPSO and CLPSO are construc-
tive learning-based PSO methods.

Second, to make comprehensive comparisons between the proposed SCDLPSO and
the compared PSO variants, we evaluate their performance on the CEC 2017 benchmark
problems with three different dimension sizes, namely 30-D, 50-D, and 100-D. For fair
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comparisons, the maximum number of fitness evaluations (FE;,y) is set as 10,000 * D for
all algorithms.

Third, to make fair comparisons, we fine-tune the population size for all algorithms on
the CEC 2017 benchmark set with different dimension sizes. After preliminary experiments
for the fine-tuning of the population size, the parameter settings of all algorithms were as
listed in Table 1.

Table 1. Parameter settings of all comparative algorithms.

Algorithms D Parameter Settings
30 NP =100
SCDLPSO 50 NP =100 w=09-04p=05
100 NP =150
30 NP =100
XPSO 50 NP =150 7 =0.2 p =0.5 Stagemax =5
100 NP =150
30 NP =50
TCSPSO 50 NP =50 w=09-04c1=cp=2
100 NP =50
30 NP =50
DNSPSO 50 NP =50 w=09-04k=5F=05CR=09
100 NP =50
30 NP =40
AWPSO 50 NP =60 w=0.9-04
100 NP =100
30 NP =40
CLPSO_LS 50 NP =50 c=1.4945w=0.9-04p=1/36=0.94 Pc=0.05-0.5
100 NP =50
30 NP =40
GLPSO 50 NP =40 w=0.7298 c; = cp=1.49618 pm =0.01 sg =7
100 NP =50
30 NP =40
CLSPO 50 NP =60 w =0.9-0.2 c; = cp = 1.49445 Pc = 0.05-0.5

100 NP =60

Fourth, to comprehensively and fairly evaluate each algorithm, we run each algorithm
independently for 30 times and utilize the median, the mean and the standard deviation
over the 30 independent runs to evaluate its optimization performance. In addition, to iden-
tify the statistical significance, we conduct the Wilcoxon rank sum test at the significance
level of & = 0.05. Moreover, to investigate the overall performance of each algorithm on
the whole CEC 2017 benchmark set, the Friedman test is also performed at the significance
level of & = 0.05 to obtain the average rank of each algorithm.

4.2. Parameter Sensitivity Analysis

In the proposed SCDLPSO, there are two parameters, namely the swarm size NP and
the control parameter §, that need to be fine-tuned. Therefore, to investigate the sensitivity
of SCDLPSO to the two parameters, we conduct experiments by varying NP from 50 to
200 and ranging f from 0.1 to 1.0 for SCDLPSO on the 50-D CEC 2017 benchmark set as a
representative. Table 2 shows the comparison results for SCDLPSO with different settings
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of NP and 8 on the 50-D CEC 2017 benchmark problems. In this table, the best results are
highlighted in bold, and the average rank of each setting of 8 under the same setting of NP,
as presented in the last row of the table, is obtained by the Friedman test at the significance
level of “oc = 0.05”.

From Table 2, we can derive the following findings. (1) From the perspective of the
Friedman test, when NP is fixed, the setting of 8 is neither too large nor too small, and the
optimal setting is within [0.3, 0.5]. Specifically, when NP is 100 and 200, the optimal S is 0.5.
When NP is set to 50, the optimal setting of B is 0.4. When NP is 150, the optimal setting of 8
is 0.3 and 0.4. (2) On closer observation, we can find that no matter what the swarm size is,
the performance of SCDLPSO first improves with the increase in § at the beginning. After
it reaches 0.5, the larger the setting of  is, the worse performance SCDLPSO achieves. (3)
Taking comprehensive comparisons among all settings into consideration, we find that g is
not so closely related to swarm size NP. Comprehensively, we recommend setting § = 0.5
for SCDLPSO to solve optimization problems.

To summarize, § is not so closely related to swarm size NP, and the optimal setting is
generally within [0.3, 0.5]. In this paper, we recommend setting B = 0.5 for SCDLPSO to
solve optimization problems.

4.3. Comparison with State-of-the-Art PSO Variants

In this section, we conduct extensive comparison experiments on the CEC 2017 bench-
mark set with different dimension sizes to compare the proposed SCDLPSO with the seven
state-of-the-art and representative PSO variants. Tables 3-5 show the detailed comparison
results for the 30-D, 50-D and 100-D CEC 2017 benchmark problems, respectively. In
these tables, the symbols “+”, “—" and “=" above the p-values mean that SCDLPSO is
significantly superior, inferior, or equivalent to the compared algorithms on the associated
problems. In the second to last rows of these tables, “w/f/I” count the number of problems
where the devised SCDLPSO achieves significantly better, equivalent, or worse perfor-
mance than the associated compared algorithms, respectively. They are actually the number
of “+”,”="and “—", respectively. In the last rows of these tables, the average rank of each
algorithm obtained by the Friedman test is presented. In addition, Table 6 summarizes
the statistical comparison results between SCDLPSO and the seven state-of-the-art PSO
variants on the CEC 2017 benchmark set with different dimensions in terms of “w/t/1”.
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Table 2. Comparison results for SCDLPSO with different settings of NP and f on the 50-D CEC 2017 problems.
NP =50 NP =100
F B=01 pB=02 pB=03 pB=04 B=05 p=06 B=07 B=08 pB=09 p=10 =01 p=02 B=03 B=04 p=05 p=06 pL=07 BL=08 =09 B=10
F 80l x 221x 189x 502x 538x 837x 1ll6x 136x 217x 224x 239x 777x 145x 232x 232x  633x 969x 140x 176 x  2.69 X
1 104 103 103 10% 10% 103 104 104 104 104 103 102 103 103 10° 10% 10% 104 104 104
F 785x 294x 152x 864x 600X 607x 868x 18lx 298x 509x 704x 365x 202x 146x 144X 177x 250x 289x 506 x 859 x
3 104 104 104 10° 10° 103 103 104 104 104 104 104 104 104 10* 104 104 104 104 104
E 182x 119x 951x 123x 129x 155x 142x 159x 167x 1.8 x 183x 138x 950x 1.02x 123x 134x 157x 173x 181x 197x
4 102 102 10! 102 102 102 102 102 102 102 102 102 10! 102 102 102 102 102 102 102
F 173 %  794x  303x 211x 191x 199x 242x 170x 334x 362x 158x 659x 243x 122x 108x 108x 579x 315x 339x 363X
5 102 10! 101 101 10! 10! 101 102 102 102 102 101 10* 101 10! 101 10? 102 102 102
F 302 x  417x  268x 774x 520x 488 x 7.08x 429x 397x 155x 245x 280x 915x 144x 638X 596x 248x 451 x 274x 473 x
6 10? 100 1071 102 102 1072 102 102 1072 1071 10! 100 1072 1072 104 1073 1073 1073 1073 1073
E 277 x  124x  819x 699x 675X 756x 16l x 365x 383x 404x 218x 10lx 733x 638x 622x 915x 332x 370x 384x 415x
7 102 102 10! 10! 10! 10? 102 102 102 102 102 102 10! 10? 10! 10! 102 102 102 102
F 181 x 774x 297x  198x 180 x 201x 231x 122x 336x 360x 153x 698x 236x 141x 1.01x 114x 448 x 3.03x 334x 365X
8 102 10! 10! 10! 10! 10! 10! 102 102 102 102 10! 10! 10! 10! 10! 10! 102 102 102
F 448 x  262x 240x 655x 113x 191x 236x 137x 155x 355x 280x 11lx 7.89x 207x 157x 558x 263x 391x 392x 298X
9 10° 102 10! 10° 10! 10! 10! 10! 10! 10! 10° 102 100 100 100 101 100 100 102 103
F 578 x 447 x 425X 462x 765x 120x 126x 123x 120x 1.09x 588x 420x 404 x 490x 987 x 126x 129x 129x 122x 115x
10 103 10° 103 103 103 10* 10* 10% 10* 10* 103 103 103 103 103 10* 10* 10* 10* 10*
P 246x 151x 156x 119x 887 x 818x 636x 703x 107x 195x 213x 136x 129x 88lx 662x 515x 3.88x 389x 152x 158x
n 102 102 102 102 10! 10! 101 10! 102 102 102 102 102 10! 10! 10! 101 10! 102 102
F 226 x  349x 215x 363x 235x 658x 453 x 144x  668x 343x 176 x 284x 199X 2.64x 277x 529x 867x 143x 255x 482X
12 10° 10° 10° 10° 10° 107 10° 10° 100 10° 10° 10° 10° 10° 10° 10° 10° 10° 10° 10°
F 1.09x 8l6x 316x 862x 118x 1.01x 247x 293x 146x 260x 827 x 485x 400X 548x 590x 152x 212x 285x 3.04x 337x
3 104 103 105 103 104 100 104 104 108 107 103 103 103 103 103 104 104 104 104 104
F 415x 305x 200x 164X 375x 537x 784ix 125x 157x 177x 373x 216x 174x 207 x 349x 885x 964x 145x 244 x 254 x
4 104 104 104 10% 104 104 104 10° 10° 10° 104 104 104 104 104 104 10* 10° 105 10°
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F 647 x  570x 531x 587X 665x 121x 191x 260x 296x 311x 680x 563x 596X 562x 648x 822x 19 x 272x 304x 313 x
5 103 103 103 103 103 10* 10* 10* 10* 10* 103 103 103 10° 103 103 10* 10* 10* 10*
P 144 x  835x 562x 444X 476x 7.09x 708x 119x 204x 243x 123x 663 x 499x 485x 429X 556x 8.06x 1.86x 237 x 284X
16 103 102 102 102 102 102 102 103 103 10° 103 102 102 102 102 102 102 10° 103 103
F 135x 786 x 489 x 487 x 429X 522x 697x 827x 148x 174x 128x 718x 495x 376x 370X 797x 933x 126x 157x 174%
7 10° 102 102 102 102 102 102 102 103 10° 103 102 102 102 102 102 102 10° 103 103
F 251x  120x 721x 775x 116x 199x 347x 110x 201x 221x 145x 9.03x 6.69x 802x 130x 274x 892x 166 x 343 x  441x
18 10° 10° 10* 104 10° 10° 105 100 100 100 105 104 104 104 105 10° 10° 100 100 100
F 148 x 147 x 181x 168x 1.82x 150x 196x 1.63x 126x 373x 148x 150x 142x 128x 143 x 118 x 120x 955x 458 x  4.86 X
19 104 104 104 104 104 104 104 104 104 10° 104 104 104 104 104 104 10* 103 10° 10%
F 722 x  357x 250X 393x 480 x 110x 135x 142x 145x 153x  639x 354x 237x 278x 704x 122x 135x 145x 149x 157 x
20 102 102 102 102 102 10° 10° 10° 10° 10° 102 102 102 102 102 10° 103 10% 10° 10°
F 361 x 280x 241x 237x 231x 234x 234x 300x 536x 556x 316x 254x 229x 229x 219x 219x 223x 501x 535x 566X
2 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 474 x 347 x 357X 396x 550x 105x 124x 128x 131x 131x 494x 219X 346x 367x 652x 120x 127x 127x 130x 131 x
2 10° 10° 10% 10° 10° 10* 10* 10* 10* 10* 10° 103 10° 10% 10° 10* 10* 10* 10* 10*
F 741 x  639%x 595%x 599 x  616x 625X 626x 632x 673x 858x 630x 557x 530x 534x 527x 524X 529%x 563x 792x  821x
23 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 755 % 683X 676X 680x 693x 692x 711x 844x 941x 9.67x 668x 611x 597X 599x 598x 609x 626x 870x 882x 893 x
2 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 610 x 566 x 561 x 543 x 497 x 481X 487 x 485x 484x 495x 595x 564x 545x 565x 508x 480 x 4.80 X 4.80 X 4.80 x 482X
2 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 477 x  166x 135x 191x 226x 255x 290x 305x 362x 493x 370x 201x 115x 191x 1.89x 193x 221x 250x 453 x 538
26 103 103 10° 10% 103 103 103 10% 103 103 103 10% 103 103 103 103 10% 103 103 10%
F 941 x 780x 727x 78lx 746x 80lx 858x 868x 882x 952x 855x 747x 715x 7.09x 679x 715x 757x 763 x 792x  7.84x
z 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 573x  51l1x 501x 492x 489x 479x 7.88x 158x 426x 537x 552x 504x 506x 492x 474x 477 x 473X 196 x 346 x 544 x
28 102 102 102 102 102 102 102 10° 10° 10° 102 102 102 102 102 102 102 10° 10% 10°
F 196 x  117x  735x  672x  662x 713x 731x 731x 127x 169x 181x 102x 616x 505x 516x 508x 542x 800x 147x 179 x
2 10° 10% 102 102 102 102 102 102 103 10% 10% 10° 102 102 102 102 102 102 10% 10°
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F 131x 835X 929x 997x 975x 104x 121x 156x 190x 204x 118x 833 x 812X 826x 825x 998x 128x 163x 156x 1.67x
30 100 10° 10° 10° 10° 10° 10° 10° 100 10° 10° 10° 10° 10° 10° 10° 100 10° 10° 10°
Rank 7.41 445 3.55 3.14 3.21 448 5.59 6.52 7.69 8.97 7.24 5.00 331 3.28 2.93 417 5.38 7.03 7.86 8.79
NP =150 NP =200
F =01 p=02 p=03 p=04 p=05 p=06 p=07 p=08 p=09 p=10 p=01 p=02 p=03 p=04 p=05 p=06 B=07 p=08 p=09 B=10
F 134 x 154x  153x  199x 244x 306x 789x 124x 162x 248x 135x 997x 159x 1.89x 253x 530x 945x 124x 208x 258X
1 10% 10% 10° 10° 10° 10° 10% 10* 10* 10* 10° 102 10° 10% 10° 10° 10° 10* 10* 10*
F 710 x 390 x 312x 262X 276x 332x 365x 518x 811x 114x 7.03x 469x 378x 3.60x 420x 430x 503x 690x 984x  1.38x
3 104 104 104 10% 104 104 104 104 104 103 104 104 104 10* 104 104 104 104 104 10°
E 178 x  111x 114x 111x 124x 147x 185x 186 x 200x 205x 173x 149x 136x 1.08x 106x 170x 1.89x 194x 200x 211X
4 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 144x  600x 226x 108x 773x 736x 943x 315x 341x 366x 144x 60lx 227x 919x 594x 531x 126x 322x 342x 372X
5 102 10! 101 101 100 10° 101 102 102 102 102 101 10! 100 100 10° 102 102 102 102
F 220 239x  122x  104x 217x 213x  613x 56l x 341x 146x 217x 245x 113x 1.00x 946x 130x 332x 378x 3.00x 143 x
6 10! 100 101 102 103 104 10~° 103 10—® 10-3 10! 100 101 102 10~4 103 103 104 10—° 102
F 205x  968x 7.03x 622X 686x 172x 356x 366x 388x 413x 207x 952x 70lx 620x 791x 230x 350x 370x 387 x 423X
7 102 101 101 10! 10! 102 102 102 102 102 102 101 10* 10! 101 102 102 102 102 102
F 143 x  575x 219x 100x 822x 750x 807x 313x 338x 369x 136x 550x 214x 939x 544 x 527x 743x 317x 339x 371x
8 102 10? 10! 10! 100 10° 10! 102 102 102 102 10! 10! 100 10° 100 10! 102 102 102
E 232x 969 x  767x 153x  158x  328x 118x 103x 597 x 181x 196 x 124x  687x 201x 763x 305x 102x 723x . o0 13.85 X
9 10% 10? 100 100 100 101 1071 1071 103 1072 10% 102 100 100 1071 1071 101 102 gkl 1073
F 576 x 479 x 477 x 494x 110x 125x 125x 129x 121x 121x 6.06x 473x 428x 476x 112x 127x 128x 129x 129x 119 x
10 10° 10% 10° 10° 10* 10* 10* 10* 10* 10* 10° 10° 103 10% 10* 10* 10* 10* 10* 10*
F 186 x 125x 123x  100x 6.69x 512x 423x 464x 143x 179x 174x 120x 115x 974x 741x 593x 414x 523x 152x 178 x
n 102 102 102 102 10! 10! 10! 10! 102 102 102 102 102 10! 10! 10! 10! 10! 102 102
F 133x 323x 247X 247X 306x 699x 140x 233x 390x 779x 170x  403x 256X 324x 474x 762x 144x 212x 375x 857X
12 100 10° 10° 10° 10° 10° 10° 10° 100 10° 10° 10° 10° 10° 10° 10° 100 10° 10° 10°
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F 745 x  481x 351x 387x 754x 112x 1.63x 294x 322x 316x 792x 421x 344x 210x 324x 1l4x 159x 277x 3.06x 330X
13 103 103 103 103 103 10* 10* 10* 10* 10* 103 103 103 103 103 10* 10* 10* 10* 10*
F 324x 216x 196x 195x 379x 697x 110x 185x 221x 314x 269x 226x 231x 254x 30lx 105x 144x 220x 238x  3.00 x
T4 10* 10* 104 10* 10* 10* 10° 10° 10° 10° 10* 104 10* 10* 10* 10° 10° 10° 10° 10°
F 625x 530x 491X 564x 494x 713x 132x 259x 310x 313x  634x 572x 592x 496x 517x 559x 142x 256x 310x 312X
5 10° 10° 10% 103 10° 10° 10* 10* 10* 10* 103 103 103 108 103 103 10* 10* 10* 10*
F 119 x  721x  507x 495x 419X 490x 132x 226x 263x 28 x 109x 740x 524x 539x 539x 737x 145x 221 x 265x 288X
16 103 102 102 102 102 102 103 10% 103 103 103 102 102 102 102 102 103 103 103 10%
r 1.19 x 7.65 x 5.64 x 4.37 x 3.94 X 6.73 % 1.13 x 1.42 x 1.52 x 1.71 x 1.27 x 7.66 X 454 x 3.86 x 3.22 X 8.72 x 1.12 x 143 x 1.56 x 1.76 x
7 103 102 102 102 102 102 103 108 108 103 103 102 102 102 102 102 108 103 103 10%
F 159 x  7.85x 556xX 838x 118x 423x 127x 243x 390x 593x 221x 70lx 644x 745x 1.83x 58 x 127x 3.08x 530x 423 x
18 10° 10* 104 10* 10° 10° 106 106 10° 106 10° 10* 10* 10* 10° 10° 10° 106 106 106
F 151 x 151x 142x 150x 154x 134x 749x 754x 491 x 246x 150x 148 x 142x 145x 129x 118 x 1.03x 7.09x 541 x 3.74 X
19 10* 10* 10* 10* 10* 10* 10% 10° 10° 10° 10* 10* 10* 10* 10* 10* 10* 10% 10° 10%
F 632x 388x 229x 394x 929x 124x 131x 138x 151x 156x 6.62x 450x 275x 51l1x 992x 124x 135x 141x 153x 153 x
20 102 102 102 102 102 108 108 10° 10° 103 102 102 102 102 102 103 10% 103 108 103
F 295 x  244x 223x  217x 213x 214x 236x 514x 538x 568x 294x 241x 220x 214x 214x 212x 298x 510x 543 x 573X
za 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 314 x 142 x 318x 406 x 758x 119x 129x 129x 131x 1.32x 259x 954X 328x 562x 913x 125x 128x 129x 132x 131x
22 103 103 103 103 103 10* 10* 10* 10* 10* 103 102 103 10° 103 10* 10* 10* 10* 10*
F 606 x 529x 511x 506x 500x 506x 501x 623x 789x 817x 577x 519x 505x 505x 496x 492x 5l16x 762x 785x 813 x
23 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 620x 579x 578x 584x 583 x 58 x 715x 853x 865x 880x 602x 578x 565X 575x 572x 577x 764x 855x 865x 870
2 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 597 x 571x 566x 548x 496x 480 x 480 x 480x 480x 505x 593x 573x 566x 540x 512x 480 x 480 x 480 x 481 x 520X
2 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 305x  159x 129x 157x 1l67x 1.89x 202x 308x 492x 514x 327x 248x 136x 159 x 170x 179x 193x 323x 487 x 512x
% 10% 10% 10% 10° 10° 10° 10% 10° 10° 10° 10° 10° 103 10° 10% 10° 10° 10% 10° 10°
F 833x 736x 680X 663X 676x 7l6x 722x 726x 736x 769x 845x 715X  668x 664x 661X 707x 717x 724x 76l x  7l14x
2z 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102 102
F 541 x 507 x 497 x 491 x 473x 471 x 475x 748x 335x 510x 547x 507x 506x 506x 485x 470 x 477x 711x 378 x 514x
28 102 102 102 102 102 102 102 102 10° 108 102 102 102 102 102 102 102 102 108 103
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r 1.77 x 1.09 x 6.71 x 5.90 x 4.36 X 451 x 4.74 x 1.06 x 1.44 x 1.88 x 1.74 x 1.10 x 6.93 x 5.79 x 4.37 X 4.61 x 4.93 x 1.06 x 1.68 x 1.99 x
2 103 103 102 102 102 102 102 10° 103 103 108 103 102 102 102 102 102 103 103 10%
r 1.14 x 8.25 x 7.99 X 8.63 x 8.17 x 9.02 x 1.39 x 1.51 x 1.54 x 1.55 x 1.21 x 8.06 X 8.14 x 8.35 x 8.25 x 8.55 x 1.21 x 1.52 x 1.56 x 1.51 x
30 10° 10° 105 10° 10° 10° 106 106 10° 106 106 105 10° 10° 10° 10° 10° 100 106 106

Rank 6.52 4.72 3.38 3.38 3.45 4.21 5.48 7.14 7.86 8.86 6.66 472 3.41 3.34 3.28 4.07 5.66 7.03 8.10 8.72
Table 3. Comparison results between SCDLPSO and state-of-the-art PSO variants on the 30-D CEC 2017 benchmark functions.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO

Median 2.28 x 103 2.90 x 103 3.20 x 103 1.80 x 10° 1.55 x 1010 1.42 x 104 1.32 x 10° 1.79 x 10*

F Mean 3.11 x 103 427 x 103 3.66 x 103 2.35 x 10° 1.63 x 1010 1.67 x 10* 1.90 x 103 1.82 x 10*

I Std 3.15 x 103 447 x 103 408 x 103 2.18 x 10° 5.52 x 10° 7.78 x 103 2.23 x 103 5.65 x 103
Unimodal p-value - 376 x 1071= 565 x 1071~  3.88 x 1077+ 728 X 23*  4.06 x 107 12* 986 x 1072~  3.15x 10" 18+

Functions Median 2.66 x 102 5.86 x 1072 9.94 x 103 1.55 x 10 525 x 10* 6.80 x 107! 114 x 1071 6.68 x 103

F Mean 4.82 x 102 5.45 x 10~1 1.15 x 10* 1.56 x 10° 5.20 x 10* 428 x 10° 258 x 10713 6.20 x 103

3 Std 5.86 x 102 1.57 x 100 3.68 x 103 2.67 x 10% 3.62 x 10* 1.61 x 10* 6.22 x 10713 242 x 103
p-value - 439 x107°~ 952 x 1072+ 484 x 10738+ 229 x 10710+ 210x 1071 428x107°~ 612 x 10718+

Fi3 w/t/l - 0/1/1 1/1/0 2/0/0 2/0/0 1/1/0 0/1/1 2/0/0

Median 8.33 x 10! 1.22 x 102 1.30 x 102 2.56 x 101 1.40 x 10° 8.90 x 10! 1.52 x 102 6.17 x 10*

E Mean 7.66 x 10 1.17 x 102 1.32 x 102 2.54 x 10! 1.70 x 10° 8.90 x 10! 1.60 x 102 5.87 x 10*

4 Std 1.11 x 101 2.67 x 10! 4.84 x 10! 8.61 x 1071 1.36 x 10° 406 x 107! 6.32 x 10! 1.06 x 10*
p-value - 813 x 10711+ 125x1077* 171 x10732~ 238x 1078+ 118x 1077+ 268x107°* 978 x 103"+

_ Median 4.97 x 10° 4.18 x 10! 8.56 x 10! 1.96 x 102 1.89 x 102 2.17 x 10? 5.67 x 10! 9.58 x 10!

F Simple Mean 5.14 x 10° 4.34 x 10! 8.92 x 10! 1.98 x 10? 1.84 x 107 2.18 x 102 5.79 x 10! 9.57 x 10!

5 Multimodal Std 1.84 x 10° 1.41 x 10! 2.54 x 10 1.31 x 10! 3.22 x 10 1.21 x 10! 1.37 x 10! 226 x 109
Functions p-value - 6.05 x 10717+ 381 x 10725+ 129 x 107+ 743 x 107%*+ 6.04 x 10795+ 242 x 10728+ 133 x 10777+

Median 1.11 x 106 2.02 x 1073 8.00 x 1071 1.48 x 1071 2.48 x 10! 432 x 107! 6.21 x 1073 8.08 x 10!

F Mean 8.31 x 10~ 2.08 x 1072 1.04 x 10° 1.48 x 1071 2.72 x 10 9.35 x 1071 1.36 x 1072 8.05 x 10!

6 Std 141 x 1075 6.31 x 1072 1.15 x 10° 410 x 1072 1.04 x 101 1.04 x 109 1.60 x 1072 1.17 x 101
p-value - 3.84 X 1072+ 859 x 107+ 375 x 107+ 2.83 x 1072+ 107 x 107°* 245 x 1075+  3.68 x 10742+
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Table 3. Cont.

F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 3.48 x 10! 7.70 x 101 1.45 x 102 2.34 x 102 3.24 x 102 2.36 x 102 1.06 x 102 1.43 x 1073
F Mean 3.94 x 10! 8.06 x 10! 1.42 x 102 2.32 x 102 3.09 x 102 2.33 x 102 1.07 x 102 143 x 1073
7 Std 2.05 x 10! 1.80 x 101 2.87 x 10! 1.32 x 10! 1.25 x 102 1.89 x 101 2.08 x 10! 404 x 1074
p-value - 1.82 x 10711+ 1.68 x 1072+ 215 x 1074+ 143 x 10716+ 2.80 x 10742+ 3.76 x 10718+ 833 x 1071° —
Median 3.98 x 100 418 x 10! 9.55 x 10! 2.04 x 102 1.81 x 102 2.25 x 102 6.47 x 101 1.03 x 102
F Mean 4.58 x 10° 437 x 10! 9.33 x 10! 2.03 x 102 1.76 x 102 2.22 x 102 6.42 x 101 1.03 x 102
8 Std 1.33 x 109 1.60 x 101 2.22 x 10! 1.25 x 10! 3.48 x 10! 1.15 x 10! 1.70 x 101 9.06 x 10°
p-value - 6.64 X 10720+ 249 x 10~* 118 x 1072+ 520 x 10734+ 547 x 107+ 220 x 10726+ 539 x 1073+
Median 114 x 10713 1.72 x 109 3.01 x 102 1.61 x 109 444 x 103 1.90 x 101 5.56 x 10! 9.06 x 10!
E Mean 2.11 x 102 3.10 x 10° 3.85 x 102 2.32 x 100 440 x 103 2.29 x 10! 6.39 x 10! 9.10 x 10!
I Std 8.34 x 1072 441 x 100 3.36 x 102 2.80 x 10° 1.72 x 10° 2.74 x 10! 3.28 x 10! 9.88 x 10°
p-value - 830 X 107°*  6.95x 1078+ 420 x 107%* 554 x 10720+ 335 x 107%*+ 512 x 10715+ 3.52 x 10749+
Median 6.32 x 103 2.70 x 103 2.98 x 103 5.38 x 103 3.90 x 103 6.42 x 103 3.22 x 10° 9.22 x 102
E Mean 5.97 x 103 2.61 x 103 297 x 103 5.24 x 103 4.00 x 103 6.26 x 103 3.46 x 103 9.44 x 102
10 Std 1.35 x 10% 6.38 x 102 4.22 x 102 1.01 x 103 5.96 x 102 6.36 x 102 8.35 x 102 2.89 x 102
p-value - 125 x 1077~ 166 x 10716~ 228 x 1072~ 144 x 1077~ 296x 1071~ 804 x 10712~ 256 x 10727~
Faio w/t/l - 6/0/1 6/0/1 5/0/2 6/0/1 6/1/0 6/0/1 5/0/2
Median 1.28 x 10! 8.06 x 101 1.16 x 102 8.95 x 10! 1.34 x 103 1.82 x 10% 1.01 x 10? 315 x 103
F Mean 3.41 x 10! 8.65 x 101 1.18 x 102 8.77 x 101 357 x 103 1.81 x 102 8.71 x 101 3.11 x 103
1 Std 2.95 x 10! 445 x 10! 4.27 x 10! 8.80 x 100 485 x 103 4.03 x 10! 3.50 x 10! 3.20 x 102
p-value - 337 X 1076+ 421 x 10712+ 333 x 10713+ 235 x 107%* 997 x 1073+ 566 x 1078+  3.96 x 10750+
Median 2.68 x 10* 2.48 x 104 1.86 x 10° 5.51 x 107 1.04 x 10° 4.68 x 10° 1.08 x 10° 1.42 x 107
. Mean 2.72 x 10* 1.36 x 10° 5.12 x 10° 6.03 x 107 1.36 x 10° 9.27 x 10° 1.85 x 10° 1.48 X 102
F2 Hybrid 5 5 7 9 5 6 1
Functions Std 1.47 x 10* 4.38 x 10 6.68 x 10 2.65 x 10 1.06 x 10 8.77 x 10 3.11 x 10 2.23 x 10
p-value - 115 x 1071 243 x 1074+  1.08 x 10717+ 407 x 107°+ 819 x 107+ 256 x 1073+ 427 x 10714~
Median 8.46 x 103 1.05 x 104 8.24 x 103 1.28 x 100 5.08 x 10° 6.55 x 103 1.78 x 104 2.47 x 10°
F Mean 1.80 x 104 1.29 x 104 3.28 x 10° 1.37 x 100 511 x 108 1.74 x 10* 1.10 x 10° 2.83 x 100
13 Std 1.79 x 104 1.22 x 10* 1.14 x 106 5.04 x 10° 9.07 x 108 2.18 x 10* 413 x 10° 1.19 x 106
p-value - 3.66 x 1072~ 149 x107'= 739 x 10721+ 359 x 1073+ 911 x107!= 237 x107'= 238 x 10718+
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F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.92 x 10° 4.80 x 10° 3.49 x 10* 1.81 x 10? 8.16 x 10 1.10 x 10° 1.02 x 10° 1.36 x 10*
r Mean 3.19 x 103 6.46 x 103 5.20 x 10* 1.86 X 102 5.84 x 10° 1.06 x 10° 9.06 x 10* 1.32 x 10*
14 Std 3.20 x 103 550 x 103 7.90 x 10* 2.27 x 10! 1.71 x 106 5.32 x 10% 1.62 x 10° 483 x 103
p-value - 355 X 1072* 153 x 1073* 449 x107°~ 726 x 1072* 623 x 107+ 530 x 1073+ 412 x 10713+
Median 6.60 x 102 213 x 103 1.08 x 10* 3.58 x 10* 1.55 x 10° 4.13 x 104 1.92 x 103 439 x 10*
F Mean 1.70 x 103 482 x 103 1.33 x 10* 3.95 x 104 3.95 x 107 3.60 x 10% 6.38 x 103 441 x 10*
15 Std 2.38 x 10° 6.33 x 10 1.04 x 10* 221 x 104 2.12 x 108 8.63 x 10° 8.32 x 103 3.33 x 104
p-value - 6.02 x 1072= 281 x 1077+ 751 x 10713+ 320x107!'= 229 x10-%+* 506x 1073+ 560 x 107°*
Median 2.21 x 10! 5.70 x 102 8.65 x 102 1.90 x 103 1.38 x 103 1.29 x 10% 7.00 x 102 7.82 x 102
F Mean 9.21 x 10! 5.32 x 102 8.54 x 102 1.89 x 10° 1.44 x 10° 1.14 x 103 7.01 x 102 8.34 x 10?
16 Std 1.21 x 102 2.31 x 102 2.56 x 102 1.70 x 102 3.66 x 102 4.10 x 102 2.74 x 102 3.73 x 102
p-value - 1.04 X 1071+ 695 x 10721+ 143 x 107%+ 211 x 10726+ 391 x 107+ 954 x 10716+  1.62 x 10714+
Median 5.11 x 10! 1.56 x 10? 3.18 x 10? 8.59 x 102 6.29 x 10? 6.85 x 102 1.82 x 10? 6.32 x 10?
r Mean 5.80 x 101 1.47 x 102 2.96 x 102 8.58 x 102 6.84 x 102 9.36 x 102 2.35 x 102 6.20 x 102
7 Std 2.44 x 10! 9.61 x 10! 1.44 x 102 9.65 x 10! 3.22 x 102 6.39 x 102 1.54 x 102 1.42 x 102
p-value - 6.92 X 107+  3.09 x 10712+ 778 x 1074+ 620 x 10715+ 6.52 x 10710+ 863 x 1078+  8.03 x 1072+
Median 8.54 x 10 9.98 x 10* 1.41 x 10° 240 x 10° 6.70 x 10° 6.81 x 10° 1.53 x 10* 2.00 x 10%
r Mean 1.16 x 10° 1.45 x 10° 2.78 x 10° 245 x 10° 411 x 100 2.44 x 10° 6.82 x 10% 1.91 x 102
18 Std 9.74 x 10% 1.15 x 10° 293 x 10° 9.96 x 104 1.18 x 107 412 x 10° 1.99 x 10° 7.60 x 101
p-value - 326 x 10717 661 x1073* 590 x 107+  734x1072= 3.64 x 1073* 247 x 10717 269 x 1078~
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.72 x 103 2.28 x 103 7.66 x 10° 1.75 x 103 1.80 x 107 3.51 x 10* 6.16 x 103 2.00 x 10°
F Mean 3.58 x 103 4,05 x 103 1.49 x 10* 2.29 x 103 7.38 x 107 351 x 104 1.25 x 104 2.34 x 10°
19 Std 3.83 x 103 455 x 103 1.58 x 10* 1.43 x 10° 2.46 x 108 1.94 x 10* 1.41 x 10* 1.14 x 10°
Hybrid p-value - 398 x1071= 383 x 1074+ 922x1072= 112x107'= 6.65x 10712+ 181 x 1073+ 132 x 10715+
Functions Median 423 x 10! 1.73 x 102 3.84 x 102 4.06 x 102 5.19 x 102 5.98 x 102 2.77 x 102 1.94 x 102
r Mean 6.38 x 10! 1.85 x 102 3.70 x 102 4.07 x 102 5.38 x 102 5.87 x 102 2.72 x 102 2.30 x 102
20 Std 7.20 x 10! 7.16 x 101 1.39 x 102 1.05 x 10% 1.97 x 102 1.55 x 10% 1.19 x 10? 1.71 x 102
p-value - 1.55 x 1078+ 421 x 1071+ 522 x 1072+ 129 x 1077+ 139 x 103+ 5.06 x 10711+ 995 x 1076+
F11.20 w/t/l - 5/4/1 9/1/0 8/1/1 7/3/0 9/1/0 8/2/0 8/0/2
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Table 3. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO

Median 2.09 x 102 2.38 x 102 2.80 x 102 3.98 x 102 3.74 x 102 4.00 x 102 2.62 x 102 2.02 x 102

r Mean 2.09 x 102 241 x 102 2.84 x 102 3.97 x 102 3.80 x 102 4.02 x 102 2.66 x 102 2.09 x 102

21 Std 2.82 x 100 1.22 x 101 2.25 x 10! 1.43 x 10! 455 x 10! 7.78 x 100 2.17 x 10! 6.88 x 101
p-value - 1.06 X 10720+ 3,60 x 1072+ 170 x 10~%* 6.97 x 10728+ 269 x 10°72* 278 x 10720+ 999 x 1071~

Median 1.00 x 10? 1.00 x 107 1.04 x 107 6.64 x 103 416 x 103 6.99 x 10° 1.02 x 10? 2.89 x 102

F Mean 2.73 x 102 2.95 x 102 1.70 x 103 6.52 x 103 4.04 x 103 6.95 x 103 2.06 x 102 2.78 x 102

22 Std 9.33 x 102 7.77 x 102 1.75 x 10% 5.90 x 102 1.03 x 10° 3.10 x 102 5.56 x 102 438 x 10!
p-value - 537 x 1071= 263 x 1074+ 223 x 10737+ 431 x 10721+ 929 x 1074+ 740 x 107!~ 9.80 x 1071 =

Median 3.92 x 102 3.97 x 102 4.44 x 10? 5.68 x 102 6.64 x 102 5.61 x 102 4.26 x 102 3.05 x 102

F Mean 3.91 x 102 3.96 x 102 4.46 x 102 5.72 x 102 6.80 x 102 5.57 x 102 433 x 102 5.22 x 102

23 Std 9.71 x 100 1.38 x 101 2.85 x 10! 2.29 x 10! 9.92 x 10! 1.39 x 101 2.73 x 101 7.83 x 102
p-value - 1.68 X 1072+  4.26 x 1074+ 228 x 1078+ 192 x 1072+ 9.96 x 10751+ 129 x 1070+ 370 x 10!=

Median 4.66 x 102 4.63 x 102 5.37 x 102 6.74 x 102 7.32 x 10? 6.26 x 102 4.94 x 10? 451 x 102

r Mean 4.70 x 102 4.68 x 102 5.38 x 102 6.97 x 102 7.51 x 102 6.20 x 102 5.14 x 102 4.51 x 102

2 Std 1.60 x 101 2.19 x 10! 5.08 x 10! 7.02 x 101 8.86 x 101 1.02 x 101 544 x 10! 9.85 x 10°
Composition p-value - 575 x 1071= 554 x 107°* 373 x 10724+ 597 x 1072+ 212 x 107%* 984 x 1075+ 708 x 1077~

Functions Median 3.88 x 102 3.91 x 102 4.14 x 10 3.78 x 102 8.68 x 102 3.88 x 102 4.10 x 102 5.60 x 102

E Mean 3.88 x 102 3.95 x 102 412 x 102 3.78 x 102 1.13 x 10° 3.88 x 102 411 x 102 5.62 x 102

% Std 5.00 x 1071 1.00 x 101 1.56 x 101 1.12 x 109 7.54 x 102 427 x 107! 2.15 x 10! 1.54 x 101
p-value - 7.63 x 107%+ 691 x 10712+ 120 x107%#~ 1.64 x 107%* 394 x1073= 273 x 1077+ 256 x 1073+

Median 1.33 x 10° 3.00 x 102 232 x 10° 3.28 x 10° 430 x 108 3.16 x 10° 1.94 x 103 3.90 x 102

F Mean 1.33 x 10° 7.57 x 102 2.23 x 103 3.27 x 103 420 x 103 3.14 x 103 1.92 x 10% 3.90 x 102

26 Std 1.15 x 102 6.08 x 102 6.97 x 102 2.16 x 102 9.58 x 102 1.08 x 102 4.77 x 102 9.49 x 101
p-value - 735x 1077~ 577 x107°* 168 x 1074+ 588 x 10723+ 131 x 107+ 3.08 x 1078+ 265 x 10740~

Median 5.14 x 10? 5.36 x 10? 5.61 x 10? 5.00 x 10? 6.85 x 107 5.18 x 102 5.48 x 10? 1.99 x 103

E Mean 5.15 x 102 5.36 x 102 5.61 x 102 5.00 X 102 6.88 x 102 5.22 x 102 550 x 102 1.88 x 10°

2 Std 9.77 x 100 1.18 x 101 1.95 x 10? 0.00 x 10° 8.94 x 10! 1.52 x 10! 1.28 x 101 2.71 x 102
p-value - 7.65 x 10710* 3,60 x 10716+ 108 x 10711~ 924 x 1071+ 601 x 1072~  6.66 X 10~17+  1.09 x 10734+

Median 4.08 x 102 4.03 x 102 4.40 x 102 5.00 x 102 1.52 x 103 3.50 x 103 4.72 x 102 5.13 x 102

F Mean 4.15 x 102 3.78 x 102 451 x 102 5.00 x 102 1.98 x 10° 3.07 x 103 451 x 102 5.13 x 102

28 Std 3.61 x 10! 6.75 x 101 5.21 x 10! 0.00 x 100 1.25 x 10° 9.06 x 102 7.00 x 10! 3.62 x 10°
p-value - 503 x 1072  332x1073* 227 x 1078+ 759 x 107°* 124 x 1072* 174 x 1072+  6.55 x 10721+
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Table 3. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 4.80 x 102 553 x 102 8.62 x 102 1.58 x 10° 1.34 x 10° 9.33 x 102 7.74 x 102 490 x 102
r Mean 4.80 X 102 5.73 x 102 9.05 x 102 1.60 x 10° 1.38 x 10° 1.11 x 103 8.17 x 102 5.00 x 102
29 Std 2.24 x 10! 8.08 x 101 1.86 x 102 2.07 x 102 413 x 102 6.02 x 102 2.37 x 102 244 x 10!
p-value - 504 x 1078 121 x 10717+ 397 x 1073+ 593 x 1077+ 495 x 1077+ 252 x 1071+ 2,04 x 1073+
Median 3.90 x 103 8.08 x 103 1.20 x 10* 5.00 x 10% 8.80 x 100 1.43 x 10* 9.44 x 103 6.47 x 102
r Mean 5.05 x 103 9.04 x 103 1.80 x 10* 6.79 x 10% 1.65 x 107 1.38 x 10* 2.08 x 10* 6.46 X 102
30 Std 2.81 x 103 557 x 103 1.77 x 10* 5.66 x 104 2.11 x 107 1.51 x 103 2.96 x 104 6.63 x 10!
p-value - 915 x 1074+ 258 x 107%* 151 x 1077+ 877 x 107°* 213 x 10721* 593 x 1073+  1.07 x 10711~
F21.30 w/t/l - 6/3/1 10/0/0 8/0/2 10/0/0 8/2/0 9/1/0 5/3/2
wit/l - 17/8/4 26/2/1 23/1/5 25/3/1 24/5/0 23/4/2 20/3/6
rank 1.93 2.66 4.83 5.38 7.28 5.86 3.69 438
Table 4. Comparison results between SCDLPSO and state-of-the-art PSO variants on the 50-D CEC 2017 benchmark functions.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.01 x 102 1.84 x 103 546 x 103 332 x 103 6.18 x 1010 459 x 107 1.64 x 103 2.15 x 104
F Mean 2.32 x 103 471 x 103 2.84 x 100 5.78 x 103 6.31 x 1010 1.29 x 108 1.25 x 10* 245 x 10%
I Std 2.71 x 103 6.06 x 103 1.52 x 107 7.38 x 10° 1.08 x 1010 3.33 x 108 4.75 x 10* 1.39 x 10*
Unimodal p-value - 220 x 1071= 321 x 1071+ 210 X 1072+  4.04 x 10738+ 4,08 x 1072+ 253 x1071= 123 x 1011+
Functions Median 1.38 x 10* 4.36 x 103 554 x 10* 3.70 x 10° 1.06 x 10° 5.19 x 10~10 5.68 x 10713 3.02 x 10*
F Mean 1.44 x 10* 4.62 x 103 5.83 x 104 3.70 x 10° 1.19 x 10° 2.37 x 104 3.31 x 10~12 3.33 x 104
3 Std 394 x 103 1.56 x 103 9.39 x 10° 5.40 x 10* 6.45 x 10% 6.07 x 10* 1.20 x 10711 1.89 x 10*
p-value - 126 x 1077~ 484 x 10731+ 592 x 10741+ 350 x 10712+ 411 x107'= 270x107%~ 207 x 107+
Fi3 w/t/l - 0/1/1 1/1/0 2/0/0 2/0/0 1/1/0 1/0/1 2/0/0
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Table 4. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.33 x 102 2.45 x 102 2.88 x 102 457 x 10! 8.68 x 103 2.38 x 102 2.96 x 102 1.73 x 10°
F Mean 1.23 x 102 2.34 x 102 2.93 x 102 5.50 x 101 8.83 x 10° 2.40 x 102 3.03 x 102 1.75 x 10°
4 Std 5.20 x 10! 5.08 x 10! 9.09 x 10! 2.53 x 10! 3.63 x 103 3.13 x 10! 6.31 x 10! 1.50 x 10*
p-value - 354 x 1071+ 348 x 10712+  412x 1078~ 108 x 10718+ 679 x 10715* 407 x 1077+ 595 x 10755+
Median 1.04 x 10! 8.16 x 10! 1.87 x 10% 410 x 10? 4.26 x 102 4.40 x 102 1.46 x 102 2.03 x 102
F Mean 1.08 x 101 8.53 x 10! 1.91 x 102 413 x 102 4.35 x 102 440 x 102 1.49 x 102 2.01 x 102
5 Std 3.61 x 10° 2.02 x 10! 3.82 x 10! 1.82 x 10! 6.20 x 101 2.10 x 10! 297 x 10! 1.52 x 10!
p-value - 521 X 10733+ 460 x 10733+ 138 x 1077+  6.58 x 10742+ 9,51 x 1079+  1.09 x 10732+  3.71 x 10756+
Median 514 x 1074 5.67 x 1072 3.00 x 100 9.77 x 1072 4.25 x 10! 571 x 100 1.75 x 1072 2.17 x 102
E Mean 6.37 x 104 1.53 x 1071 3.93 x 100 1.03 x 1071 429 x 10! 6.01 x 100 2.06 x 1072 2.16 x 102
6 Std 524 x 1074 2.87 x 1071 3.68 x 10° 2.85 x 1072 1.07 x 101 1.22 x 109 1.48 x 1072 2.07 x 10!
Simple p-value - 241x1073* 351 x1077* 550 x 1077+ 256 X 107+ 411 x 1073**  9.84 x 10719+ 285 x 1032+
Multirr}odal Median 6.18 x 101 1.60 x 102 3.18 x 102 4.72 x 102 1.04 x 10° 5.15 x 102 2.38 x 102 9.44 x 107°
F Functions Mean 6.22 x 101 1.64 x 102 3.35 x 102 4.71 x 102 1.02 x 10° 5.15 x 102 2.34 x 102 1.04 x 10~
7 Std 2.31 x 10° 3.63 x 10! 6.19 x 10! 1.80 x 10? 3.13 x 102 3.49 x 10! 3.79 x 10! 341 x 107>
p-value - 127 X 10726+ 144 x 10731+ 170 x 10771+  1.85x 1073+ 130 x 1077+ 420 x 10732+ 565 x 10776~
Median 9.45 x 10° 8.66 x 10! 1.96 x 102 413 x 102 4.35 x 102 444 x 102 1.40 x 102 2.39 x 102
F Mean 1.01 x 10! 8.93 x 10! 2.09 x 102 4.07 x 102 4.34 x 102 445 x 102 1.41 x 102 2.36 x 102
8 Std 3.34 x 10° 2.30 x 10! 6.12 x 10! 2.12 x 10! 6.72 x 10! 1.33 x 101 3.04 x 10! 1.74 x 10!
p-value - 219 X 10726+ 8.08 x 10725*  1.69 x 107%+ 543 x 10740+ 555 x 1078+ 6.67 x 10731+ 243 x 10757+
Median 5.89 x 101 1.50 x 10* 2.84 x 103 1.21 x 101 1.24 x 10* 1.10 x 10° 4.76 x 102 2.25 x 102
F Mean 1.57 x 10° 4.69 x 10! 3.34 x 103 2.24 x 10! 1.44 x 10* 1.13 x 10% 7.01 x 102 2.23 x 102
9 Std 3.67 x 10° 7.80 x 101 1.87 x 10° 2.85 x 10! 5.97 x 103 3.00 x 102 5.49 x 102 1.79 x 10!
p-value - 542 X 1073+ 130 x 10713+ 250 x 1074+ 715 x 107+ 634 x 1078+ 497 x 107°+ 522 x 10756~
Median 1.20 x 10* 5.22 x 10° 5.56 x 10° 1.20 x 10* 7.82 x 10° 1.31 x 10* 5.26 x 10° 5.04 x 103
F Mean 9.87 x 103 5.11 x 10° 5.56 x 103 1.16 x 10* 7.96 x 10° 1.31 x 104 5.73 x 103 5.14 x 103
10 Std 3.77 x 103 8.60 x 102 6.71 x 102 1.44 x 103 7.97 x 10% 434 x 102 1.53 x 103 1.10 x 108
p-value 7.01 x 1079~ 1.05x 1077~ 224 x1072* 981 x 1073~ 241 x107%* 939x1077~ 209 x 1078~
Fi10 w/t/l - 6/0/1 6/0/1 6/0/1 6/0/1 7/0/0 6/0/1 5/0/2
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Table 4. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 6.05 x 101 1.49 x 102 2.15 x 102 2.05 x 102 5.50 x 103 2.74 x 102 5.73 x 102 7.35 x 10°
r Mean 6.61 x 101 1.54 x 102 2.36 x 102 2.06 x 102 8.68 x 103 1.24 x 108 9.01 x 102 7.29 x 10°
1 Std 1.85 x 101 3.28 x 10! 9.86 x 10! 2.07 x 10! 7.82 x 10° 521 x 103 9.97 x 102 3.63 x 102
p-value - 341 x 10718+ 847 x 1078+ 112 x1073#* 176 x 1077+ 229 x 1071= 3.26 X 1073+ 254 x 10768+
Median 2.22 x 10° 3.96 x 10° 1.83 x 100 2.87 x 107 1.58 x 1010 2.56 x 107 1.98 x 10° 2.07 x 102
F Mean 2.78 x 10° 9.37 x 10° 8.82 x 100 3.46 x 107 1.66 x 1010 2.70 x 107 8.69 x 10° 2.15 x 102
12 Std 1.61 x 10° 1.32 x 10° 2.40 x 107 2.24 x 107 8.14 x 10° 1.13 x 107 1.46 x 107 3.49 x 10!
p-value - 142 X 1073+ 601 x 1072 216 x 10711+ 948 x 10716+ 193 x 10718+ 305 x 1073+ 524 x 10713~
Median 3.29 x 103 2.14 x 103 3.80 x 103 2.26 x 10° 7.08 x 10° 3.78 x 10* 3.56 x 103 2.79 x 107
F Mean 590 x 103 4.53 x 103 7.76 x 103 2.84 x 100 7.30 x 10° 1.03 x 10° 1.82 x 10° 3.05 x 107
13 Std 6.31 x 103 4.68 x 103 9.15 x 103 1.77 x 106 5.13 x 107 5.34 x 10° 9.49 x 10° 1.21 x 107
p-value - 3.11 x 1071 = 371 x1071= 567 x 10712+ 235 x 10710+ 307 x 107!~ 323 x1071= 114 x 10719+
Median 2.21 x 10* 2.99 x 10% 4.09 x 10* 7.80 x 103 1.33 x 100 3.32 x 10° 1.94 x 10* 3.01 x 104
r Mean 3.49 x 10* 3.58 x 10% 2.30 x 10° 8.34 x 103 3.25 x 10° 3.92 x 10° 2.16 x 10° 3.26 x 10%
14 Hybrid Std 2.94 x 10* 2.68 x 10% 5.29 x 10° 255 x 103 6.94 x 10° 3.44 x 10° 5.80 x 10° 1.10 x 10*
Functions p-value - 511 x 1071= 5.25 x 1072~ 1.02x 107~ 157 x1072*  6.69 x 10~7*  9.80 x 1072~ 7.02 x 1071=
Median 7.16 x 10° 2.71 x 103 7.12 x 103 418 x 10° 7.14 x 107 3.16 x 10* 3.08 x 103 458 x 10°
E Mean 6.48 x 103 4.02 x 103 1.46 x 10* 447 x 10° 423 x 108 2.35 x 1007 6.26 x 103 5.01 x 10°
15 Std 435 x 103 4.07 x 103 2.54 x 10* 2.19 x 10° 8.11 x 108 7.71 x 1007 1.22 x 10* 250 x 10°
p-value - 479 x 1072~ 931 x 1072~ 148 x 1071+  6.78 x 1073+ 1.07 x 1071= 929 x 1071=  2.69 x 10715+
Median 4.14 x 102 9.22 x 102 1.62 x 10° 3.74 x 103 2.62 x 103 3.20 x 103 1.54 x 103 1.72 x 10°
F Mean 4.29 x 10? 9.45 x 102 1.70 x 10% 3.78 x 103 2.68 x 103 321 x 103 1.59 x 103 1.81 x 10°
16 Std 2.14 x 102 3.49 x 102 435 x 102 2.22 x 102 6.31 x 102 1.96 x 102 4.61 x 102 7.35 x 102
p-value - 1.09 X 107°*  1.80 x 102+ 288 x 10753+ 115 x 10-%+ 358 x 1070+ 935 x 10718+ 837 x 10714+
Median 2.48 x 102 8.63 x 102 1.15 x 10° 2.34 x 103 2.61 x 103 2.06 x 103 9.67 x 102 1.34 x 10°
r Mean 3.70 x 102 8.40 x 102 1.17 x 10% 2.34 x 103 2.58 x 103 220 x 103 1.00 x 103 1.33 x 103
7 Std 2.98 x 102 2.46 x 102 2.97 x 102 1.76 x 102 4.68 x 102 7.09 x 102 2.66 x 102 2.29 x 102
p-value - 111 x 1078+ 159 x 1014+ 1.82 x 1073+ 293 x 10+ 149 x 10718+ 843 x 10712+ 720 x 10720+
Median 9.30 x 10* 1.67 x 10° 3.12 x 100 3.39 x 10° 4.48 x 10° 5.68 x 10° 1.36 x 106 1.05 x 10°
r Mean 1.30 x 10° 341 x 10° 5.58 x 10° 3.69 x 10° 9.85 x 10° 8.35 x 10° 2.45 x 10° 1.03 x 103
18 Std 8.55 x 104 4.26 x 10° 571 x 100 1.28 x 10° 1.88 x 107 6.36 x 100 2.70 x 106 1.59 x 10%
p-value - 567 x 1073+ 338 x 107°* 135 x 10721* 713 x1073* 335 x 107°* 208 x 1075+ 410 x 10711~
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F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.43 x 10* 1.06 x 10* 1.30 x 10* 3.06 x 10* 2.16 x 107 252 x 103 8.92 x 103 1.33 x 100
r Mean 1.43 x 10* 1.19 x 10* 151 x 104 3.56 x 10% 2.27 x 108 2.51 x 103 1.18 x 10* 1.37 x 106
19 Std 7.16 x 103 8.67 x 103 1.38 x 104 1.83 x 10* 459 x 108 1.72 x 101 9.93 x 103 6.37 x 10°
Hybrid p-value - 123 x 1071= 770 x 1071= 257 x 1077+ 9.88 x 1073* 217 x 10712~ 281 x 107!  1.40 x 10716+
Functions Median 8.70 x 102 4.75 x 102 9.58 x 102 1.56 x 103 1.36 x 10° 1.72 x 10° 744 x 102 3.53 x 102
F Mean 7.04 x 102 4.82 x 102 9.01 x 102 1.56 x 10° 1.32 x 10° 1.70 x 10° 7.43 x 102 5.48 x 102
20 Std 5.18 x 102 2.07 x 102 2.96 x 102 3.18 x 102 3.37 x 102 1.35 x 102 2.66 x 102 461 x 102
p-value - 291 x 1072~ 794 x 1072 292 x 1071°* 166 x 1076+ 249 x 10~M+ 717 x107'= 233 x 1071+
Fi120 w/t/l - 5/3/2 4/6/0 9/0/1 10/0/0 6/3/1 5/5/0 6/2/2
Median 2.18 x 102 2.81 x 102 3.77 x 102 596 x 102 5.98 x 102 6.34 x 102 3.36 x 102 6.29 x 102
F Mean 2.19 x 102 2.82 x 102 402 x 102 5.98 x 102 6.13 x 102 6.36 x 102 3.46 x 102 6.08 x 102
A Std 432 x 100 1.93 x 10! 6.26 x 101 1.81 x 10! 6.90 x 10! 1.65 x 10! 416 x 10! 1.50 x 102
p-value - 3.92 X 1072+ 148 x 10722*  6.05 x 10799+ 163 x 1073+ 139 x 1073+ 2.85x 1072+  3.56 x 10-20+
Median 3.76 x 103 5.54 x 103 6.39 x 103 1.30 x 10* 8.15 x 103 1.33 x 104 6.48 x 103 448 x 102
r Mean 6.52 x 10° 461 x 103 6.14 x 103 1.29 x 104 8.12 x 103 1.32 x 104 5.88 x 103 4.46 x 10>
2 Std 414 x 103 2.32 x 103 1.52 x 108 7.68 x 10% 1.12 x 108 3.66 x 102 3.61 x 103 1.99 x 10!
p-value - 539 x 1072~ 651 x1071= 368 x 1071+ 485 x 1072+ 382 x 107 12* 533 x107'= 894 x 10711~
B Median 521 x 102 5.21 x 102 6.42 x 102 8.94 x 102 122 x 10° 8.58 x 102 6.65 x 102 7.71 x 10%
E Composition Mean 5.27 x 10? 5.19 X 10% 6.50 x 102 9.04 x 10 1.25 x 10° 8.56 x 102 6.80 x 10° 7.19 x 103
23 Functions Std 3.04 x 10! 2.93 x 10! 5.85 x 10! 5.59 x 10! 1.82 x 102 1.38 x 10! 8.50 x 10! 1.70 x 103
p-value - 727 x1071= 326 x 1071+  1.86 x 10738+ 939 x 10-¥* 716 x 10751+ 753 x 1013+  7.69 x 1072+
Median 591 x 10! 6.03 x 102 7.06 x 102 1.14 x 10° 1.30 x 10° 9.06 x 102 7.38 x 102 6.69 x 102
F Mean 5.98 x 102 6.28 x 102 7.09 x 102 1.15 x 103 132 x 10° 9.06 x 102 7.49 x 102 6.66 x 102
24 Std 3.21 x 10! 8.09 x 10! 7.38 x 10! 1.38 x 102 1.26 x 102 1.22 x 101 9.38 x 10! 1.51 x 10!
p-value - 513 x1071= 481 x 10710+ 130 x 1072+  6.07 x 107+ 144 x 10748+ 254 x 10711+ 676 x 10715+
Median 4.80 x 102 5.95 x 102 6.74 x 102 431 x 10? 4.84 x 103 5.58 x 102 6.61 x 10% 8.25 x 102
F Mean 5.08 x 102 5.93 x 102 6.76 x 102 433 x 102 5.22 x 103 559 x 102 6.66 x 102 8.20 x 102
% Std 3.86 x 10! 2.38 x 10! 6.58 x 101 8.36 x 10° 2.83 x 10° 9.38 x 1000 7.00 x 101 3.20 x 10!
p-value - 438 x 10715+ 372 x 10777+ 139 x 107~ 151 x 10712+ 436 x 107°* 317 x 1071°* 124 x 1073+
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Table 4. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.84 x 10° 1.73 x 103 3.98 x 103 7.50 x 103 1.05 x 10* 5.62 x 103 2.96 x 103 5.37 x 102
r Mean 1.89 x 10° 1.28 x 103 407 x 103 7.72 x 103 1.04 x 10* 5.60 x 103 3.04 x 103 5.37 x 102
26 Std 1.65 x 102 8.75 x 102 1.02 x 10° 2.13 x 103 1.97 x 10° 1.86 x 102 6.50 x 102 438 x 10°
p-value - 358 x 1075~ 243 x 10716+ 329 x 1072+ 359 x 10731+ 321 x 1071+  6.05x 10713+ 220 x 10746~
Median 6.66 x 102 6.99 x 102 9.01 x 102 5.00 x 102 1.39 x 1003 7.18 x 102 5.48 x 102 3.65 x 103
F Mean 6.79 x 102 7.17 x 102 9.06 x 102 5.00 x 102 1.44 x 1003 7.32 x 102 5.50 x 102 3.58 x 103
2 Std 6.07 x 10! 8.03 x 10! 9.24 x 10! 0.00 x 100 2.58 x 102 7.84 x 10! 1.28 x 101 2.08 x 102
p-value - 725 x 1073* 707 x 10716+ 802 x 1072~ 286 x 1072+ 622 x1073* 393 x 1071~  1.94 x 1078+
Median 459 x 102 5.39 x 102 6.68 x 102 5.00 x 102 7.56 x 103 5.44 x 103 4.72 x 102 6.54 x 102
F Mean 4.74 x 102 5.43 x 102 6.77 x 102 5.00 x 102 7.80 x 10° 5.34 x 103 4.51 x 10? 6.53 x 102
28 Std 2.69 x 10! 3.56 x 10! 6.99 x 101 0.00 x 10° 1.47 x 10° 448 x 102 7.00 x 101 2.16 x 10!
p-value - 3.50 x 1011+ 461 x 10721+ 237 x 1076+ 241 x 1073+ 3,07 x 1073+  1.02x107'=  2.69 x 10735+
Median 498 x 102 8.54 x 102 1.43 x 10° 3.26 x 103 3.73 x 103 2.10 x 103 7.74 x 102 1.69 x 10°
r Mean 5.17 x 102 8.60 x 102 1.43 x 10° 3.25 x 103 4,01 x 103 2.24 x 103 8.17 x 102 1.78 x 10°
29 Std 1.27 x 102 1.93 x 102 2.49 x 102 2.65 x 102 1.07 x 10° 5.86 x 102 2.37 x 102 453 x 102
p-value - 1.67 x 10711+ 715 x 1072+ 216 x 107+ 940 x 1075+ 291 x 10~22* 126 x 1077+ 643 x 10721+
Median 7.96 x 10° 1.82 x 10° 2.00 x 10° 2.39 x 100 3.41 x 108 1.46 x 10° 2.00 x 106 1.04 x 103
F Mean 8.26 x 10° 1.86 x 10° 2.36 x 10° 2,51 x 10° 4.80 x 108 1.16 x 107 2.40 x 10° 1.03 x 103
30 Std 1.11 x 10° 3.34 x 10° 8.05 x 10° 9.62 x 10° 7.04 x 108 5.37 x 107 1.44 x 10° 1.62 x 102
p-value - 417 X 10724+ 1.69 x 1071+ 312 x 1071+ 536 x 1074+ 2.87 x 1071 = 225 X 1077+ 6.00 x 107*~
Fr1-30 w/t/l - 6/3/1 9/1/0 8/0/2 10/0/0 9/1/0 7/2/1 7/0/3
wit/l - 17/7/5 20/8/1 25/0/4 28/0/1 23/5/1 19/7/3 20/2/7
rank 2.14 245 4.72 5.07 7.41 6.17 3.52 452
Table 5. Comparison results between SCDLPSO and state-of-the-art PSO variants on the 100-D CEC 2017 benchmark functions.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.94 x 108 3.97 x 103 2.62 x103 4.08 x 103 2.15 x 1011 7.93 x 10° 1.46 x 10* 2.71 x 10*
F Unimodal Mean 5.40 x 10° 7.78 x 103 6.22 x 103 7.17 x 10 2.19 x 10" 8.00 x 10° 3.49 x 10* 3.69 x 108
! Functions Std 491 x 10% 8.48 x 103 7.24 x 103 8.26 x 103 3.66 x 1010 1.30 x 10° 5.38 x 10* 472 x 108
p-value 465 x 1072+ 214 x107'= 987 x 1072 107 x 10738+ 198 x 1073+ 336 x 1073+ 8.88 x 1075+
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F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO

Median 1.74 x 10° 7.15 x 10% 2.54 x 10° 1.04 x 100 494 x 10° 2.72 x 1078 1.92 x 10° 3.53 x 10*
Fs Mean 1.72 x 10° 7.11 x 10* 253 x 10° 1.03 x 100 5.19 x 10° 251 x 107 1.98 x 10° 4.60 x 104
Std 2.09 x 104 1.09 x 10* 3.05 x 10% 1.18 x 10° 1.67 x 10° 1.34 x 1010 2.70 x 10% 2.70 x 10*

p-value - 3.66 x 1072~ 115 x 10716+ 426 x 1078+ 731 x 1071+ 316 x 1071~ 334 x 1074+ 713 x 10728~

Fi3 w/t/l - 1/0/1 1/1/0 1/1/0 2/0/0 1/1/0 2/0/0 1/0/1

Median 2.18 x 102 4.89 x 102 6.28 x 102 2.02 x 102 5.03 x 10* 7.20 x 102 1.62 x 103 5.67 x 10°
E, Mean 2.18 x 102 4.88 x 102 7.03 x 102 2.05 X 102 5.16 x 10* 7.50 x 102 1.58 x10° 5.66 x 10°
Std 1.98 x 10! 6.07 x 101 1.82 x 102 5.34 x 10! 1.47 x 10* 1.11 x 102 4,02 x 102 5.55 x 10*

p-value - 1.65 x 1073+ 121 x 10720+ 221 x1071= 241 x 10726* 4.60 x 10733+ 137 x 10725+ 1.09 x 10751+
Median 2.59 x 10! 2.15 x 102 5.36 x 102 1.03 x103 1.24 x10% 1.07 x103 4.44 x 102 2.74 x 10%
Fs Mean 2.59 x 10! 2.22 x 102 5.55 x 102 1.03 x 103 1.23 x103 1.07 x10° 451 x 102 2.82 x 102
Std 3.52 x 10! 444 x 10! 1.09 x 102 4.69 x 10! 1.57 x 102 2.54 x 10! 8.62 x 101 2.03 x 10!

p-value - 2.07 X 10730+ 872 x 1073+ 507 x 10770+ 111 x 10~#* 254 x 1078+ 4.04 x 1073+ 1.48 x 10756+
Median 3.73 x 1072 4.61 x 10° 1.85 x 101 2.36 x 1071 7.13 x 10! 2.92 x 10! 242 x 100 7.74 x 102
3 Mean 5.58 x 102 5.06 x 10° 1.78 x 101 2.78 x 107! 7.14 x 10! 2.92 x 10! 3.03 x 10° 7.72 x 102
Std 5.01 x 102 3.54 x 100 6.21 x 10° 2.20 x 1071 9.32 x 10° 1.54 x 10° 1.97 x 109 2.83 x 10!

Simple p-value - 143 x 1079* 354 x 1072*  1.86 X 107%* 116 x 10~** 341 x 107+ 3.67 x 10711+ 2,52 x 10776+
Multimodal Median 1.38 x 102 431 x 102 1.22 x10° 112 x 108 402 x 103 1.45 x 103 7.43 x 102 8.98x 1077
E Functions Mean 1.39 x 102 449 x 102 1.23 x10° 1.13 x 10° 413 x 103 1.52 x 103 7.62 x 102 7.95% 1073
Std 5.87 x 100 8.30 x 10! 1.99 x 102 3.75 x 101 7.71 x 102 1.72 x 102 1.19 x 102 2.08x 1072

p-value - 7.75 X 10728+ 126 x 1073+  3.60 x 10775+ 291 x 10735+ 731 x 1074+ 179 x 10735+ 1.07x 10772~
Median 2.89 x 10! 213 x 102 5.29 x 102 1.02 x103 1.22 x10° 1.06 x10° 4.68 x 102 7.71 x 102
Fy Mean 2.93 x 10! 2.13 x 102 554 x 10% 1.03 x103 1.25 x103 1.06 x103 5.10 x 102 7.69 x 10?
Std 421 x 10° 3.84 x 10! 8.00 x 10! 3.98 x 10! 1.43 x 102 2.61 x 10! 1.53 x 102 5.38 x 10!

p-value - 1.95 x 10732+ 717 x 10741+ 508 x 10774+ 344 x 1074+ 273 x 1078+ 3.96 x 10724+ 5.03 x 1075+
Median 1.89 x 10 4.19 x 102 1.38 x 10* 1.16 x 10° 4.41 x 10* 1.32 x 10* 1.28 x 10* 7.89 x 102
Fo Mean 2.59 x 10! 5.62 x 102 1.40 x 10* 2.29 x 103 4.65 x 10* 1.33 x 104 1.41 x 10* 7.88 x 102
Std 2.49 x 10! 412 x 102 4.05 x 103 295 x 103 9.32 x 103 1.58 x 10° 7.09 x 103 3.20 x 10!

p-value - 491 x 1071+ 457 x 10726+ 113 x 1074+ 203 x 1073+ 589 x 1074+ 221 x 1075+ 566 x 1077+




Mathematics 2022, 10, 761 26 of 34
Table 5. Cont.
F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO

Median 1.05 x 10* 1.22 x 10* 1.36 x 10* 3.03 x 10* 1.87 x 10* 3.01 x 10* 1.98 x 10* 2.65 x 10*

r Mean 1.55 x 10% 1.24 x 104 1.34 x 10* 3.02 x 10% 1.86 x 10* 3.01 x 10* 2.07 x 10* 2.58 x 10*

10 Std 8.91 x 103 1.36 x 10° 1.08 x 10° 8.44 x 102 2.19 x 103 4.22 x 102 3.69 x 103 3.20 x 103
p-value - 495x 1072~ 167 x107'= 446 x 10712+  935x 1072~ 4.84 x 10712+ 740 x 1073+ 353 x 107"

Fiq0 w/t/l - - 6/0/1 6/0/1 6/1/0 6/1/0 7/0/0 7/0/0

Median 8.01 x 102 1.15 x103 2.74 x10% 2.24 x 10% 1.42 x 10° 1.44 x103 2.51 x 10% 2.26 x 10*

F Mean 8.31 x 102 1.18 x 10° 342 x 103 2.46 x 10* 1.56 x 10° 3.89 x 103 2.38 x 10* 2.26 x 10*

1 Std 1.52 x 102 2.31 x 102 1.92 x 103 9.75 x 103 6.76 x 10* 5.95 x 103 8.81 x10° 5.20 x 102
p-value - 503 x 107°+ 118 x 107°* 4.85 x 10719+ 725 x 10718+ 763 x 1073+ 252 x 10720+ 526 x 1078+

Median 5.91 x 10° 1.18 x 107 5.19 x 107 1.51 x 107 6.93 x 1010 6.02 x 108 2.31 x 108 2.94 % 103

E Mean 6.04 x 10° 1.81 x 107 8.56 x 107 1.65 x 107 7.75 x 1010 6.53 x 108 3.13 x 108 3.00 x 10°

12 Std 3.25 x 10° 1.87 x 107 9.57 x 107 7.77 x 100 2.82 x 1010 455 x 108 2.64 x 108 7.24 x 102
p-value - 6.65 X 107+ 122 x107%* 771 x 10716+ 251 x 10721+ 1.82x 10710+ 340 x 1078+ 277 x 1071~

Median 2.46 x 103 3.11 x 103 413 x 108 6.18 x 103 1.06 x 10° 1.24 x 10 1.18 x 10* 1.02 x 108

r Mean 4.14 x 103 442 x 103 6.81 x 103 1.11 x 10* 9.85 x 10° 1.28 x 108 2.56 x 107 1.01 x 108

13 Std 4.23 x 103 3.81 x 103 5.71 x 103 1.41 x 10* 478 x 10° 2.63 x 108 1.36 x 108 2.98 x 107
Hybrid p-value - 657 x1071= 476 x 1072* 132 x 1072* 555 x 10716+ 113 x 1072+ 315x 10717 122 x 1075+

Functions Median 7.92 x 104 2.26 x 10° 9.20 x 10° 2.10 x 10° 2.37 x 107 3.82 x 10° 5.15 x 10° 5.23 x 10*

E Mean 8.59 x 104 3.69 x 10° 1.48 x 106 2.38 x 100 3.30 x 107 5.14 x 10° 2.70 x 10° 5.43 x 104

4 Std 3.53 x 10 4.94 x 10° 1.37 x 10° 8.62 x 10° 2.89 x 107 6.48 x 10° 3.96 x 10° 217 x 10*
p-value - 325X 1073* 995 x 1077+ 118 x 1072+ 820 x 10~ %* 952x 107°* 751 x 1074+ 807 x 107>~

Median 1.06 x 103 1.54 x 103 2.32 x 103 5.08 x 10% 4.72 x 10° 7.66 x 10° 2.72 x 103 5.12 x 100

F Mean 2.64 x 103 2.78 x 103 4.88 x 10° 7.18 x 10* 5.09 x 10° 2.96 x 107 1.18 x 10* 5.21 x 10°

15 Std 467 x 10° 3.21 x 103 547 x 103 6.60 x 10% 2.66 x 10° 1.11 x 108 598 x 10° 1.52 x 106
p-value - 626 x 1071= 989 x 1072~ 550 x 10~7* 9.75x 107+ 155x 1071~  3.06 x 1071~  5.68 x 10726+

Median 1.26 x 10° 2.90 x 103 3.71 x 103 8.82 x 103 8.86 x 103 8.44 x 103 4.64 x 103 6.39 x 103

F Mean 1.19 x 103 2.88 x 103 3.82 x 103 8.79 x 103 8.79 x 103 8.43 x 103 496 x 103 6.36 x 10°

16 Std 458 x 102 497 x 103 6.74 x 102 3.41 x 102 1.19 x 10° 3.33 x 102 1.66 x 10% 1.85 x 103
p-value - 1.89 x 10719+  1.09 x 10~2** 253 x 1078+ 146 x 10738+ 254 x 1075+ 524 x 1077+ 4.67 x 10721+
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F Category Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO

Median 1.31 x 10° 245 x 103 3.22 x 103 5.94 x 103 2.20 x 10* 5.62 x 103 3.42 x 103 413 x 103

r Mean 1.34 x 103 243 x 103 3.07 x 103 5.97 x 103 1.41 x 10° 6.07 x 103 3.35 x 103 409 x 103

7 Std 5.07 x 102 4.69 x 102 5.17 x 102 2.44 x 102 3.96 x 10° 1.62 x 10° 1.01 x 10° 3.01 x 102
p-value - 1.68 x 10711+ 130 x 10718+ 2,09 x 1074+ 630 x 1072=  1.39 x 10721+ 174 x 10713+ 814 x 10733+

Median 2.80 x 10° 3.87 x 10° 2.76 x 100 292 x 107 418 x 107 1.88 x 107 6.31 x 10° 3.37 x 103

F Mean 291 x 10° 472 x 10° 3.38 x 10° 3.20 x 107 4.62 x 107 2.62 x 107 1.32 x 100 3.32 x 103

18 Std 1.25 x 105 3.09 x 10° 2.09 x 10° 1.06 x 107 3.72 x 107 2.16 x 107 1.70 x 100 3.55 x 102
p-value - 7.87 x 1073+ 790 x 1011+ 409 x 10722+ 121 x 1078+ 232x 1078+ 193 x 1073+ 268 x 10718~

Hybrid Median 8.30 x 102 3.33 x 103 2.30 x 103 5.82 x 103 3.08 x 10° 2.60 x 10* 1.37 x 103 8.17 x 10°

E Functions Mean 2.07 x 103 455 x 103 4.86 x 10° 8.89 x 103 3.87 x 10° 8.66 x 107 9.63 x 10° 8.39 x 10°

19 Std 256 x 103 532 x 103 6.41 x 103 8.15 x 103 3.13 x 10° 2.13 x 108 5.08 x 10° 2.39 x 10°
p-value 523 x 1072=  3.35x 1072* 655 x 1075+  1.04 x 1078+ 330 x 1072* 312x107'= 178 x 10726+

Median 1.18 x 10° 2.16 x 103 2.88 x 103 5.70 x 103 3.86 x 10° 478 x 10° 3.46 x 103 342 x 103

r Mean 1.87 x 103 2.19 x 103 2.83 x 103 5.58 x 103 3.75 x 103 4.74 x 103 359 x 103 4.15 x 103

20 Std 1.32 x 108 439 x 102 4.93 x 102 5.74 x 102 6.26 x 102 2.62 x 102 9.00 x 102 2.05 x 103
p-value 484 x1071= 196 x 1073+ 172 x 107+ 200x 1078+ 771 x 1071+ 126 x 107°* 124 x 1075+

Fi1-20 w/t/l - 6/4/0 9/1/0 10/0/0 9/1/0 9/1/0 7/3/0 7/0/3

Median 2.88 x 102 454 x 102 7.91 x 102 1.22 x 10° 1.62 x 10° 1.30 x 103 7.46 x 102 2.21 x 103

F Mean 2.94 x 102 459 x 102 7.87 x 102 123 x 10° 1.62 x 10% 1.29 x 103 7.89 x 102 2.20 x 103

21 Std 1.83 x 101 5.25 x 10! 8.43 x 10! 3.66 x 10! 1.70 x 102 3.07 x 10! 1.81 x 102 2.25 x 102
p-value - 6.13 X 10724+ 127 x 1073+ 930 x 10-72* 517 x 1074+ 716 x 10~77* 328 x 10721+ 479 x 10~47+

Median 9.97 x 103 1.38 x 10* 1.46 x 10* 3.09 x 10* 1.98 x 10* 3.08 x 10 2.30 x 10* 1.02 x 103

4 4 4 4 4 4 4 3

Fy Composition Mean 1.27 x 10 1.27 x 10 1.46 x 10 3.07 x 10 1.99 x 10 3.07 x 10 2.35 x 10 1.02 X 10

Functions Std 6.78 x 10° 440 x 10° 1.35 x 10° 8.81 x 10? 2.37 x 10° 3.97 x 10? 424 x 10° 2.84 x 10!
p-value - 726 x1071= 144 x 107! 153 x 10720+ 144 x 1076+ 128 x 10720+  1.02 x 107°* 454 x 10713~

Median 7.60 x 10% 8.16 x 102 1.04 x 103 1.70 x 108 2.58 x 103 1.51 x 103 1.39 x 10° 2.33 x 10*

F Mean 7.62 X 102 8.19 x 102 1.07 x 103 1.83 x 10° 2.53 x 103 1.51 x 103 1.39 x 10° 2.34 x 10*

23 Std 479 x 10! 5.65 x 10! 1.09 x 102 3.60 x 102 2.47 x 102 2.84 x 10! 1.92 x 102 5.35 x 102
p-value - 6.24 x 1074+ 235 x 10720+ 810 x 1072+ 146 x 1072+ 122 x 10758+ 238 x 10~%+ 3.44 x 1078+




Mathematics 2022, 10, 761

28 of 34

Table 5. Cont.

F Quality SCDLPSO XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
Median 1.24 x 10° 1.20 x 10° 1.52 x 103 3.08 x 103 4,08 x 103 1.87 x 103 2.05 x 103 9.38 x 102
r Mean 1.24 x 10° 1.24 x 108 1.55 x 103 3.14 x 103 4.12 x 103 1.88 x 10° 2.03 x 103 9.36 X 102
24 Std 7.89 x 101 1.18 x 102 1.46 x 102 6.53 x 102 4.76 x 102 7.17 x 101 1.32 x 102 2.01 x 10!
p-value - 947 x 10717 448 x 1071+ 223 x 10722* 1.11 X 10738+ 1.37 x 10738+ 5.80 x 10735+ 4.00 x 10728~
Median 8.22 x 102 1.08 x 10° 1.29 x 10° 7.34 x 102 2.32 x 10* 2.82 x 103 1.79 x 10° 1.51 x 102
F Mean 8.00 x 102 1.09 x 10° 1.35 x 103 7.54 X 102 2.31 x 10* 2.80 x 103 1.77 x 10° 1.51 x 10°
% Std 5.76 x 101 7.59 x 10! 2.93 x 102 5.64 x 10! 6.09 x 103 2.29 x 102 2.76 x 102 2.84 x 10!
p-value - 1.71 X 10724+ 347 x 1071+ 303 x 1073~ 213 x 1072+ 378 x 1074+ 416 x 10726+ 8.76 x 10754+
Median 6.20 x 10° 5.36 x 10° 1.06 x 10* 2.54 x 10* 3.86 x 10* 1.43 x 10* 1.04 x 10* 9.32 x 102
F Mean 6.16 x 103 418 x 103 1.14 x 10* 2.62 x 104 3.74 x 10* 1.45 x 10* 1.10 x 10* 9.37 X 102
26 Std 4.81 x 102 245 x 103 2.40 x 103 7.04 x 10° 448 x 103 6.46 x 1002 2.29 x 103 3.87 x 10!
p-value - 209 x 1072~ 1.28 x 10716+  4.66 x 10722* 3.15 x 10742+ 5.88 x 10752+ 345 x 10716+ 3.19 x 1075~
Median 7.49 x 107 8.71 x 10? 1.12 x 103 5.00 x 102 3.20 x 103 7.61 x 107 1.23 x 103 1.12 x 10*
F Mean 7.66 x 102 8.83 x 102 1.12 x 10° 5.00 X 102 3.32 x 103 7.61 x 102 1.26 x 103 1.12 x 104
z Std 6.46 x 10! 7.08 x 101 1.75 x 102 0.00 x 100 8.62 x 102 4.86 x 10! 9.86 x 101 3.26 x 102
p-value - 215 X 1077+ 123 x 1071+ 536 x 1070~  7.09 x 1078+ 767 x 1071~ 318 x 10730+ 6.83 x 10780+
Median 5.64 x 102 8.31 x 102 1.33 x 10° 5.00 x 102 2.88 x 10* 1.34 x 10* 2.20 x 103 7.68 x 102
E Mean 5.72 x 102 8.32 x 102 1.37 x 10° 5.00 X 102 2.81 x 10* 1.34 x 104 2.29 x 103 7.68 x 102
28 Std 3.12 x 10! 426 x 10! 3.31 x 102 0.00 x 10° 447 x 103 2.57 x 102 5.64 x 102 2.39 x 10!
p-value - 111 x 10731+ 118 x 10718+ 671 x 10718~ 2,05 x 1073+ 312 x 10771+ 172 x 10723+ 2,04 x 10734+
Median 1.77 x 103 3.02 x 103 3.90 x 103 6.93 x 103 1.08 x 10* 6.16 x 103 4.38 x 103 1.28 x 10*
F Mean 1.82 x 103 3.03 x 103 391 x 103 6.87 x 103 1.71 x 10* 6.13 x 103 443 x 103 1.28 x 10*
29 Std 3.99 x 102 492 x 102 541 x 102 3.37 x 102 1.70 x 10* 8.58 x 102 6.82 x 102 3.67 x 10!
p-value - 242 x 10715+ 671 x 10724+ 220 x 10750+  1.00 x 1075+  2.60 X 10732* 3.49 x 10725+ 2,66 x 10-76+
Median 5.68 x 10° 2.87 x 10* 1.04 x 10° 7.89 x 10? 7.81 x 10° 1.26 x 10* 1.84 x 10° 3.45 x 10%
r Mean 7.04 x 103 3.55 x 10* 1.46 x 10° 7.99 X 102 8.40 x 10° 1.57 x 108 3.54 x 10° 3.39 x 103
30 Std 3.52 x 103 2.37 x 104 1.34 x 10° 2.13 x 102 421 x 10° 3.12 x 108 3.84 x 100 2.84 x 10?
p-value - 297 X 1077+ 676 x 1077+ 183 x 10713~ 204 x 10715+ 868 x 1073+ 647 x 107%* 699 x 1077~
Fr1-30 w/t/l - 7/2/1 9/1/0 6/0/4 10/0/0 9/1/0 10/0/0 6/0/4
w/t/l - 20/6/3 25/3/1 23/2/4 26/3/0 26/3/0 26/3/0 20/0/9

rank 1.69 2.66 3.97 4.86 7.45 5.93 4.97 4.48
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Table 6. Statistical comparison results between SCDLPSO and the seven state-of-the-art PSO variants
on the CEC 2017 benchmark set with different dimensions in terms of “w/t/1”.

Category D XPSO TCSPSO DNSPSO AWPSO CLPSO_LS GLPSO CLPSO
30 0/1/1 1/1/0 2/0/0 2/0/0 1/1/0 0/1/1 2/0/0
Unimodal 50 0/1/1  1/1/0  2/0/0  2/0/0  1/1/0  1/0/1  2/0/0
Functions
100 1/0/1 1/1/0 1/1/0 2/0/0 1/1/0 2/0/0 1/0/1
Simple 30 6/0/1  6/0/1  5/0/2  6/0/1  6/1/0  6/0/1  5/0/2
Multimodal 50 6/0/1 6/0/1 6/0/1 6/0/1 7/0/0 6/0/1 5/0/2
Functions 100 6/0/1 6/0/1 6/1/0  6/1/0  7/0/0  7/0/0  6/0/1
30 5/4/1 9/1/0 8/1/1 7/3/0 9/1/0 8/2/0 8/0/2
Hybrid 50 5/3/2  4/6/0  9/0/1  10/0/0  6/3/1  5/5/0  6/2/2
Functions
100 6/4/0 9/1/0 10/0/0 9/1/0 9/1/0 7/3/0 7/0/3
30 6/3/1 10/0/0 8/0/2 10/0/0 8/2/0 9/1/0 5/3/2
Composition 50 6/3/1 9/1/0 8/0/2 10/0/0 9/1/0 7/2/1 7/0/3
Functions
100 7/2/1 9/1/0 6/0/4 10/0/0 9/1/0 10/0/0 6/0/4
30 17/8/4 26/2/1 23/1/5 25/3/1 24/5/0 23/4/2 20/3/6
Whole Set 50 17/7/5 20/8/1 25/0/4 28/0/1 23/5/1 19/7/3 20/2/7
100 20/6/3 25/3/1 23/2/4 26/3/0 26/3/0 26/3/0 20/0/9
As shown in Table 3, the comparison results on the 30-D CEC 2017 benchmark prob-
lems can be summarized as follows:

(1) As shown in the last row of Table 3, the proposed SCDLPSO achieves the lowest rank
in terms of the Friedman test, and its rank is much smaller than those of the other
algorithms. This demonstrates that SCDLPSO achieves the best overall performance
on the 30-D CEC 2017 benchmark set and its overall performance is much superior to
the compared algorithms.

(2) The second to last row of Table 3 shows that SCDLPSO performs much better than
the seven compared algorithms from the perspective of the Wilcoxon rank sum test.
Specifically, compared with TCSPSO, DNSPSO, AWPSO, CLPSO_LS, GLPSO, and
CLPSO, SCDLPSO achieves significantly superior performance to the other algorithms
on at least 20 problems, and displays inferiority to them on at most six problems.
Compared with XPSO, the proposed SCDLPSO shows significant superiority on
17 problems and is worse than XPSO on only four problems.

(3) Interms of the comparison results on different types of optimization problems, on

the two unimodal problems, SCDLPSO outperforms DNSPSO, AWPSO, and CLPSO,
while it achieves competitive performance with XPSO, TCSPSO, CLPSO_LS, and
GLPSO. On the seven simple multimodal problems, SCDLPSO presents significant
superiority to the seven compared algorithms on at least five problems. As for
the 10 hybrid problems, except for XPSO, SCDLPSO performs significantly better
than the other compared PSO variants on at least seven problems. In comparison
with XPSO, SCDLPSO shows great superiority on five problems and is defeated by
XPSO on only one problem. In terms of the 10 composition problems, SCDLPSO is
significantly better than AWPSO and TCSPSO on all of these problems. It achieves
better performance than DNSPSO, CLPSO_LS, and GLPSO on eight, eight, and nine
problems, respectively. In comparison with XPSO and CLPSO, SCDLPSO outperforms
them on six and five problems respectively, and shows worse performance on only
one and two problems, respectively.
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Subsequently, from Table 4, we can draw the following conclusions in regard to the
comparison results between SCDLPSO and the compared state-of-the-art PSO variants on
the 50-D CEC 2017 benchmark problems:

(1) According to the last row of Table 4, SCDLPSO still achieves the lowest rank among
all algorithms. This demonstrates that SCDLPSO still obtains the best overall perfor-
mance on the 50-D CEC 2017 problems.

(2) From the perspective of the Wilcoxon rank sum test, as shown in the second to
last row of Table 4, SCDLPSO achieves better performance than TCSPSO, DNSPSO,
AWPSO, CLPSO_LS, and CLPSO on 20, 25, 28, 23 and 20 problems, respectively.
In comparison with XPSO and GLPSO, SCDLPSO outperforms them on 17 and
19 problems, respectively.

(38) As for the comparison results on different types of optimization problems, on the two
unimodal problems, SCDLPSO is significantly superior to DNSPSO, AWPSO, and
CLPSO on both problems, while it obtains very competitive performance with the
other compared algorithms. As for the seven simple multimodal problems, SCDLPSO
significantly outperforms the seven compared PSO variants on at least five problems.
On the 10 hybrid problems, SCDLPSO achieves significantly better performance than
DNSPSO and AWPSO on 9 and 10 problems, respectively. In competition with the
other five compared PSO variants, SCDLPSO shows no inferiority to them on at least
eight problems. Confronted with the 10 composition problems, SCDLPSO presents
great superiority to the seven compared PSO variants on at least six problems, and
displays inferiority to them on at most three problems.

At last, from Table 5, the following conclusions can be drawn from the comparison
results between SCDLPSO and the compared state-of-the-art PSO variants on the 100-D
CEC 2017 benchmark problems:

(1) According to the averaged rank obtained from the Friedman test, SCDLPSO still ranks
first among all algorithms. This verifies that SCDLPSO consistently achieves the best
overall performance on the 100-D CEC 2017 benchmark set.

(2) From the results of the Wilcoxon rank sum test, SCDLPSO presents significant domi-
nance to the seven compared algorithms on at least 20 problems. In particular, com-
peted with AWPSO, CLPSO_LS, and GLPSO, SCDLPSO significantly outperforms
them on 26 problems, and shows no inferiority on any of the 29 problems.

(38) Regarding the comparison results for different types of optimization problems, on the
two unimodal problems, SCDLPSO is significantly superior to AWPSO and GLPSO
on both problems and achieves competitive performance with the other algorithms.
On the seven simple multimodal problems, SCDLPSO outperforms all seven com-
pared algorithms on at least six problems. When it comes to the 10 hybrid problem:s,
SCDLPSO achieves significantly better performance than all compared PSO variants
on at least six problems. Particularly, SCDLPSO significantly beats TCSPSO, DNSPSO,
AWPSO, and CLPSO_LS on at least nine problems, and shows no worse performance
than them on all 10 problems. As for the 10 composition problems, SCDLSPO out-
performs AWPSO and GLPSO on all of these problems, and wins the competition
with TCSPSO and CLPSO_LS on nine. When compared with XPSO, DNSPSO, and
CLPSO, SCDLPSO is superior on at least six problems and shows inferiority on at
most four problems.

Overall, as shown in Table 6, it is found that the proposed SCDLPSO consistently
shows great superiority to the compared state-of-the-art and representative PSO variants on
the CEC 2017 benchmark problem set with different dimension sizes. On the one hand, from
a comprehensive perspective, the above comparative experiments validate that SCDLPSO
preserves good scalability to solve optimization problems. On the other hand, after deep
investigation of the comparison results for different types of optimization problems, we
find that SCDLPSO performs particularly much better than the compared algorithms on
complicated problems, such as the multimodal problems, the hybrid problems and the
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composition problems. This demonstrates that SCDLPSO preserves the capability to solve
complex optimization problems. All of these examples of SCDLPSO superiority mainly
benefit from the proposed SCDL strategy, which affords high learning diversity and effec-
tiveness for particles. With this strategy, SCDLPSO can balance search intensification and
diversification well to explore and exploit the solution space to find high-quality solutions.

5. Conclusions

This paper has proposed a stochastic cognitive dominance leading particle swarm op-
timization (SCDLPSO) algorithm to tackle complicated optimization problems. Specifically,
in this optimizer, a random triad topology is employed for each particle to communicate
with two other particles randomly selected from the swarm. Then, the historical cognitive
experiences of the three particles are allowed to compete with each other. Only when at
least one of the personal best positions of the two randomly selected particles shows domi-
nance to the personal best position of the particle to be updated, this particle is updated by
learning from the two best cognitive experiences; otherwise this particle is not updated and
directly enters the next generation. In this way, high learning diversity can be maintained
due to the random interaction, and at the same time, high learning effectiveness can be
preserved because each updated particle learns from the two best experiences. Therefore,
the proposed SCDLPSO is expected to explore and exploit the solution space appropriately
during the evolution.

Extensive comparative experiments were conducted on the CEC 2017 benchmark
problem set with three different dimension sizes by comparing SCDLPSO with seven
state-of-the-art and representative PSO variants. The experimental results demonstrate
that SCDLPSO consistently achieves great superiority to the compared algorithms on most
problems with the three dimension sizes. In particular, it was verified that SCDLPSO
performs much better than the compared algorithms on complicated problems, such as
multimodal problems, hybrid problems and composition problems. Therefore, SCDLPSO
can be considered as a promising optimizer for optimization problems, especially the
complicated ones.
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