DCWPSO: particle swarm optimization
with dynamic inertia weight updating and
enhanced learning strategies

Yibo Han', Meiting Lin?, Ni Li*?, Qi Qi’, Jinqing Li" and Qingxin Liu"

' School of Computer Science and Technology, Hainan University, Haikou, China

2 School of Mathematics and Statistics, Hainan Normal University, Haikou, China

% Key Laboratory of Data Science and Smart Education of Ministry of Education, Hainan Normal
University, Haikou, China

ABSTRACT

Particle swarm optimization (PSO) stands as a prominent and robust meta-heuristic
algorithm within swarm intelligence (SI). It originated in 1995 by simulating the
foraging behavior of bird flocks. In recent years, numerous PSO variants have been
proposed to address various optimization applications. However, the overall
performance of these variants has not been deemed satisfactory. This article
introduces a novel PSO variant, presenting three key contributions: First, a novel
dynamic oscillation inertia weight is introduced to strike a balance between

exploration and exploitation; Second, the utilization of cosine similarity and dynamic
neighborhood strategy enhances both the quality of solution and the diversity of
particle populations; Third, a unique worst-best example learning strategy is
proposed to enhance the quality of the least favorable solution and consequently
improving the overall population. The algorithm’s validation is conducted using a
test suite comprised of benchmarks from the CEC2014 and CEC2022 test suites on
real-parameter single-objective optimization. The experimental results demonstrate
the competitiveness of our algorithm against recently proposed state-of-the-art PSO
variants and well-known algorithms.
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years due to their ability to efficiently solve complex problems across various domains,
such as, medicine, engineering, etc. These algorithms, inspired by natural phenomena or
artificial intelligence principles, leverage advanced computational techniques to explore
solution spaces and find optimal or near-optimal solutions. The intersection of
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nature-inspired computing, machine learning, and optimization has paved the way for the
development of highly adaptive and efficient algorithms capable of addressing real-world
challenges. One prominent category within this realm is metaheuristic algorithms, which
encompass a diverse set of optimization techniques. Metaheuristics, such as genetic
algorithm (GA) (Wang, 2003), artificial bee colony (ABC) (Karaboga, 2010), differential
evolution (DE) (Price, 1996), simulated annealing (SA) (Bertsimas ¢ Tsitsiklis, 1993), ant
colony optimization (ACO) (Dorigo, Birattari ¢» Stutzle, 2006) and Particle swarm
optimization (PSO) (Kennedy ¢ Eberhart, 1995), mimic natural processes or societal
behaviors to iteratively improve candidate solutions.

PSO has emerged as a powerful optimization algorithm, drawing inspiration from the
collective behavior of birds and fish. In 1995, Kennedy and Eberhart introduced the PSO
algorithm, which navigates the problem space through the continuous adjustment of
particles’ velocity and position (Kennedy ¢» Eberhart, 1995). Its simplicity, ease of
implementation, and ability to explore high-dimensional solution spaces have made it a
popular choice for solving complex optimization problems in various domains.
Nevertheless, the investigation uncovered shortcomings in the PSO algorithm, particularly
in terms of premature convergence and diminished convergence performance, especially
as the optimization problem dimension increases (Liang et al., 2006; Mendes, Kennedy &
Neves, 2004; Qu, Suganthan & Das, 2012).

The design of a rational and efficient evolutionary strategy has been a prevalent focus
among researchers in the current year. Employing a single learning strategy may constrain
the intelligence level of each particle, thereby diminishing the performance of PSO in
addressing optimization problems with intricate fitness scenarios. Consequently,
employing a hybrid learning strategy throughout the entire search process is considered to
enhance the diversity of particle populations. In this study, we propose a dynamic
oscillation inertia weight, cosine similarity based on dynamic neighborhood strategy and a
worst-best example learning strategy based on PSO (DCWPSO), which introduces
enhancements not only in the selection of inertia weights but also in the learning strategy.
The contributions of this article have the following aspects:

* A novel dynamic oscillation inertia weight is proposed to strike a more effective balance
between exploration and exploitation in the algorithm.

A dynamic neighborhood strategy is proposed, deviating from the singular selection of
Pbest and Gbest. Instead, particles are randomly chosen from their respective
neighborhoods. This modification shows beneficial in enhancing both the diversity of
particle motions and the diversity of particle populations. Additionally, the evolution of
particles is fine-tuned by considering the cosine similarity between Pbest and Gbest.

o Worst-best example learning strategy is introduced to fine-tune the worst particle
population, thereby enhancing the overall performance of the particle population.

The proposed algorithm undergoes analysis in terms of accuracy, stability, convergence
and statistical analysis through experiments compared with PSO variants and well-known
algorithms.
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The remainder of this article is organized as follows: “Related Work” introduces classic
PSO, parameter adjustment and strategy hybridization. “Proposed Algorithm” introduces
the proposed algorithm. “Experimental Results and Analysis” discusses setup of
experiments and analyzes experimental results. “Conclusions and Future Works” gives the
conclusion and directions for future work.

RELATED WORK

In this section, the primary focus is on the speed update mechanism of the canonical PSO
algorithm and the key strategies employed by researchers to enhance the PSO algorithm.

Canonical PSO

vi(t + 1) = wv(t) + c1r1(Pbest;(t) — xi(t)) + car2(Gbest(t) — xi(t)) (1)
xi(t+1) = x;(t) +vi(t + 1) (2)

where Pbest; denotes the historical optimal solution of the particle i, Gbest represents the
historical optimal solution of the entire population, the position of the ith particle at the tth
iteration is denoted as x;(t) = (x;1(t), xi(t), . .., xip(t)), the velocity of particle i at the tth
iteration is represented by v;(t) = (v (t), via(t), ..., vip(t)). The parameter w, known as
the inertial weight, regulates the impact of the previous velocity on the current velocity.
Additionally, r; and r, are two randomly selected numbers from a uniform distribution
[0,1]. ¢; represents the individual cognitive acceleration coefficient, while ¢, represents the
social acceleration coefficient. These coefficients play a crucial role in shaping the behavior
of the PSO algorithm.

Parameter adjustment
Parameter adjustment in PSO primarily centers on the inertia weight coefficients o and
acceleration coefficients ¢y, ¢,.

The effectiveness of an optimization algorithm typically relies on achieving a balance
between global search and local search across the entire search space. In light of this
consideration, an inertia weight is introduced into the Eq. (1) for a particle. In previous
studies, researchers have proposed various enhancements to inertia weights (Chatterjee ¢
Siarry, 2006; Arumugam & Rao, 2008; Al-Hassan, Fayek & Shaheen, 2006; Panigrahi,
Pandi & Das, 2008; Feng et al., 2007). In PSO, ¢; and ¢, are referred to as the cognitive
component and the social component, respectively. They serve as stochastic acceleration
coefficients responsible for adjusting the particle velocity with respect to Pbest and Gbest.
Hence, these two components play a crucial role in achieving the optimal solution rapidly
and accurately. Some researchers have dedicated efforts to the selection of these two
parameters (Chen et al., 2018; Tian, Zhao & Shi, 2019; Kassoul, Belhaouari &
Cheikhrouhou, 2021; Moazen et al., 2023; Sedighizadeh et al., 2021; Harrison, Engelbrecht
¢ Ombuki-Berman, 2018).

Strategy hybridization
In general, there are two main ways to improve PSO through hybrid strategies, as shown in
the following:

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 3/23


http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Improving PSO’s performance by combining it with other search approaches.
Engelbrecht (2016) introduced two adaptations of a parent-centric crossover PSO
algorithm, leading to enhancements in solution accuracy compared to the original parent-
centric PSO algorithms. The amalgamation of GA and PSO involves the partial integration
of gene operations from GA, encompassing selection, crossover, and mutation, into PSO to
enhance population diversity (Molaei et al., 2021; Shi, Gong ¢ Zhai, 2022). Inspired by the
bee-foraging search mechanism of the artificial bee colony algorithm, Chen, Tianfield ¢
Du (2021) proposed a novel bee-foraging learning PSO (BFL-PSO) algorithm. Singh, Singh
¢ Houssein (2022) proposed a novel hybrid approach known as the hybrid salp swarm
algorithm with PSO (HSSA-PSO) for the exploration of high-quality optimal solutions in
standard and engineering functions. Hu, Cui ¢ Bai (2017) modified the constant
acceleration coefficients by employing the exponential function, based on the combination
of gravitational search algorithm (GSA) and PSO(PSO-GSA). Khan & Ling (2021)
proposed a novel hybrid gravitational search PSO algorithm (HGSPSO). The fundamental
idea behind this approach is to integrate the local search ability of GSA with the social
thinking capability (Gbest) of PSO.

Incorporating topology in the PSO algorithm. Liu ¢ Nishi (2022) proposed a novel
strategy for exploring the neighbors of elite solutions. Additionally, the proposed
algorithm was equipped with a constraint handling method to enable it to address
constrained optimization problems. Lee, Baek ¢ Kim (2008) proposed the repulsive PSO
(RPSO) algorithm as a relatively recent heuristic search method. This algorithm was
proposed as an effective approach to enhance the search efficiency for unknown radiative
parameters. Mousavirad ¢ Rahnamayan (2020) proposed a center-based velocity,
incorporating a new component known as the “opening center of gravity factor”, into the
velocity update rule to formulate the center-based PSO (CenPSO). The center of gravity
factor leveraged the center-based sampling strategy, a novel direction in population-based
metaheuristics, particularly effective for addressing large-scale optimization problems. Xu
et al. (2019) proposed the Two-Swarm Learning PSO (TSLPSO) algorithm, which was
based on different learning strategies. One subpopulation constructed learning exemplars
using the Dynamic Learning Strategy (DLS) to guide the local search of the particles, while
the other subpopulation constructed learning exemplars using a comprehensive learning
strategy to guide the global search. Meng et al. (2022) proposed a sorted particle swarm
with hybrid paradigms to enhance optimization performance.

PROPOSED ALGORITHM

The pseudo-code for the DCWPSO algorithm is presented in detail as Algorithm 1. The
novelty of t proposed algorithm is encapsulated in the following discoveries: (1) A new
dynamic oscillation inertia weight that better balance between global and local exploration.
(2) The change involves altering the single method of selecting Pbest and Gbest, fostering
increased population diversity. Additionally, cosine similarity is employed to assess the
similarity between Pbest and Gbest, directing populations with low similarity to advance.
(3) Strengthening the p worst particles within the population to enhance the overall
performance of the particle swarm.
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Algorithm 1 DCWPSO algorithm.

Input: FEs = 0,t = 1, MaxFEs,K,N,D,p,cl,c2,r1,r2;

Output: Gbest;

Randomly initialize position vector x;(1 < i < N), velocity vector v;(1 < i < N);

1:

while FEs < MaxFEs do

2 Generate o(t) by Eq. (3);
3: Evaluate x;(¢)(1 < i < N); FEs = FEs + N;
4: Update Pbest;(t)(1 < i < N) and Gbest(t);
5: Sort Pbest;(t)(1 < i < N) according to the fitness values;
6: fori=1to Ndo
7: if FEs > 0.8"MaxFEs and i is the worst p agents index then
8: Update the ith particle’s velocity by Eq. (8);
9: else
10:
11: if cos0 < 0.5 then
12: Update the ith particle’s velocity by Algorithm 2;
13: else
14: Update the ith particle’s velocity by Eq. (1);
15: end if
16: end if
17: Update x;(1 < i < N) based on Eq. (2);
18: end for
19: t=t+1
20:  end while

Calculate the cosine similarity of Pbest;(t) and Gbest neighborhoods, cos0;

Dynamic oscillation inertia weight

Within the context of PSO, the inertia weight holds significance as a pivotal parameter

governing the dynamics of particle movement. Primarily, the role of the inertia weight lies in

harmonizing the historical velocities of particles with the influences arising from individual

experiences and group synergies. Traditional PSO employs a fixed-value inertia weight,

limiting particles’ ability to adapt to diverse environments and making the algorithm

susceptible to local optima (Kennedy ¢» Eberhart, 1995). Recognizing this limitation, Shi ¢

Eberhart (1999) observed substantial enhancements in PSO performance by introducing a

linearly changing inertia weight. While some investigations have utilized linear adaptive

weights (Xu ¢ Pi, 2020; Van Den Bergh, 2001; Eberhart ¢ Shi, 2000), it has been

acknowledged that, especially in the case of intricate optimization problems, nonlinear

adaptive weights offer a better fitness to the environment and possess superior dynamic
adjustment capabilities (Ratnaweera, Halgamuge ¢ Watson, 2004; Liu, Zhang ¢ Tu, 2020;

Chatterjee ¢ Siarry, 2006). This article introduces a novel nonlinear inertia weight

represented by Eq. (3).
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MaxFEs — FEs
ot)=r* | ——————
MaxFEs

2
) * (a)max - wmin) + Wmin (3)

where, r is a random number uniformly distributed in the interval of [0,1]. The parameters
Omax and @i, are defined as 0.9 and 0.4, respectively. Function evaluations (FEs) denote
the current number of evaluations, while maximum number of function evaluations
(MaxFEs) represents the predefined maximum number of evaluations. Figure 1 depicts the
trends of proposed and original weights curves.

From Fig. 1, it can be observed that with the progression of population iterations, the
right side of Fig. 1 exhibits a linear decrease, while the left side of Fig. 1 demonstrates a
fluctuating descent pattern. Incorporating this fluctuation strategy into the inertia weights
aids the population in transitioning more frequently between the searching, following and
scaping stage. This approach enhances the diversity of particle movement and contributes
to an increased population diversity. This method of dynamic oscillation achieves a more
optimal balance between the global and local search capabilities of particles, preventing
them from becoming ensnared in local optima.

Cosine similarity and dynamic neighborhood strategy

Throughout the evolution of the particle swarm algorithm, particles guide the population
in the pursuit of the optimal solution by assimilating knowledge from historical personal
best experiences (Pbest) and global best experiences (Gbest), however, depending solely on
these two learning paradigms might not be adequate to convey the population with a
comprehensive search knowledge. As the iteration progresses into its later stages, the Pbest
and Gbest particles gradually converge towards the identified optimal regions, the particle
population may incline towards local optimal solutions due to a shortage of search
information. Hence, specific measures can be employed to assess the similarity between
particles, followed by the selection of an appropriate learning paradigm. This ensures that
all particles gain access to informative search information throughout the evolutionary
process. There are two primary methods for assessing the similarity between two vectors in
a high-dimensional space (Qian et al., 2004). Generally, whereas cosine similarity
characterizes the relative distinction in direction, Euclidean distance characterizes the
absolute distinction in objective value. In PSO algorithm, Pbest and Gbest mainly guide the
movement of the particle swarm in the direction. Therefore, in this article we use the
cosine similarity to compute the similarity between these two vectors to guide population
evolution through angular information. Cosine similarity is independent of vector length,
relying solely on the direction in which the vector is oriented. The mathematical
expression for cosine similarity is denoted by Eq. (4). Figure 2 shows the cosine similarity
of two particles from each of neighborhood.

M-N

cos(0) = ———
O) = ot TNTs

(4)

where M = [y1,¥,...,yp] and N = [z1,2,,...,2p]. M - N denotes the inner product of
vector M and vector N. ||[M||, and ||N||, represents the 2-Norm of vector M and vector N.
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Figure 1 Dynamic oscillation and linear inertia weight. Full-size K&] DOT: 10.7717/peerj-cs.2253/fig-1

The characteristic of neighborhood has been employed in the variable neighborhood
search (VNS) (Mladenovi¢ & Hansen, 1997) algorithm. It has the capability to discover the
optimal solution within the current neighborhood and has the flexibility to escape the
current neighborhood in search of a superior solution. In the classical PSO, the update of
each particle is solely determined by the Pbest of an individual particle and the Gbest
acquired from the entire particle swarm. This single selection method elevates the
probability of particles being trapped in local optima. In this method, the closest K particles
are selected to form a neighborhood by calculating the Euclidean distance of all particles
from Pbest and Gbest, the equations are presented in Egs. (5) and (6). A single particle is
randomly chosen as the updated reference to guide the entire population within the
respective neighborhood of Pbest and Gbest. Figure 2 shows the neighborhood of Pbest;(t)
and Gbest, along with the particles within these neighborhoods, where the red particle
represents Gbest and green particle represents Pbest;(t). The particles depicted in white
signify the particles within the solution space. The blue particle and the red particle are
randomly selected from the neighborhoods of Pbest;(t) and Gbest, respectively.

D
di,Pbest,-(t) = Z PbeSt )) (5)

1

D
direst = 1| > (x; — Gbest)’ (6)

i=1

In general, a higher degree of similarity between two learning paradigms implies that
their motion directions are more aligned, the positional difference is smaller, and the
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number of feasible solutions contained between the paradigms is reduced. This results in
less information that particles can learn from these paradigms, which hinders the
evolutionary process. Conversely, a low degree of similarity indicates relatively
independent motion directions and larger positional differences between the paradigms. In
such cases, the paradigms encompass more feasible solutions, allowing particles to extract
more valuable search information, facilitating the enhancement of solution quality.
Therefore, in this method, the expandable range of Pbest and Gbest is augmented by
elevating the particles’ knowledge acquisition capability through the utilization of the
neighborhood method when the similarity between Pbest and Gbest is high (cost < 0.5).
The equation for velocity update in cosine similarity dynamic neighborhood strategy is
presented as Eq. (7).

vt +1) = { wv;(t) + cir1 (Pbest!(t) — xi(t)) + cara(Gbest'(t) — xi(t)) cos0 < 0.5 )

Eq. (1) cosf > 0.5

Pbest!(t) and Gbest'(t) are particles randomly selected from the Pbest;(t) neighborhood
and Gbest(t) neighborhood, respectively.

According to the introduction above mentioned, the pseudo-code of the update method
can be detailed as in Algorithm 2.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 8/23


http://dx.doi.org/10.7717/peerj-cs.2253/fig-2
http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Algorithm 2 Cosine similarity and dynamic neighborhood strategy.

1: fori=1to Ndo
Calculate the Euclidean distance from particle to Pbest;(¢) and Gbest;
Select the K particles closest to Pbest;(t) to form a neighborhood;

: end for

2
3
4
5: Select the K particles closest to Gbest to form a neighborhood;
6: Randomly select Pbest!(t) and Gbest!(t) from each of neighborhood respectively;
7: Calculate the cosO of Pbest!(t) and Gbest'(t) by Eq. (4);

8: if cosO < 0.5 then

9 Update the ith particle’s velocity by Eq. (7);

10: end if

Worst-best example learning strategy

In endeavors to enhance the collective performance of a group, the emphasis is often
placed on elevating the capabilities of the least proficient individuals rather than solely
promoting the top performers. This approach aims to catalyze substantial improvements
in the overall group performance. The phenomenon referred to as the “cask effect”, also
known as the “short board effect”, which implies that the water-holding capacity of a
wooden bucket is determined not by its longest board but by its shortest board. Enhancing
the length of the shortest board and removing constraints created by this short board can
augment the water storage capacity of the wooden bucket. Similarly, within PSO, the
overall performance of the entire population can be enhanced by adjusting the movement
direction of the worst p particles. The equation of velocity update as follows:

vI(t+1) = ov]'(t) + car2(Gbest(t) — x'(t)) (8)

where x}" is the position of the particle j from the worst particle neighborhood in the
current population.

From Eq. (8), the update direction of a worst particle is solely oriented towards the
global optimal experience and remains unaffected by individual optimal experiences. This
facilitates a rapid improvement of the particle. These aspects enable the worst-best
example learning strategy to enhance the quality of the population and mitigate the risk of

falling into local optima.

Complexity analysis

Time complexity is a key indicator of an algorithm’s efficiency. The time complexity of the
canonical PSO algorithm is O(N - D), where D is the dimension. The time complexity
calculation of DCWPSO mainly includes two parts: dynamic neighborhood strategy and
velocity and position update. For the dynamic neighborhood strategy, For the dynamic
neighborhood strategy, firstly, the distances from each particle’s position to Pbest and
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Gbest are calculated. Subsequently, the particles are sorted based on these distances, and
the k closest particles are selected. So the time complexity is O(N?). The time complexity of
the update operation is consistent with that of canonical PSOs. In summary, the time
complexity of DCWPSO is O(N? + N - D), which is slightly higher than that of O(N - D)
of canonical PSO.

EXPERIMENTAL RESULTS AND ANALYSIS

In this section, the proposed algorithm was rigorously compared with various PSO
variants and other well-known algorithms on the CEC2014 and CEC2022 test suites,
respectively. Comprehensive statistical analyses were performed to meticulously evaluate
and elucidate the comparative performance of these algorithms.

Setup of experiments

To validate DCWPSO, numerous experiments were conducted on complex functions
extracted from the CEC2014 (Liang, Qu ¢ Suganthan, 2013) and CEC2022 (Yazdani et al.,
2021) test suites. This choice was made due to the high complexity of functions within the
CEC2014 test suites compared to classical functions, rendering them notably challenging
to solve. In CEC2014, 30 functions can be divided into four types relying on their
properties, that is, unimodal functions (f; ~ f3), simple multimodal functions (f; ~ fis),
hybrid functions (fi7 ~ f»2) and composition functions (f23 ~ f30). Additionally, 12
functions from the latest CEC2022 suites were selected to further assess the algorithm’s
capability in addressing contemporary complex optimization problems. Specifically, f; is a
unimodal function, f, ~ fs are basic functions, fs ~ fs are hybrid functions, and fo ~ fi,
are composition functions.

In this experiment, the proposed algorithm is compared against several classical and
advanced PSO variants, as well as other well-known algorithms. The PSO variants include
APSO (Zhan et al., 2009) PSO-DLS (Ye, Feng & Fan, 2017), XPSO (Xia et al., 2020), PSO-
CL (Liang, Zhao & Li, 2021), and ADFPSO (Yu, Tong ¢ Xia, 2022). The well-known
algorithms include PSO (Kennedy ¢ Eberhart, 1995), ICSPM2 (Abed-alguni & Paul, 2022),
DGWO (Abed-alguni & Barhoush, 2018), AGWO (Ma et al., 2024), and PO (Lian et al,
2024). Notably, the AGWO and PO algorithms have recently demonstrated strong
performance on the CEC2022 test suites. The details of these algorithms are presented in
Tables 1 and 2.

Each function is independently run 30 times, To accurately reproduce the performance
of the comparison algorithms, the termination criteria are defined as follows: for CEC2014,
the maximum number of evaluations is set to D x 10%, where D is the dimension. For
CEC2022, the termination criterion is set to the maximum number of iterations, which is
set to 10%. Search range is [—100, 100]".

Comparisons of the solution accuracy and stability

The proposed algorithm and comparison algorithms are tested on 30 — D CEC2014 test
suites and 20 — D CEC2022 test suites. Tables 3 and 4 list the mean and standard deviation
value for each function and the best results are denoted in bold.
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Table 1 The parameter settings of PSO variants.

Algorithm Years Parameter setting

APSO (Zhan et al., 2009) 2009 N=30,0=09,¢; =c; =2,5 = [0.05,0.1]
PSO-DLS (Ye, Feng ¢~ Fan, 2017) 2017 N =30,0 =1[0.4,0.9],¢; = c; = 1.49445

XPSO (Xia et al., 2020) 2020 N =30, =[0.4,0.9],7 = 0.2, Stagy.x = 5,p = 0.2

PSO-CL (Liang, Zhao ¢ Li, 2021) 2021
ADFPSO (Yu, Tong & Xia, 2022) 2022
DCWPSO -

N =30, = [0.4,0.9],¢; and ¢, are adjustable, K = 2

[
N =30,0 = [0.4,0.9],c; = c; = 2
[
N=30,0=1[04,09],c;and c; =2,K=2,p=2

Table 2 The parameter settings of well-known algorithms.

Algorithm Years Parameter setting

PSO (Kennedy & Eberhart, 2004) 2004 N=30,w=09,c,=c;, =2
ICSPM2 (Abed-alguni ¢ Paul, 2022) 2022 N =30,s = 12, My = 100, M, = 0.2
DGWO (Abed-alguni & Barhoush, 2018) 2018 N = 30,s = 10, My = 50, M, = 0.2
AGWO (Ma et al., 2024) 2024 N =30

PO (Lian et al., 2024) 2024 N =30

DCWPSO

N =30,0=104,09],c,and =2, K =2,p =2

Table 3 Comparison results of DCWPSO with other PSO variants on CEC2014 test set (D = 30). The best values are highlighted in bold.

Function Metrics APSO PSO-DLS XPSO PSO-CL ADFPSO DCWPSO
h Mean 2.10743E+06 4.19287E+06 4.09250E+06 5.99798E+07 3.01042E+06 5.25727E+05
Std 2.26275E+06 4.01228E+06 4.92657E+06 2.23995E+07 1.46053E+06 3.80136E+05
f Mean 1.40231E+04 6.24251E+03 3.74607E+03 8.58606E+07 9.68756E+03 2.00156E+02
Std 1.37856E+04 8.12712E+03 2.83005E+03 2.03640E+08 7.21276E+03 3.12379E-01
f Mean 1.24303E+04 1.57451E+03 6.69169E+02 3.10723E+04 8.50665E+02 3.01152E+02
Std 1.19470E+04 1.29977E+03 3.73894E+02 7.93087E+03 3.25013E+02 1.78408E+00
fa Mean 4.77208E+02 6.00856E+02 5.26197E+02 6.72202E+02 5.17765E+02 4.64193E+02
Std 4.86314E+01 4.47689E+01 4.00371E+01 4.46627E+01 1.04599E+01 4.38210E+01
fs Mean 5.20032E+02 5.20539E+02 5.20953E+02 5.20944E+02 5.20938E+02 5.20379E+02
Std 2.55358E-02 1.56973E-01 8.62988E-02 5.50932E-02 4.92628E-02 3.22722E-01
fs Mean 6.17837E+02 6.16320E+02 6.07751E+02 6.21067E+02 6.00156E+02 6.14984E+02
Std 3.17488E+00 2.69610E+00 3.43317E+00 2.30242E+00 4.43376E-01 4.10208E+00
fr Mean 7.00051E+02 7.01681E+02 7.00016E+02 7.07414E+02 7.00001E+02 7.00000E+02
Std 4.66498E-02 3.52745E-01 1.98110E-02 1.74946E+00 2.79975E-03 1.80002E-03
fs Mean 8.00000E+02 8.87573E+02 8.35686E+02 9.99897E+02 8.16070E+02 9.08516E+02
Std 5.22329E-06 2.06257E+01 1.08796E+01 1.33073E+01 4.54755E+00 1.90488E+01
fo Mean 9.94373E+02 1.00560E+03 9.52069E+02 1.11240E+03 9.18517E+02 1.03604E+03
Std 2.33145E+01 2.22062E+01 1.44427E+01 1.43172E+01 6.92760E+00 3.15291E+01
fio Mean 1.00000E+03 5.11840E+03 1.82808E+03 7.33732E+03 1.86736E+03 2.74601E+03
Std 1.29506E-02 8.23218E+02 3.66027E+02 3.97352E+02 4.01896E+02 4.79595E+02
(Continued)
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Table 3 (continued)

Function Metrics APSO PSO-DLS XPSO PSO-CL ADFPSO DCWPSO
Sfu Mean 3.90476E+03 6.06016E+03 3.59387E+03 8.01932E+03 2.72688E+03 4.28585E+03
Std 5.29050E+02 8.91069E+02 5.83328E+02 2.87878E+02 5.70080E+02 7.07878E+02
fiz Mean 1.20251E+03 1.20114E+03 1.20174E+03 1.20246E+03 1.20247E+03 1.20019E+03
Std 2.73418E-01 3.51232E-01 9.32763E-01 2.32045E-01 3.42228E-01 8.54987E-02
fis Mean 1.30016E+03 1.30031E+03 1.30029E+03 1.30065E+03 1.30016E+03 1.30041E+03
Std 3.67055E-02 9.19245E-02 7.98839E-02 1.15361E-01 4.34289E-02 9.83510E-02
fia Mean 1.40026E+03 1.40027E+03 1.40035E+03 1.40065E+03 1.40025E+03 1.40022E+03
Std 3.35147E-02 9.45794E-02 1.92893E-01 2.18700E-01 1.01548E-01 7.08499E-02
fis Mean 1.50467E+03 1.51282E+03 1.50569E+03 1.52885E+03 1.50410E+03 1.50525E+03
Std 2.64882E+00 2.55177E+00 2.31131E+00 3.70031E+00 1.07817E+00 1.92227E+00
fie Mean 1.60979E+03 1.61175E+03 1.61077E+03 1.61282E+03 1.60981E+03 1.61138E+03
Std 1.04163E+00 6.19166E-01 9.09076E-01 2.01469E-01 1.21942E+00 7.54887E-01
fi7 Mean 1.18497E+05 6.46229E+05 2.33900E+05 1.81444E+06 1.40970E+05 8.22408E+04
Std 5.30145E+04 5.47877E+05 2.40759E+05 7.10083E+05 9.39262E+04 9.14161E+04
fis Mean 1.45735E+04 2.37362E+05 4.06654E+03 3.88846E+06 1.06793E+04 4.14324E+03
Std 4.42497E+04 6.26807E+05 2.37243E+03 1.91290E+06 3.76555E+04 3.68983E+03
frio Mean 1.90562E+03 1.91606E+03 1.90797E+03 1.92116E+03 1.90559E+03 1.91261E+03
Std 9.09610E-01 1.09175E+01 1.66442E+00 2.75543E+00 1.26986E+00 1.45659E+01
S0 Mean 2.37369E+03 2.37553E+03 2.50543E+03 6.48692E+03 2.62925E+03 2.20314E+03
Std 2.20740E+02 1.07684E+02 2.38146E+02 3.26125E+03 6.07135E+02 7.36162E+01
fa Mean 1.94832E+05 6.60844E+04 7.01337E+04 6.48692E+03 4.83188E+04 2.93569E+04
Std 2.94413E+05 5.98596E+04 1.41651E+05 2.89190E+05 2.97001E+04 1.90201E+04
fa Mean 2.90899E+03 2.58324E+03 2.50481E+03 2.76956E+03 2.42111E+03 2.66276E+03
Std 2.06202E+02 1.42353E+02 1.24514E+02 1.36904E+02 9.05582E+01 2.32602E+02
a3 Mean 2.61528E+03 2.62159E+03 2.61573E+03 2.63155E+03 2.61524E+03 2.61524E+03
Std 3.37140E-02 5.46025E+00 1.96627E-01 3.18393E+00 8.58264E-04 1.77000E-12
foa Mean 2.63522E+03 2.64368E+03 2.62443E+03 2.61319E+03 2.60417E+03 2.62128E+03
Std 5.06717E+00 6.03877E+00 1.62088E+00 1.38638E+01 6.67843E+00 4.39020E+00
fs Mean 2.70990E+03 2.71114E+03 2.70945E+03 2.71046E+03 2.70433E+03 2.71047E+03
Std 4.65896E+00 2.79212E+00 2.03228E+00 7.74408E+00 4.23654E-01 2.87615E+00
S Mean 2.76314E+03 2.71035E+03 2.76014E+03 2.70066E+03 2.78010E+03 2.76021E+03
Std 8.57504E+01 3.06707E+01 4.96974E+01 9.32209E-02 4.06561E+01 4.96262E+01
far Mean 3.45960E+03 3.39347E+03 3.27641E+03 3.36547E+03 3.05698E+03 3.33054E+03
Std 2.30629E+02 1.86152E+02 1.37403E+02 1.46638E+02 5.35099E+01 2.44008E+02
fos Mean 4.06853E+03 4.47938E+03 4.23487E+03 4.28153E+03 3.75112E+03 5.24137E+03
Std 4.09894E+02 6.40743E+02 5.52933E+02 3.49932E+02 1.50121E+02 7.86963E+02
fao Mean 1.99976E+06 6.61187E+06 4.41827E+06 3.13958E+05 6.00518E+03 4.15505E+03
Std 3.67879E+06 1.36228E+07 1.01681E+07 1.80512E+05 3.40260E+03 4.40251E+02
S Mean 7.11373E+03 1.34335E+04 6.56060E+03 3.99887E+04 5.35929E+03 5.21838E+03
Std 1.86650E+03 9.16392E+03 1.07930E+03 1.75699E+04 8.60589E+02 7.86773E+02
Count (Mean) 5 0 1 2 10 12
Count (Std) 6 0 3 3 8 10
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Table 4 Comparison results of DCWPSO with well-known algorithms on CEC2022 test set (D = 20).
The best values are highlighted in bold.

Function Metrics PSO ICSPM2 DGWO AGWO PO DCWPSO
h Mean 6.781E+03 6.408E+04 2.020E+04 1.822E+04 9.523E+02 3.000E+02
Std 1.469E+03 9.943E+03 2.275E+03 3.593E+03 5.052E+02 0.000E+00
f Mean 5.870E+02 3.400E+03 9.057E+02 5.706E+02 4.606E+02 4.485E+02
Std 3417E+01 6.362E+02 7.511E+01 2.643E+01 2.439E+01 1.859E+01
f Mean 6.218E+02 6.918E+02 6.761E+02 6.286E+02 6.481E+02 6.143E+02
Std 2.060E+00 8.371E+00 6.014E+00 2.788E+00 9.292E+00 1.463E+01
fa Mean 9.202E+02  1.042E+03 9.497E+02 9.060E+02 8.845E+02 8.813E+02
Std 6.771E+00 1.451E+01 1.184E+01 1.359E+01 1.803E+01 1.790E+01
fs Mean 1.868E+03 6.107E+03  3.279E+03 1.409E+03 2.058E+03 1.272E+03
Std 1.516E+02 2.588E+02 2.021E+02 9.784E+01 3.010E+02 6.110E+02
fs Mean 6.016E+07 2.410E+09 5.062E+07 2.577E+07 5.947E+03 5.104E+03
Std 1.858E+07 5.336E+08 1.462E+07 1.126E+07 5.042E+03 3.527E+03
f7 Mean 2.080E+03 2.270E+03 2.278E+03 2.096E+03 2.127E+03 2.079E+03
Std 8.002E+00 4.920E+01 5.409E+01 2.321E+01 2.649E+01 3.810E+01
fs Mean 2.245E+03 2.668E+03 2.418E+03 2.249E+03 2.240E+03 2.272E+03
Std 5.291E+00 1.414E+02 8.020E+01 9.554E+00 9.899E+00 7.282E+01
fo Mean 2.507E+03 3.126E+03 2.877E+03 2.539E+03 2.490E+03 2.481E+03
Std 3.642E+00 1.058E+02 6.471E+01 2.144E+01 1.366E+01 3.045E-04
fio Mean 4.549E+03 4.380E+03 4.801E+03 2.601E+03 2.541E+03 3.300E+03
Std 1.590E+03 1.227E+03 1.756E+03 1.147E+02 8.099E+01 4.886E+02
Sfu Mean 3.934E+03 9.131E+03 6.346E+03 3.926E+03 2.954E+03 2.910E+03
Std 3.698E+02 8.764E+02 3.781E+02 3.020E+02 8.443E+01 7.000E+01
fiz Mean 3.008E+03 2.900E+03 3.836E+03 2.932E+03 2.983E+03 3.023E+03
Std 1.341E+01 1.865E-09 1.453E+02 5.966E+00 2.927E+01 5.921E+01
Count (Mean) 0 1 0 0 2 9
Count (Std) 4 1 0 1 1 5

In Table 3, The best values are highlighted in bold. Among the 30 test functions,
DCWPSO achieves the highest number of best-performing functions, with 12 in terms of
mean and 10 in terms of standard deviation. Both of these counts are the highest among all
the algorithms. The proposed algorithm achieves the top ranking across all unimodal
functions (f; ~ f3), underscoring its effectiveness in solving such functions. For the
evaluation of 13 simple multimodal functions (fs ~ fi6), the proposed algorithm secures
the third position, following APSO and ADFPSO. Notably, in addressing hybrid functions
(fiz ~ f22), the proposed algorithm attains the first rank in fy7, fis, 20 and fa1,
outperforming other PSO variants. For composition functions (fo3 ~ f3p), DCWPSO is
ranked second among all algorithms, demonstrating notable proficiency in solving f3, fo9
and f3. In terms of solution accuracy across the 30 test functions, DCWPSO ranks first in
12 of them, securing the top overall rank with a significant advantage over other
algorithms.
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Figure 3 Stability effect of DCWPSO compared with PSO variants in the CEC2014 (30 — D).

Full-size K&l DOT: 10.7717/peerj-cs.2253/fig-3

DCWPSO also demonstrates commendable stability in the comparisons. Table 3
presents the standard deviation of the outcomes from 30 independent executions for each
of the 30 test functions in CEC2014. Figure 3 illustrates a subset of these test functions
through box plots depicting their results. The proposed algorithm secured the first rank in
10 out of all the tested functions. It not only excels in accuracy but also demonstrates

notably competitive stability, holding a substantial advantage in comprehensive

performance when compared with other PSO variants.
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As shown in Table 4, The best values are highlighted in bold. Among the 12 test
functions, DCWPSO achieves the highest number of best-performing functions, with 9 in
terms of mean and 5 in terms of standard deviation. Both of these counts are the highest
among all the algorithms. The algorithm proposed in this article rank first in the unimodal
function f; and exhibited the lowest standard deviation also. This finding indicates that the
algorithm has significant advantages in solving unimodal functions. Similarly, for the basic
functions (f, ~ f5), the proposed algorithm consistently ranked first. This indicates that the
proposed algorithm possesses a distinct advantage in solving basic functions. For the
hybrid functions (fs ~ f3), the proposed algorithm achieves a strong performance for
function fs and f;, but a mediocre performance for functions fs. For the composition
functions (fy ~ f12), The proposed algorithm is ranked first in two out of four functions.
This suggests that the DCWPSO algorithm has significant advantages in addressing certain
challenging composition functions.

Among the 12 test functions of CEC2022, the proposed algorithm achieved the highest
mean value rankings in nine test functions and the lowest standard deviation rankings in
five test functions. This demonstrates that the proposed algorithm excels in both accuracy
and stability.

Comparisons of convergence performance

This experiment is conducted on the CEC2014 test suite to scrutinize the convergence
performance of the DCWPSO algorithm across four types of functions. To accentuate the
performance of the DCWPSO algorithm, only nine convergence curve figures featuring
representative functions are selected. Specific experimental results are shown in the figures
below.

Figure 4 displays the convergence curves of the proposed algorithm alongside those of
the comparison algorithms for the CEC2014 functions. The consistent outperformance of
fi and f, function over other PSO variants from the beginning to the end of the iteration
suggests that the proposed algorithm has a clear advantage in solving unimodal functions
of this type. For function f;, the proposed algorithm consistently achieves superior
solutions compared to other PSO variants. Analysis of the iteration curves shows its
capability to avoid local optima in later stages and find global optimum solutions,
highlighting its strength in escaping local optima. For function f;, the proposed algorithm
excels in rapidly achieving superior solutions. While most other PSO variants converge to
nearly identical solution, DCWPSO ans APSO requires fewer iterations. For function f,,
In the initial stages, the proposed algorithm may not discover as optimal a solution as the
APSO algorithm. However, as iterations progress, it demonstrates the ability to escape
local optima and achieve superior solutions more rapidly than several other PSO variants,
underscoring the robust tuning capability of DCWPSO. For function f;; and f, the
proposed algorithm consistently explores new globally optimal solutions during the initial
and middle stages of iteration, with gradual convergence observed in later stages. This
behavior indicates the algorithm’s proficiency in effectively tackling hybrid functions as
well. Similarly, for function f,3 and fs, it can also be seen that the proposed algorithm is
also fast in finding better solutions when solving composition functions.
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Figure 4 The convergence curves of DCWPSO compared with PSO variants in the CEC2014 (30 — D).
Full-size K&l DOT: 10.7717/peerj-cs.2253/fig-4

Statistical analysis of experimental results
In this section, we employ two widely recognized statistical tests to assess the efficacy of the

proposed DCWPSO algorithm compared to other peer algorithms. Specifically, the

Wilcoxon sign-rank test (Derrac et al., 2011) is utilized to determine whether there exists a

significant difference between the performance of DCWPSO and those of other
competitors on individual test functions. Additionally, a Friedman test is applied to

evaluate the overall performance of all the peer algorithms.

Wilcoxon sign-rank test

To highlight distinctions between DCWPSO and other PSO variants on the CEC2014 test
suites, this study employs the Wilcoxon sign-rank test, a nonparametric statistical analysis
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Table 5 Wilcoxon signed-rank test with different function types on CEC2014 test suite.

Function type Metrics APSO PSO-DLS XPSO PSO-CL  ADFPSO
Unimodal functions n/+/-/= 3/2/1/0 3/3/0/0 3/3/0/0 3/3/0/0 3/2/1/0
Simple multimodal functions n/+/-/=  13/11/2/0 13/6/7/0  13/10/3/0  13/13/0/0  13/12/1/0
Hybrid functions n/+/—/= 6/4/2/0 6/4/2/0 6/6/1/0 6/6/0/0 6/3/3/0
Composition functions n/+/-/= 8/5/3/0 8/5/3/0 8/5/3/0 8/8/0/0 8/7/1/0
Overall [+/-= 30/22/8/0  30/17/13/0  30/23/7/0  30/30/0/0  30/24/6/0

Table 6 Friedman-test results on CEC2014 test suite.

Average rank Overall Unimodal functions  Simple multimodal functions Hybrid functions Composition functions
Algorithm Ranking Algorithm Ranking Algorithm Ranking Algorithm Ranking Algorithm Ranking
1 ADFPSO 243 DCWPSO  1.00 ADFPSO 2.23 DCWPSO  2.33 ADFPSO  2.00
2 DCWPSO  2.67 XPSO 2.67 APSO 2.62 ADFPSO 283 DCWPSO  3.00
3 XPSO 3.20 ADFPSO  3.67 DCWPSO 3.00 XPSO 3.17 XPSO 3.38
4 APSO 3.27 APSO 4.00 XPSO 3.23 APSO 3.50 APSO 3.75
5 PSO-DLS  4.40 PSO-DLS  4.00 PSO-DLS 4.23 PSO-DLS  4.17 PSO-CL 3.88
6 PSO-CL 5.10 PSO-CL 6.00 PSO-CL 5.77 PSO-CL 5.00 PSO-DLS  5.00

method. The objective of this test is to scrutinize performance variations between these
algorithms.

The results of the Wilcoxon nonparametric test for DCWPSO and these compared
algorithms are shown in Table 5. The symbols “n/+/—/=" represents the n number of test
functions, and that DCWPSO is superior to, inferior to and equals to for comparison,
respectively. The table is indexed by various function types in CEC2014. It is evident that
the proposed algorithm exhibits only a slight worse in performance in the assessment of
simple multimodal functions. Nevertheless, it consistently outperforms other algorithms
overall.

Friedman test

A Friedman test is conducted to provide a comprehensive assessment of the performance
of the six algorithms. The results are presented in Table 6, with the algorithms arranged in
ascending order based on their ranking values (lower values indicating better
performance). Furthermore, separate Friedman tests are performed on the four different
types of functions, and the outcomes are detailed in Table 6.

To enhance the presentation of the Friedman test results, we construct a heat map
illustrating the performance of all algorithms across four distinct types of test functions
and the overall test set in Fig. 5. The visual analysis reveals the outstanding performance of
the proposed algorithms in solving unimodal functions and hybrid functions, even though
the overall results may not surpass ADFPSO.
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Figure 5 Heatmap of friedman test results from Table 6.
Full-size K&l DOTI: 10.7717/peerj-cs.2253/fig-5

CONCLUSIONS AND FUTURE WORKS

Addressing the drawbacks of conventional PSO, such as premature convergence and
susceptibility to local optima, this article formulates a hybrid learning strategy to enhance
the performance of the particle swarm algorithm. Firstly, this study proposes a novel
dynamic oscillation inertia weight, which produces oscillatory nonlinear inertia weights
during iterations. This methodology achieves a more effective equilibrium between
algorithmic exploration and exploitation through the modification of the search process.
Secondly, this study presents a neighborhood learning strategy and cosine similarity to
modify the update of particle velocity based on the observation of cosine similarity
between Pbest and Gbest neighborhoods. Finally, to enhance the overall performance of
the entire population, this article introduces the worst-best example learning strategy. This
strategy facilitates rapid improvement of the worst p particles, contributing to an overall
enhancement in effectiveness.

To validate the proposed algorithm’s performance, this study conducts experiments
comparing performance in accuracy, stability, convergence and statistical analysis. The
experimental results indicate that the proposed algorithm generally outperforms peer
algorithms in many aspects. However, it is observed that the proposed algorithm shows
some limitations in solving multimodal functions. In future work, the integration of
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reinforcement learning and deep learning with these learning strategies could better guide
the evolutionary direction of particles during the iteration process, thereby enhancing the
algorithm’s problem-solving capabilities. Furthermore, these algorithms can be applied to
address real-world optimization problem.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding

The project is supported by the grant of the Education Department of Hainan Province
(Hnky2023-4), the National Natural Science Foundation of China under Grant No.
11861030, and by the Hainan Provincial Natural Science Foundation of China under
Grant No. 621RC511. There was no additional external funding received for this study.
The funders had no role in study design, data collection and analysis, decision to publish,
or preparation of the manuscript.

Grant Disclosures

The following grant information was disclosed by the authors:
Education Department of Hainan Province (Hnky2023-4).

National Natural Science Foundation of China: 11861030.

Hainan Provincial Natural Science Foundation of China: 621RC511.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions

* Yibo Han conceived and designed the experiments, performed the experiments, analyzed
the data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

¢ Meiting Lin conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

* Ni Li conceived and designed the experiments, performed the experiments, analyzed the
data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

* Qi Qi conceived and designed the experiments, performed the experiments, analyzed the
data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

» Jinqing Li conceived and designed the experiments, performed the experiments, analyzed
the data, performed the computation work, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

* Qingxin Liu conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 19/23


http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Data Availability

The following information was supplied regarding data availability:
Code and data are available at GitHub:
https://github.com/P-N-Suganthan/CEC2014
Computer code are also available in the Supplemental Files.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.2253#supplemental-information.

REFERENCES

Abed-alguni BH, Barhoush M. 2018. Distributed grey wolf optimizer for numerical optimization
problems. Jordanian Journal of Computers and Information Technology 4(3):21
DOI 10.5455/jjcit.71-1532897697.

Abed-alguni BH, Paul D. 2022. Island-based cuckoo search with elite opposition-based learning
and multiple mutation methods for solving optimization problems. Soft Computing 26(7):3293-
3312 DOI 10.1007/s00500-021-06665-6.

Al-Hassan W, Fayek M, Shaheen S. 2006. Psosa: an optimized particle swarm technique for
solving the urban planning problem. In: 2006 International Conference on Computer Engineering
and Systems. Piscataway: IEEE, 401-405.

Arumugam MS, Rao M. 2008. On the improved performances of the particle swarm optimization
algorithms with adaptive parameters, cross-over operators and root mean square (rms) variants
for computing optimal control of a class of hybrid systems. Applied Soft Computing 8(1):324-
336 DOI 10.1016/j.as0¢.2007.01.010.

Bertsimas D, Tsitsiklis J. 1993. Simulated annealing. Statistical Science 8(1):10-15
DOI 10.1214/ss/1177011077.

Chatterjee A, Siarry P. 2006. Nonlinear inertia weight variation for dynamic adaptation in particle
swarm optimization. Computers & Operations Research 33(3):859-871
DOI 10.1016/j.cor.2004.08.012.

Chen X, Tianfield H, Du W. 2021. Bee-foraging learning particle swarm optimization. Applied Soft
Computing 102(11):107134 DOI 10.1016/j.as0c.2021.107134.

Chen K, Zhou F, Yin L, Wang S, Wang Y, Wan F. 2018. A hybrid particle swarm optimizer with
sine cosine acceleration coefficients. Information Sciences 422(1):218-241
DOI 10.1016/j.ins.2017.09.015.

Derrac J, Garcia S, Molina D, Herrera F. 2011. A practical tutorial on the use of nonparametric
statistical tests as a methodology for comparing evolutionary and swarm intelligence algorithms.
Swarm and Evolutionary Computation 1(1):3-18 DOI 10.1016/j.swevo.2011.02.002.

Dorigo M, Birattari M, Stutzle T. 2006. Ant colony optimization. IEEE Computational Intelligence
Magazine 1(4):28-39 DOI 10.1109/MCI.2006.329691.

Eberhart RC, Shi Y. 2000. Comparing inertia weights and constriction factors in particle swarm
optimization. In: Proceedings of the 2000 Congress on Evolutionary Computation. CEC00 (Cat.
No. 00TH8512). Vol. 1. Piscataway: IEEE, 84-88.

Engelbrecht AP. 2007. Computational intelligence: an introduction. New Jersey: John Wiley &
Sons.

Engelbrecht AP. 2016. Particle swarm optimization with crossover: a review and empirical
analysis. Artificial Intelligence Review 45(2):131-165 DOI 10.1007/s10462-015-9445-7.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 20/23


https://github.com/P-N-Suganthan/CEC2014
http://dx.doi.org/10.7717/peerj-cs.2253#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2253#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.2253#supplemental-information
http://dx.doi.org/10.5455/jjcit.71-1532897697
http://dx.doi.org/10.1007/s00500-021-06665-6
http://dx.doi.org/10.1016/j.asoc.2007.01.010
http://dx.doi.org/10.1214/ss/1177011077
http://dx.doi.org/10.1016/j.cor.2004.08.012
http://dx.doi.org/10.1016/j.asoc.2021.107134
http://dx.doi.org/10.1016/j.ins.2017.09.015
http://dx.doi.org/10.1016/j.swevo.2011.02.002
http://dx.doi.org/10.1109/MCI.2006.329691
http://dx.doi.org/10.1007/s10462-015-9445-7
http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Feng Y, Teng G-F, Wang A-X, Yao Y-M. 2007. Chaotic inertia weight in particle swarm
optimization. In: Second International Conference on Innovative Computing, Information and
Control (ICICIC 2007). Piscataway: IEEE, 475.

Harrison KR, Engelbrecht AP, Ombuki-Berman BM. 2018. Self-adaptive particle swarm
optimization: a review and analysis of convergence. Swarm Intelligence 12(3):187-226
DOI 10.1007/s11721-017-0150-9.

Hu H, Cui X, Bai Y. 2017. Two kinds of classifications based on improved gravitational search
algorithm and particle swarm optimization algorithm. Advances in Mathematical Physics
2017(1):1-7 DOI 10.1155/2017/2131862.

Karaboga D. 2010. Artificial bee colony algorithm. Scholarpedia 5(3):6915
DOI 10.4249/scholarpedia.6915.

Kassoul K, Belhaouari SB, Cheikhrouhou N. 2021. Dynamic cognitive-social particle swarm
optimization. In: 2021 7th International Conference on Automation, Robotics and Applications
(ICARA). Piscataway: IEEE, 200-205.

Kennedy J, Eberhart R. 1995. Particle swarm optimization. In: Proceedings of ICNN’95-
International Conference on Neural Networks. Vol. 4. Piscataway: IEEE
DOI 10.1109/ICNN.1995.488968.

Khan TA, Ling SH. 2021. A novel hybrid gravitational search particle swarm optimization
algorithm. Engineering Applications of Artificial Intelligence 102(3):104263
DOI 10.1016/j.engappai.2021.104263.

Lee KH, Baek SW, Kim KW. 2008. Inverse radiation analysis using repulsive particle swarm
optimization algorithm. International Journal of Heat and Mass Transfer 51(11-12):2772-2783
DOI 10.1016/j.ijheatmasstransfer.2007.09.037.

Lian J, Hui G, Ma L, Zhu T, Wu X, Heidari AA, Chen Y, Chen H. 2024. Parrot optimizer:
algorithm and applications to medical problems. Computers in Biology and Medicine
172(5):108064 DOI 10.1016/j.compbiomed.2024.108064.

Liang JJ, Qin AK, Suganthan PN, Baskar S. 2006. Comprehensive learning particle swarm
optimizer for global optimization of multimodal functions. IEEE Transactions on Evolutionary
Computation 10(3):281-295 DOI 10.1109/TEVC.2005.857610.

Liang JJ, Qu BY, Suganthan PN. 2013. Problem definitions and evaluation criteria for the cec 2014
special session and competition on single objective real-parameter numerical optimization. In:
Computational Intelligence Laboratory, Zhengzhou University, Zhengzhou China and Technical
Report. Vol. 635. Singapore: Nanyang Technological University.

Liang B, Zhao Y, Li Y. 2021. A hybrid particle swarm optimization with crisscross learning
strategy. Engineering Applications of Artificial Intelligence 105(3):104418
DOI 10.1016/j.engappai.2021.104418.

Liu Z, Nishi T. 2022. Adaptive heterogeneous particle swarm optimization with comprehensive
learning strategy. Journal of Advanced Mechanical Design, Systems, and Manufacturing 16(4):
JAMDSMO0035 DOI 10.1299/jamdsm.2022jamdsmO0035.

Liu H, Zhang X-W, Tu L-P. 2020. A modified particle swarm optimization using adaptive strategy.
Expert Systems with Applications 152(3):113353 DOI 10.1016/j.eswa.2020.113353.

Ma S, Fang Y, Zhao X, Liu L. 2024. Ameliorated grey wolf optimizer with the best and worst
orthogonal opposition-based learning. Soft Computing 28(4):2941-2965
DOI 10.1007/s00500-023-09226-1.

Mendes R, Kennedy J, Neves J. 2004. The fully informed particle swarm: simpler, maybe better.
IEEE Transactions on Evolutionary Computation 8(3):204-210
DOI 10.1109/TEVC.2004.826074.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 21/23


http://dx.doi.org/10.1007/s11721-017-0150-9
http://dx.doi.org/10.1155/2017/2131862
http://dx.doi.org/10.4249/scholarpedia.6915
http://dx.doi.org/10.1109/ICNN.1995.488968
http://dx.doi.org/10.1016/j.engappai.2021.104263
http://dx.doi.org/10.1016/j.ijheatmasstransfer.2007.09.037
http://dx.doi.org/10.1016/j.compbiomed.2024.108064
http://dx.doi.org/10.1109/TEVC.2005.857610
http://dx.doi.org/10.1016/j.engappai.2021.104418
http://dx.doi.org/10.1299/jamdsm.2022jamdsm0035
http://dx.doi.org/10.1016/j.eswa.2020.113353
http://dx.doi.org/10.1007/s00500-023-09226-1
http://dx.doi.org/10.1109/TEVC.2004.826074
http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Meng Z, Zhong Y, Mao G, Liang Y. 2022. Pso-sono: a novel PSO variant for single-objective
numerical optimization. Information Sciences 586(1):176-191 DOI 10.1016/j.ins.2021.11.076.

Mladenovi¢ N, Hansen P. 1997. Variable neighborhood search. Computers & Operations Research
24(11):1097-1100 DOI 10.1016/50305-0548(97)00031-2.

Moazen H, Molaei S, Farzinvash L, Sabaei M. 2023. Pso-elpm: Pso with elite learning, enhanced
parameter updating, and exponential mutation operator. Information Sciences 628:70-91
DOI 10.1016/j.ins.2023.01.103.

Molaei S, Moazen H, Najjar-Ghabel S, Farzinvash L. 2021. Particle swarm optimization with an
enhanced learning strategy and crossover operator. Knowledge-Based Systems 215:106768
DOI 10.1016/j.knosys.2021.106768.

Mousavirad SJ, Rahnamayan S. 2020. Cenpso: a novel center-based particle swarm optimization
algorithm for large-scale optimization. In: 2020 IEEE International Conference on Systems, Man,
And Cybernetics (SMC). Piscataway: IEEE, 2066-2071.

Panigrahi B, Pandi VR, Das S. 2008. Adaptive particle swarm optimization approach for static
and dynamic economic load dispatch. Energy Conversion and Management 49(6):1407-1415
DOI 10.1016/j.enconman.2007.12.023.

Price KV. 1996. Differential evolution: a fast and simple numerical optimizer. In: Proceedings of
North American fuzzy information processing. Piscataway: IEEE, 524-527.

Qian G, Sural S, Gu Y, Pramanik S. 2004. Similarity between euclidean and cosine angle distance
for nearest neighbor queries. In: Proceedings of the 2004 ACM Symposium on Applied computing.
1232-1237.

Qu B-Y, Suganthan PN, Das S. 2012. A distance-based locally informed particle swarm model for
multimodal optimization. IEEE Transactions on Evolutionary Computation 17(3):387-402
DOI 10.1109/TEVC.2012.2203138.

Ratnaweera A, Halgamuge SK, Watson HC. 2004. Self-organizing hierarchical particle swarm
optimizer with time-varying acceleration coefficients. IEEE Transactions on Evolutionary
Computation 8(3):240-255 DOI 10.1109/TEVC.2004.826071.

Sedighizadeh D, Masehian E, Sedighizadeh M, Akbaripour H. 2021. Gepso: a new generalized
particle swarm optimization algorithm. Mathematics and Computers in Simulation 179(2):194-
212 DOI 10.1016/j.matcom.2020.08.013.

Shi Y, Eberhart RC. 1999. Empirical study of particle swarm optimization. In: Proceedings of the
1999 Congress on Evolutionary Computation-CEC99 (Cat. No. 99TH8406). Vol. 3. Piscataway:
IEEE, 1945-1950.

ShiL, Gong J, Zhai C. 2022. Application of a hybrid pso-ga optimization algorithm in determining
pyrolysis kinetics of biomass. Fuel 323(1-2):124344 DOI 10.1016/j.fuel.2022.124344.

Singh N, Singh S, Houssein EH. 2022. Hybridizing salp swarm algorithm with particle swarm
optimization algorithm for recent optimization functions. Evolutionary Intelligence 15(1):23-56
DOI 10.1007/s12065-020-00486-6.

Tian D, Zhao X, Shi Z. 2019. Chaotic particle swarm optimization with sigmoid-based
acceleration coefficients for numerical function optimization. Swarm and Evolutionary
Computation 51(1):100573 DOI 10.1016/j.swevo.2019.100573.

Van Den Bergh F. 2001. An analysis of particle swarm optimizers. South Africa: University of
Pretoria.

Wang S-C. 2003. Interdisciplinary computing in Java programming. Vol. 743. Heidelberg,
Germany: Springer Science & Business Media.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 22/23


http://dx.doi.org/10.1016/j.ins.2021.11.076
http://dx.doi.org/10.1016/S0305-0548(97)00031-2
http://dx.doi.org/10.1016/j.ins.2023.01.103
http://dx.doi.org/10.1016/j.knosys.2021.106768
http://dx.doi.org/10.1016/j.enconman.2007.12.023
http://dx.doi.org/10.1109/TEVC.2012.2203138
http://dx.doi.org/10.1109/TEVC.2004.826071
http://dx.doi.org/10.1016/j.matcom.2020.08.013
http://dx.doi.org/10.1016/j.fuel.2022.124344
http://dx.doi.org/10.1007/s12065-020-00486-6
http://dx.doi.org/10.1016/j.swevo.2019.100573
http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

PeerJ Computer Science

Xia X, Gui L, He G, Wei B, Zhang Y, Yu F, Wu H, Zhan Z-H. 2020. An expanded particle swarm
optimization based on multi-exemplar and forgetting ability. Information Sciences
508(6184):105-120 DOI 10.1016/.ins.2019.08.065.

Xu G, Cui Q, Shi X, Ge H, Zhan Z-H, Lee HP, Liang Y, Tai R, Wu C. 2019. Particle swarm
optimization based on dimensional learning strategy. Swarm and Evolutionary Computation
45(1):33-51 DOI 10.1016/j.swevo.2018.12.009.

Xu Y, Pi D. 2020. A reinforcement learning-based communication topology in particle swarm
optimization. Neural Computing and Applications 32(14):10007-10032
DOI 10.1007/s00521-019-04527-9.

Yazdani D, Branke J, Omidvar MN, Li X, Li C, Mavrovouniotis M, Nguyen TT, Yang S, Yao X.
2021. Ieee cec 2022 competition on dynamic optimization problems generated by generalized
moving peaks benchmark. ArXiv preprint DOI 10.48550/arXiv.2106.06174.

Ye W, Feng W, Fan S. 2017. A novel multi-swarm particle swarm optimization with dynamic
learning strategy. Applied Soft Computing 61(5):832-843 DOI 10.1016/j.as0c.2017.08.051.

Yu F, Tong L, Xia X. 2022. Adjustable driving force based particle swarm optimization algorithm.
Information Sciences 609(3):60-78 DOI 10.1016/j.ins.2022.07.067.

Zhan Z-H, Zhang J, Li Y, Chung HS-H. 2009. Adaptive particle swarm optimization. IEEE
Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics) 39(6):1362-1381
DOI 10.1109/TSMCB.2009.2015956.

Han et al. (2024), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.2253 23/23


http://dx.doi.org/10.1016/j.ins.2019.08.065
http://dx.doi.org/10.1016/j.swevo.2018.12.009
http://dx.doi.org/10.1007/s00521-019-04527-9
http://dx.doi.org/10.48550/arXiv.2106.06174
http://dx.doi.org/10.1016/j.asoc.2017.08.051
http://dx.doi.org/10.1016/j.ins.2022.07.067
http://dx.doi.org/10.1109/TSMCB.2009.2015956
http://dx.doi.org/10.7717/peerj-cs.2253
https://peerj.com/computer-science/

	DCWPSO: particle swarm optimization with dynamic inertia weight updating and enhanced learning strategies
	Introduction
	Related work
	Proposed algorithm
	Experimental results and analysis
	Conclusions and future works
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


