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ABSTRACT
Because of the existence of irrelevant, redundant, and noisy
attributes in large datasets, the accuracy of a classification model
has degraded. Hence, feature selection is a necessary pre-processing
stage to select the important features thatmay considerably increase
the efficiency of underlying classification algorithms. As a popular
metaheuristic algorithm, particle swarm optimisation has success-
fully applied to various feature selection approaches. Nevertheless,
particle swarm optimisation tends to suffer from immature conver-
gence and low convergence rate. Besides, the imbalance between
exploration and exploitation is another key issue that can signif-
icantly affect the performance of particle swarm optimisation. In
this paper, a conditional opposition-based particle swarm optimisa-
tion is proposed and used to develop a wrapper feature selection.
Two schemes, namely opposition-based learning and conditional
strategy are introduced to enhance the performance of the particle
swarm optimisation. Twenty-four benchmark datasets are used to
validate the performance of the proposed approach. Furthermore,
nine metaheuristics are chosen for performance verification. The
findings show the supremacy of the proposed approach not only in
obtaining high prediction accuracy but also in small feature sizes.
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1. Introduction

Due to the rapid growth of computer science and technology, the dataset is becoming
much bigger and bigger. However, a big dataset normally contains an enormous num-
ber of features. Some of these features might be considered redundant, irrelevant, or noisy
information that can negatively affect the performance of the classifier (AbdEl-Fattah Sayed
et al., 2016; Kumar et al., 2020). Also, a large number of features in a dataset will exceedingly
raise temporal and spatial complexity, which is a challenge that is inevitable in real-world
problems. This explains why the classification algorithms usually face difficulty when deal-
ing with high dimensional feature vector (Lin et al., 2018; Nagra et al., 2020). Thus, feature
selection (FS) can be a good option for dimensionality reduction (see Figure 1).
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Figure 1. Feature selection.

Figure 2. Three types of feature selection.

FS is one of the popular dimensionality reduction techniques to eliminate redundant
and noisy attributes and select the relevant features as well. Consequently, selecting a set
of significant features fromabigdataset notonly enhances theaccuracyof the classifier, but
also decreases the unnecessary computational complexity (Emary et al., 2016; Sreeja, 2019).
Generally speaking, FS canbe classified into filter, wrapper, and embeddedapproaches (see
Figure 2). Filter approaches are independent of the learning algorithm, and they are often
computationally cheaper (Nguyen, Ly, et al., 2020). In contrast, wrapper approaches make
use of a specific classifier as part of the evaluation. In embedded approaches, the model
includes a built-in FS algorithm. Because of the inclusion of a learning model, the wrapper
approaches can usually perceive excellent classification results (Xue et al., 2014).

In wrapper approaches, the FS is known as an NP-hard combinatorial optimisation.
To resolve this challenging problem, many researchers employ metaheuristic algorithms
to perform the local and global searches for finding an optimal feature subset (Nayak
et al., 2018). In recent years, many metaheuristic algorithms have been proposed for the
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optimisation tasks such as particle swarm optimization (PSO) (Kennedy, 2011), genetic
algorithm (GA) (Holland, 1992), moth flame optimization (Mirjalili, 2015), grey wolf opti-
mizer (Mirjalili et al., 2014), gravitational search algorithm (Rashedi et al., 2009), salp swarm
algorithm (Mirjalili et al., 2017), and artificial bee colony (Karaboga & Basturk, 2007). For
wrapper-based FS, PSO and GA are the most frequently used.

PSO is a swarm intelligence algorithm that mimics the social interaction behaviuor of
bird flocking and fish schooling in nature. Previous works show that PSO can provide excel-
lent performance when dealing with the FS problem. However, the imbalance between
exploration and exploitation is still an issue in PSO, which may limit the performance of
PSO in feature evaluation. Therefore, an adaptivemechanism that can automatically adjust
the conditions (exploration phase or exploitation phase) is desired. Besides, No Free Lunch
theorem indicates that no single optimiser can handle all the problems perfectly (Wolpert &
Macready, 1997). This theorem encourages the researchers tomodify, enhance, and evolve
the algorithm for improving the performance of the model to better solve a particular set
of problems.

In this article, a new variant of PSO called conditional opposition-based particle swarm
optimization (COPSO) is proposed for FS problems. The COPSO utilises opposition-based
learning (OBL) and conditional strategy. The former generates the opposite solutions,
which aims to ameliorate the quality of initial solutions and global best solution (gbest)
in the population. The latter guides the particles to explore or exploit based on their fit-
ness values. In this way, a well stable balance between local search and global search can
be achieved. Twenty-four benchmark datasets are collected to test the performance of the
COPSO. Ninemetaheuristic algorithms are employed tomeasure the efficacy and efficiency
of theproposedalgorithm.Our experimental results reveal that theCOPSOwashighly capa-
ble of selecting a set of significant features, which led to excellent classification results. The
primary contributions of this work are as follows:

• A COPSO is proposed for FS problems. The OBL strategy is embedded into the COPSO to
enhance the quality of the initial solutions and global best solution.

• Aconditional strategy is introduced and implemented intoCOPSO. This strategy enables
the COPSO to adaptively switch the local search and global search behaviours.

• The performance of COPSO is validated and tested using 24 benchmark datasets (from
low to high dimensions).

• The COPSO is compared with nine modern optimisers. The experimental results reveal
its effectiveness in FS works.

The rest of this paper is organised as follows: Section 2 provides reviews of relatedworks
and details the standard PSO. Section 3 describes the proposed COPSO and its application
for FS. The experimental results are discussed in Section 4. Finally, Section 5 concludes the
outcomes of this paper.

2. Background

In this section, the related work that representing the state of the arts have been presented
and discussed accordingly. Besides, the background and preliminaries of the standard PSO
algorithm are presented in this section as follows.
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2.1. Related works

In the past decade, metaheuristic algorithms have been regarded as favourable and pre-
dominant tools to seek out the potential features over the search space. Due to their
excellent search capability, these algorithms are often used by the research community to
tackle the FS problems (Faris et al., 2020; Hancer, 2019). Different metaheuristic algorithms
such as PSO (Xue et al., 2014), GA (Huang &Wang, 2006), and ant colony optimisation (Agh-
dam et al., 2009) were employed to handle such problems. The studies in (Ibrahim et al.,
2021; Nguyen, Xue, et al., 2020) also pointed out the effectiveness of metaheuristic algo-
rithms in FSworks. Additionally, (Agrawal et al., 2021) presented the comprehensive review
of binary metaheuristic algorithms in tackling the FS tasks.

The GA is an evolutionary algorithm inspired by the biological evolution in nature. It
evolves the solutions through three major operators: selection, crossover, and mutation.
The GA was first applied to handle FS problems in (Siedlecki & Sklansky, 1989). However,
themajor drawback of GA is that it required long processing time to reach an optimal solu-
tion (Gunasundari et al., 2016). Thus, (Jude Hemanth & Anitha, 2019) modified the GA by
implementing the “OR” and “AND” logic operations for FS. The proposed approach was
able to reduce the randomness and achieved an increment of 4-6% accuracy in magnetic
resonance image classification. Lately, a fast rival genetic algorithm was proposed in (Too
& Abdullah, 2020b) for FS problems. The study showed that the proposed method could
often find the informative feature subset within a short period. Another study in (Maza-
heri & Khodadadi, 2020) demonstrated the efficiency of NSGA II in choosing the potential
features.

In (Kashef & Nezamabadi-pour, 2015), an advanced version of ant colony optimization
(ACO) was developed for FS. The proposed approach used the statistical properties to ini-
tialise the heuristic information, which provided a better guidance for the ants to seek the
optimal feature subset. To enhance the accuracy of the Mars image classification, (Rashno
et al., 2017) proposed two variants of ACO algorithms to select high-quality features. They
reported their proposed method could outperform GA with the confidence level higher
than 0.95. The authors in (Mafarja &Mirjalili, 2017) performed a hybridisation of whale opti-
misation algorithm and simulated annealing for FS. In their hybrid approach, the simulated
annealing was applied to enhance the exploitation capability of the search agents when
searching thepromising areas. Another similarworkwasdone in (Too&Abdullah, 2020a), in
which a binary atom search optimisation was proposed to tackle the FS problems. Further-
more, (Gokalp et al., 2020) utilised the Iterated Greedy metaheuristic to select the quality
features for improving the performance of the sentiment classification.

In recent days, PSOhas successfully applied tomany FS applications. As compared toGA,
PSO is computationally less expensive, thereby receivemuchattention fromthe researchers
in FS studies. However, PSO suffers from immature convergence and slow convergence
rate, which makes it less efficient in finding the global optimum (Gou et al., 2017; Zhang
et al., 2017). Besides, the imbalance between exploration and exploitation is another key
factor that degrades the performance of the PSO algorithm (Xia et al., 2019). Hence, the
authors in (Lu et al., 2015) enhanced the performance of the standard PSO in text-based-
FS by modifying the inertia weight and constriction factor. Furthermore, a pbest guided
binary PSOwas designed to handle the FS problems in electromyography signals classifica-
tion (Too et al., 2019). The proposed approach borrowed the utility of differential evolution
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to evolve the quality of personal best solutions when the stagnation happened. However,
their method was computationally expensive compared to PSO algorithm. Recently, (Ji
et al., 2020) developed an improved binary PSO to solve the FS issues. They developed local
search and global search operators to improve exploitation and exploration behaviours.

From the literature review, the FS problemwith a large number of features is still an open
challenge that needs some extra attention by researchers to find out the way to improve
existing methods or develop a new strategy.

2.2. Standard particle swarm optimisation

Particle swarm optimization (PSO) was developed by Kennedy and Eberhart in 1995
(Kennedy, 2011). It is a swarm intelligence algorithm that mimics the social interaction
behaviour of bird flocking and fish schooling in nature. Initially, a population of N particles
(solutions) is randomly initialised in a D-dimensional search space. Each particle maintains
two vectors in the population, namely velocity, and position as follows:

Xi = [X1i , X
2
i , . . . , X

D
i ]

Vi = [ V1
i , V

2
i , . . . , V

D
i ]

where Xi and Vi represent the position and velocity of particle i. In the swarm, the particle is
guided by its best experience and the best experience of the whole swarm tomove toward
the global optimum. Iteratively, the particle updates its velocity and position as below:

Vd
i (t + 1) = wVd

i (t) + c1R1(pbest
d
i (t) − Xdi (t)) + c2R2(gbest

d(t) − Xdi (t)) (1)

Xdi (t + 1) = Xdi (t) + Vd
i (t + 1) (2)

where t is the current iteration, d refers to the dimension, pbest and gbest denote the per-
sonal best solution and global best solution, respectively. The R1 and R2 are two vectors
randomly distributed in [0,1], c1 and c2 are the acceleration coefficients, andw is the inertia
weight.

3. Proposed conditional opposition-based particle swarm optimization

To date, PSO has been widely employed to various engineering applications. However, its
mechanisms require tuning and modification to perform the best on a particular class of
problems. This is because PSO suffers from immature convergence, and it cannot effectively
escape from the local optima, thus leading to an ineffective solution (Gouet al., 2017; Zhang
et al., 2017). Besides, PSO has the limitation of weak robustness to various problem struc-
tures (Cheng & Jin, 2015a). In addition, the particles are guided by pbest and gbest toward
theglobal regions. From this point of view, theparticleswill slowly, and thenbecomesimilar
to gbest. If gbest is itself trapped in the local optimal, the search spaces of particles are lim-
ited to the same areas, thereby reducing the efficacy of PSO in finding the optimal solution
(Cheng& Jin, 2015b; Chuang et al., 2008). Moreover, the contradiction between exploration
and exploitation is another issue that strongly affects the performance of PSO in FS (Xia
et al., 2019).
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In this work, a conditional opposition-based particle swarmoptimization (COPSO) is pro-
posed to improve the performance of the PSO algorithm. Correspondingly, COPSO utilises
OBL and conditional strategy. The former aims to evolve the quality of initial solutions and
gbest inwhich the opposite solutions arewell-considered. The latter automatically switches
the local andglobal search,which intends tomaintain thewell stable balancebetween local
search and global search.

3.1. Opposition based learning

Generally speaking, opposition-based learning (OBL) is a strategy that defines the oppo-
site solution for each current solution in the population, and it then identifies whether
the opposite solution can provide better fitness value than the current solution (Ewees
et al., 2018). In any metaheuristic optimisation algorithm, an initial population of random
solutions is generated and used to seek out the global optimum for a given optimisation
problem. Due to the randomness and absence of knowledge in the initial solutions, these
algorithms cannot dramatically converge to the global optimum. Hence, OBL is employed
to overcome this defect.

In (Jabeen et al., 2009), the OBL was implemented into PSO to enhance the initial
populationby considering theopposite solutionof initial particles. (Kanget al., 2018) imple-
mented the hybrid algorithm that integrated probabilistic OBL into PSO to enhance the
population diversity. The authors in (Aladeemy et al., 2020) proposed different variants
of Opposition-based Self-Adaptive Cohort Intelligence to tackle the FS problems. Their
approaches adopted the OBL to generate the opposite solutions for improving the diver-
sity of the candidates. In OBL, the opposite number, X of the present X can be calculated as
follow:

X = ub + lb − X (3)

where ub and lb denote themaximumvalue andminimumvalue of the search space. As for
multidimensional search space, the opposite solution can be reformulated as:

X
d = ubd + lbd − Xd , d = 1, 2, 3, . . . ,D (4)

where D is referred to the number of dimensions. It is believed that the convergence of the
algorithm can be improved by performing the search in the opposite direction (Abd Elaziz
et al., 2017).

In the proposed approach, COPSO first integrates OBL to improve the quality of initial
solutions, which enables the particles to perform the search more effectively. Algorithm 1
shows the procedure of OBL. Let N and D to be the population size and the total number
of dimensions in the search space. At the beginning, COPSO randomly generates an initial
population of N solutions. The fitness values of the solutions are then evaluated. Next, the
initial solutions are used as the input for the OBL process. In this process, the opposite solu-
tions are computed, and the fitness values of opposite solutions are calculated. After that,
the initial solutions and opposite solutions aremerged, and the bestN solutions are chosen
to build the new initial population.

Secondly, to assist the COPSO for escaping the local optimal, the OBL is applied to the
gbest. At the end of each iteration, the OBL is used to compute the opposite solution of
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Algorithm 1. Opposition-Based Learning

Input:Solutions (X)
1) for i = 1 to N
2) for d = 1 to D
3) Compute opposite solution using (4)
4) end for
5) Assess the fitness value of opposite solution
6) end for
7) Combine current and opposite populations
8) Best N solutions are chosen as new initial solutions, Xnew
Output:High quality initial solutions (Xnew)

gbest. The opposite solution of gbest is defined as below:

gbestdnew = lbd + ubd − gbestd (5)

If the fitness value of the newly generated solution is better than the gbest, then the newly
generated solution will replace the gbest. Otherwise, the gbest is retained.

3.2. Conditional strategy

In PSO, the proper balance between exploration and exploitation has regarded as a key
factor that can significantly affect the performance of the algorithmwhen searching for an
optimal solution (Jensi & Jiji, 2016). However, it is difficult to decide whether the particle
should perform the global search or local search since the situation is varying according
to various problem structures. In this paper, a new conditional strategy is proposed, which
aims to automatically switch the local search and global search in the searching process.

Figure 3 illustrates the concept of the conditional strategy. As shown in Figure 3, a com-
parison is made between the particle and its previous one. If the particle offers better
performance than its previous one, then an exploration phase is executed. Conversely, an
exploitation phase is promoted when the performance of the existing particle has become
worst. Considering the minimisation case, the conditional strategy is formulated as:

{
Exploration phase, if F(Xi(t)) ≤ F(Xi(t − 1))
Exploitation phase if F(Xi(t)) > F(Xi(t − 1))

(6)

where F(.) is the objective function, and t is the iteration number. Note that the condition of
each particle is examined to ensure all of them can perform the search according to proper
circumstances.

3.2.1. Exploration phase
From the aforementioned discussion, the condition (exploitation phase or exploration
phase) is determined by comparing the fitness values obtained by the corresponding par-
ticle X(t) and its previous one X(t−1). If the fitness value achieved by the corresponding
particle is better than or equal to previous one, this means that the particle is able to main-
tain or enhance the performance. Thereby, the particle shall search globally around the
neighbours to find more promising regions. By this way, the diversity of swarm can be
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Figure 3. General concept of the conditional strategy.

improved. In the exploration phase, the particle updates its velocity and position as below:

Vd
i (t + 1) = w(t)Vd

i (t) + c1R3(pbest
d
i (t) − Xdi (t)) + c2R4(Xm

d
(t) − Xdi (t)) (7)

S(Vd
i (t + 1)) = 1

1 + exp(−10(Vd
i (t + 1) − 0.5))

(8)

Xdi (t + 1) =
{
1, if S(Vd

i (t + 1)) > r and (0, 1)
0, otherwise

(9)

where R3 and R4 are two vectors randomly distributed in [0,1], and Xm is the mean position
of the current swarm.

3.2.2. Exploitation phase
On the other side, if the fitness value achieved by the corresponding particle is worse than
its previous one, this indicates that the particlemight be facing difficulty in finding the opti-
mal solution. Thus, the particle shall search locally around the current best solutions and
select the best solutions. In the exploitation phase, the particle updates its velocity and
position as follows:

Vd
i (t + 1) = w(t)Vd

i (t) + c1R5(pbest
d
i (t) − Xdi (t)) + c2R6(Xgb

d
(t) − Xdi (t)) (10)

S(Vd
i (t + 1)) = 1

1 + exp(−10(Vd
i (t + 1) − 0.5))

(11)

Xdi (t + 1) =
{
1, if S(Vd

i (t + 1)) > r and (0, 1)
0, otherwise

(12)

where R5 and R6 are two vectors randomly distributed in [0,1], and Xgb represents themean
position of global best particles over the course of the iterations. Instead of moving toward
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gbest, the mean position of gbest is less likely to introduce a bias toward the particular
particle, which can improve the diversity of swarm in local search.

3.2.3. Adaptive inertia weight
Inertia weight is another key parameter that can substantially affect the performance of
COPSO in FS. Generally speaking, a smaller value of inertia weight promotes the particle to
exploit the best solutions. On the contrary, a larger value of inertia weight allows the algo-
rithms to givemore focus on exploration (Jiao et al., 2008). In COPSO, a conditional strategy
is used to manipulate the exploration and exploitation behaviour. Thereby, an adaptive
inertia weight is proposed, and it is defined as follows:

w(t) =
⎧⎨
⎩
0.5 + 1

2
R7, Exploration phase

0.5R8 Exploitation phase
(13)

where w is the inertia weight, R7 and R8 are two random numbers distributed in [0,1]. An
illustration of adaptive inertia weight is demonstrated in Figure 4. In the exploration phase,
the inertia weight was randomly generated in the ranges of 0.5 and 1, which encouraged
the particle to search globally on the search space. For the exploitation phase, the iner-
tia weight was allocated between 0 and 0.5, which enabled the particle to search locally
around the promising regions. The utilisation of the adaptive inertia weight scheme pro-
motes a well stable balance between local search and global search. Algorithm 2 presents
the pseudocode of COPSO.

3.2.4. Computational complexity
The computational complexity of the COPSO mainly depends on the complexity of OBL
for initialisation (OBL1), OBL for gbest (OBL2), and conditional strategy (CS). To sum up, the
complexity of the proposed approach is given by

O(COPSO) = O(OBL1) + O(OBL2) + O(CS) (14)

Figure 4. Adaptive inertia weight (a) Exploitation phase (b) Exploration phase.
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Algorithm 2. Conditional Opposition-Based Particle Swarm Optimization

Input:N, MaxIter, c1 and c2
1) Initialise the position and velocity of N particles
2) Assess the fitness values of particles, F(X)
3) Apply the opposition-based learning as shown in Algorithm 1
4) Define pbest and gbest, set previous fitness, Fp(X)= ∞
5) for (t = 1 to MaxIter)
6) for (i = 1 to N)
7) Compute the inertia weight as shown in (11)

// Condition: Exploration phase //
8) if F(Xi) better than or equal to Fp(Xi)
9) Update the velocity of particle using (7)
10) Update the position of particle as shown in (9)

// Condition: Exploitation phase //
11) else if F(Xi) worse than Fp(Xi)
12) Update the velocity of particle using (10)
13) Update the position of particle as shown in (12)
14) end if
15) Evaluate fitness value of new particle, F(Xinew)
16) Update pbesti and gbest
17) end for
18) Compute the opposite solution of gbest using (5)
19) Update gbest if newly generated solution is better

// Update previous fitness //
20) Store Fp(X) = F(X)
21) end for
Output:Global best solution

O(OBL1) = O(D × N + C × N)

O(OBL2) = O(T(D + C))

O(CS) = O(T(D × N + C × N))

where N denotes the number of particles, D is the dimension size, T refers to themaximum
number of iterations, and C denotes the cost of fitness function.

3.3. Feature selection using proposedmethod

This study proposes the COPSO to handle the FS problem in classification tasks. In fact,
FS is a challenging combinatorial optimisation problem. The number of possible solutions
increases exponentially with the number of dimensions (number of features). Let assume
a dataset with D features, and the possible combinations of features will be 2D, which is
difficult to analyze by using the exhaustive search strategy (Nemati et al., 2009). Therefore,
the proposed COPSO is used to evaluate the best combination of significant features for
classification tasks.

In the proposed approach, the solutions are presented in binary form, in which “1”
denotes the selected features and “0” represents the unselected features. Figure 5 illus-
trates the sample solution with ten features. It can be observed that the total number of
five features (3rd, 4th, 7th, 8th, and 9th features) has been chosen in this sample solution.

Generally speaking, FS consists of two objectives, which are high classification perfor-
mance and minimal feature size. In this framework, a fitness function that considers both
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Figure 5. Sample solution with ten dimensions (features).

objectives are employed as:

↓ Fitness = αER + β
|S|
|C| (15)

where |S| is the length of feature subset, |C| is the total number of features, ER is the error
rate, and it can be defined as the ratio of the number of wrongly classified instances to the
total number of instances. The parameters α and β are the weight vectors to control the
importance of classification performance and feature size, where the summation of α and
β is equal to 1.

4. Results and discussions

This section consists of four sub-sections. The first sub-section provides the details of 24
used datasets. The second sub-section presents the comparison algorithms and evalua-
tion metrics. The third sub-section shows the experimental results. The final sub-section
discusses the findings of the experiment.

4.1. Experimental data

This sub-section validates the performance of COPSO in several real-world problems.
Twenty-four datasets obtained from (UCI Machine Learning Repository, n.d.) and (Datasets
| Feature Selection @ ASU, n.d.) are used to validate the performance of COPSO. Table 1 tab-
ulates the summary of these datasets. From Table 1, the datasets with various numbers of
features (from low to high dimensions) were chosen to inspect the performance of COPSO.

4.2. Comparison algorithms and evaluationmetrics

To evaluate the efficacy of COPSO, the opposition based PSO (OPSO), GA, and the other
seven metaheuristics include the binary particle swarm optimization (BPSO) (Kennedy
& Eberhart, 1997), moth flame optimization (MFO) (Mirjalili, 2015), multi-verse optimizer
(MVO) (Mirjalili et al., 2016), generalized normal distribution optimization (GNDO) (Zhang
et al., 2020), and pathfinder algorithm (PFA) (Yapici & Cetinkaya, 2019), opposition based
sine cosine algorithm (OBSCA) (Abd Elaziz et al., 2017), and improved salp swarm algorithm
(ISSA-OBL) (Tubishat et al., 2020) are selected for performance comparison. Table 2 outlines
parameter settings of utilisedmethods. The numbers of solutions andmaximum iterations
are set at 10 and 100 to ensure the fair comparison. The total number of dimensions (D) is
equal to the number of features in the dataset.

For wrapper-based FS, the k-nearest neighbour (KNN, k = 5) classifier is adopted as
the learning algorithm to calculate the fitness value of each solution. The KNN is chosen
because of its fast processing speed, easy implementation, and promising performance in
previous work (Emary et al., 2016).
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Table 1. The twenty-four datasets used in this study.

No Dataset Number of features Number of instances

1 Colon 2000 62
2 Hepatitis 19 155
3 Iris 4 150
4 Lymphography 18 148
5 Soybean 35 307
6 Ionosphere 34 351
7 Zoo 16 101
8 Breast Cancer 9 699
9 Musk 1 166 476
10 Arrhythmia 279 452
11 Dermatology 34 366
12 SPECT Heart 22 267
13 Libras Movement 90 360
14 Seeds 7 210
15 LSVT 310 126
16 SCADI 205 70
17 Ultrasonic F A 36 87
18 Ultrasonic F B 51 92
19 Ultrasonic F C 43 181
20 Ultrasonic F D 43 180
21 Heart 13 270
22 Yale 1024 165
23 TOX_171 5748 171
24 Leukemia 7070 72

Table 2. The parameter settings of utilised methods.

Method Parameter Value

COPSO, OPSO, BPSO Number of particles 10
Maximum iterations 100
Acceleration coefficients, c1, c2 2

OPSO Inertia weight,w 0.9
BPSO Inertia weight,w [0.9, 0.4]
MFO Number of moths 10

Maximum iterations 100
Beta, β 1

MVO Number of universes 10
Maximum iterations 100
CoefficientWEP [0.2, 1]

GA Number of chromosomes 10
Maximum iterations 100
Crossover rate, CR 0.8
Mutation rate,MR 0.01
Tournament size 3

GNDO Number of solutions 10
Maximum iterations 100

PFA Number of solutions 10
Maximum iterations 100

ISSA-OBL Number of salps 10
Maximum iterations 100

OBSCA Number of search agents 10
Maximum iterations 100

For each individual dataset, the data is partitioned into training and testing sets with
the ratio of 7:3. In the FS phase, the stratified 10-fold cross-validation manner is employed
to assess the performance of the proposed approach. In this method, the dataset set is
randomly separated into 10 equal parts. Each part is employed as the validation set in
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succession, whereas the remaining parts (9 parts) are adopted to train the classifier. Accord-
ing to (Ouadfel & Abd Elaziz, 2020), the α is set at 0.9. For each algorithm, the experiment
is repeated for 20 runs to obtain meaningful statistical results. Finally, the measurements
achieved from all the evaluations are recorded, and their averages are presented.

4.3. Experimental results

Six evaluation metrics, including the mean fitness, standard deviation of fitness, validation
accuracy, testing accuracy, number of selected features, and computational time, are cal-
culated to measure the effectiveness of proposed COPSO. All the simulation and analysis
are conducted using MATLAB 2021 in a computer with 2.90GHz CPU and 16.0GB RAM.

Figure 6. Convergence curves.
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Figure 6 depicts the results of the convergence curve. As can be seen, COPSO yielded
promising performance for most datasets. In comparison with other algorithms, COPSO
can usually converge faster to find an optimal solution. Besides, COPSO achieved very good
diversity. The observed improvement in FS problems is attributed to OBL to provide high-
quality solutions that enhance the convergence of the algorithm. As compared to OPSO,
COPSO can often perform the search on more promising regions. This is mainly due to
the proper balance between exploration and exploitation contributed by the conditional
strategy, which properly adjusts the local search and global search exceedingly.

Tables 3 and 4 list the mean fitness and standard deviation of fitness values. Succes-
sively, COPSO achieved the lowest mean fitness in most cases. These results imply that the
COPSO comprised of high potential in searching the global optimal solution, thus lead-
ing to superior performance. The foremost cause of this improved efficacy of the COPSO
is that it utilises the OBL scheme. Hence, COPSO can effectively improve the quality of ini-
tial solutions and accelerate the convergence rate. Based on the result obtained in Table 3,
the optimal mean fitness value is obtained by COPSO (21 datasets). In terms of robustness
and consistency, COPSO can often offer highly consistent results due to smaller STD values.
As such, COPSO utilises conditional and OBL strategies, which significantly improves the
global search and local search capabilities.

Table 5 presents the result of the validation accuracy. Inspecting the results, COPSO
contributed the highest validation accuracy in 15 datasets. Among the comparative algo-
rithms, COPSO scored the highest average accuracies in most cases. The result of testing
accuracy is shown in Figure 7. Successively, COPSO achieved the highest testing accu-
racy in many datasets. In comparison with the other nine algorithms, COPSO was highly

Table 3. Result of the mean fitness value.

Mean fitness value

No Dataset COPSO OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 0.08 0.183 0.184 0.163 0.195 0.192 0.19 0.176 0.101 0.184
2 Hepatitis 0.129 0.144 0.133 0.151 0.159 0.136 0.159 0.145 0.13 0.139
3 Iris 0.058 0.058 0.058 0.059 0.075 0.058 0.061 0.058 0.058 0.058
4 Lymphography 0.151 0.161 0.153 0.172 0.18 0.163 0.171 0.169 0.156 0.161
5 Soybean 0.293 0.304 0.302 0.297 0.318 0.303 0.313 0.308 0.31 0.301
6 Ionosphere 0.075 0.114 0.113 0.097 0.126 0.112 0.128 0.119 0.086 0.109
7 Zoo 0.087 0.095 0.085 0.105 0.111 0.093 0.106 0.098 0.09 0.087
8 Breast Cancer 0.058 0.059 0.058 0.061 0.064 0.059 0.062 0.06 0.058 0.059
9 Musk 1 0.113 0.13 0.146 0.123 0.143 0.135 0.139 0.137 0.122 0.135
10 Arrhythmia 0.283 0.343 0.351 0.325 0.354 0.338 0.351 0.346 0.297 0.337
11 Dermatology 0.044 0.055 0.054 0.053 0.065 0.051 0.059 0.061 0.054 0.055
12 SPECT Heart 0.165 0.161 0.154 0.159 0.172 0.159 0.171 0.165 0.157 0.156
13 Libras Movement 0.239 0.262 0.275 0.262 0.275 0.264 0.273 0.272 0.245 0.263
14 Seeds 0.08 0.08 0.08 0.086 0.098 0.081 0.09 0.082 0.08 0.08
15 LSVT 0.144 0.324 0.327 0.307 0.337 0.322 0.326 0.319 0.178 0.31
16 SCADI 0.085 0.137 0.139 0.1 0.149 0.134 0.145 0.138 0.096 0.124
17 Ultrasonic F A 0.131 0.223 0.208 0.203 0.225 0.214 0.229 0.217 0.175 0.207
18 Ultrasonic F B 0.004 0.013 0.019 0.005 0.024 0.012 0.02 0.018 0.005 0.013
19 Ultrasonic F C 0.081 0.107 0.102 0.094 0.116 0.098 0.11 0.107 0.094 0.097
20 Ultrasonic F D 0.108 0.136 0.137 0.13 0.15 0.131 0.144 0.139 0.123 0.13
21 Heart 0.163 0.178 0.163 0.178 0.19 0.171 0.193 0.174 0.163 0.166
22 Yale 0.319 0.376 0.403 0.359 0.397 0.383 0.392 0.381 0.346 0.382
23 TOX_171 0.205 0.253 0.283 0.252 0.279 0.271 0.275 0.269 0.247 0.283
24 Leukemia 0.031 0.112 0.108 0.109 0.118 0.121 0.117 0.101 0.03 0.116
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Table 4. Result of the standard deviation of fitness value.

Standard deviation of fitness value

No Dataset COPSO OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 0.031 0.056 0.047 0.047 0.052 0.046 0.049 0.045 0.041 0.046
2 Hepatitis 0.016 0.02 0.012 0.021 0.017 0.01 0.017 0.016 0.014 0.013
3 Iris 0.01 0.01 0.01 0.01 0.014 0.01 0.012 0.01 0.01 0.01
4 Lymphography 0.014 0.021 0.018 0.019 0.019 0.021 0.023 0.023 0.015 0.019
5 Soybean 0.013 0.017 0.01 0.017 0.013 0.013 0.013 0.015 0.014 0.01
6 Ionosphere 0.007 0.02 0.008 0.015 0.012 0.015 0.017 0.021 0.01 0.013
7 Zoo 0.016 0.015 0.013 0.016 0.018 0.018 0.027 0.02 0.016 0.013
8 Breast Cancer 0.004 0.004 0.004 0.006 0.004 0.005 0.006 0.004 0.004 0.004
9 Musk 1 0.01 0.017 0.01 0.016 0.011 0.015 0.014 0.009 0.011 0.012
10 Arrhythmia 0.011 0.014 0.012 0.015 0.014 0.014 0.015 0.011 0.017 0.013
11 Dermatology 0.007 0.009 0.004 0.007 0.008 0.006 0.007 0.007 0.007 0.005
12 SPECT Heart 0.022 0.015 0.018 0.018 0.017 0.018 0.017 0.018 0.017 0.015
13 Libras Movement 0.014 0.022 0.022 0.025 0.023 0.02 0.018 0.019 0.015 0.018
14 Seeds 0.012 0.012 0.012 0.017 0.013 0.015 0.015 0.011 0.012 0.012
15 LSVT 0.026 0.027 0.026 0.032 0.028 0.035 0.038 0.029 0.043 0.039
16 SCADI 0.017 0.02 0.021 0.02 0.026 0.02 0.022 0.024 0.022 0.02
17 Ultrasonic F A 0.032 0.029 0.031 0.038 0.034 0.033 0.028 0.036 0.031 0.033
18 Ultrasonic F B 0 0.004 0.002 0.003 0.005 0.004 0.005 0.003 0.001 0.003
19 Ultrasonic F C 0.016 0.012 0.013 0.016 0.016 0.017 0.018 0.014 0.012 0.012
20 Ultrasonic F D 0.014 0.018 0.019 0.022 0.019 0.019 0.02 0.018 0.017 0.019
21 Heart 0.018 0.027 0.018 0.029 0.031 0.021 0.031 0.017 0.017 0.018
22 Yale 0.03 0.035 0.031 0.034 0.03 0.033 0.041 0.039 0.029 0.036
23 TOX_171 0.026 0.03 0.026 0.027 0.027 0.029 0.025 0.022 0.029 0.033
24 Leukemia 0.021 0.033 0.032 0.038 0.029 0.029 0.032 0.036 0.022 0.031

Table 5. Result of the average validation accuracy.

Average validation accuracy

No Dataset COPSO OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 0.923 0.848 0.85 0.86 0.836 0.839 0.84 0.849 0.898 0.842
2 Hepatitis 0.872 0.865 0.874 0.854 0.855 0.875 0.855 0.863 0.871 0.872
3 Iris 0.963 0.963 0.963 0.962 0.961 0.963 0.964 0.963 0.963 0.963
4 Lymphography 0.861 0.859 0.87 0.847 0.844 0.856 0.852 0.851 0.857 0.858
5 Soybean 0.713 0.714 0.722 0.722 0.705 0.723 0.708 0.71 0.698 0.72
6 Ionosphere 0.928 0.903 0.899 0.916 0.897 0.904 0.892 0.898 0.915 0.905
7 Zoo 0.939 0.937 0.947 0.927 0.927 0.94 0.931 0.94 0.94 0.948
8 Breast Cancer 0.964 0.964 0.964 0.961 0.962 0.963 0.961 0.96 0.964 0.964
9 Musk 1 0.896 0.905 0.889 0.909 0.893 0.902 0.896 0.898 0.882 0.9
10 Arrhythmia 0.698 0.667 0.66 0.668 0.656 0.674 0.659 0.66 0.678 0.67
11 Dermatology 0.98 0.981 0.98 0.982 0.979 0.986 0.982 0.98 0.975 0.984
12 SPECT Heart 0.84 0.865 0.864 0.86 0.852 0.863 0.849 0.857 0.862 0.867
13 Libras Movement 0.754 0.752 0.737 0.753 0.744 0.751 0.743 0.744 0.747 0.751
14 Seeds 0.944 0.944 0.944 0.937 0.938 0.942 0.932 0.941 0.944 0.944
15 LSVT 0.848 0.678 0.683 0.672 0.668 0.682 0.677 0.68 0.805 0.685
16 SCADI 0.915 0.887 0.893 0.903 0.88 0.889 0.879 0.88 0.906 0.893
17 Ultrasonic F A 0.863 0.783 0.799 0.794 0.784 0.794 0.779 0.789 0.82 0.798
18 Ultrasonic F B 1 1 1 0.999 1 1 1 1 1 1
19 Ultrasonic F C 0.924 0.912 0.919 0.909 0.906 0.915 0.912 0.915 0.914 0.917
20 Ultrasonic F D 0.89 0.871 0.875 0.865 0.869 0.873 0.869 0.871 0.877 0.878
21 Heart 0.847 0.843 0.851 0.837 0.833 0.847 0.823 0.843 0.849 0.851
22 Yale 0.661 0.635 0.606 0.649 0.613 0.629 0.617 0.628 0.633 0.625
23 TOX_171 0.789 0.773 0.741 0.772 0.746 0.755 0.749 0.753 0.749 0.738
24 Leukemia 0.975 0.928 0.934 0.926 0.922 0.92 0.922 0.929 0.972 0.922
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Figure 7. Average Testing Accuracy.

capableof selecting the subset of significant features, thus resulting inoptimal classification
performance.

Table 6 presents the result of the number of selected features. According to findings,
COPSO perceived the smallest average number of selected features in most cases (14
datasets). As compared to OPSO, the COPSO can often select fewer features in the process
of evaluation. The foremost cause for the improved efficiency of the COPSO is that it could
maintain a well stable balance between local search and global search when dealing with
FS problems. Table 7 presents the experimental result of computational time. As can be
seen, the computation time consumed by COPSO was competitive. On the one hand, the
GNDO is found to be the slowest algorithm.
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Table 6. Result of the average number of selected features.

Average number of selected features

No Dataset COPSO OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 214.2 919.7 979.2 747.1 943.5 942.4 924.8 804.6 184.3 838.1
2 Hepatitis 2.7 4.2 3.7 3.7 4.5 4.5 5.4 4.2 2.8 4.6
3 Iris 1 1 1 1 1.1 1 1.2 1 1 1
4 Lymphography 4.6 6.2 6.6 6.3 6.1 6 6.8 6.4 5 6.1
5 Soybean 12.2 16.5 18.1 16.5 17.6 18.8 17.6 16.2 13.4 17.2
6 Ionosphere 3.5 8.9 7.6 7.3 10.1 8.7 10.5 9.3 3.3 8.1
7 Zoo 5.2 6.1 5.9 6.2 6.3 6.3 7.1 7.1 5.8 6.4
8 Breast Cancer 2.3 2.4 2.3 2.3 2.4 2.3 2.4 2.2 2.3 2.4
9 Musk 1 31.9 73.7 76.1 69.4 76 77.1 76.2 73.9 27.2 75.7
10 Arrhythmia 30 121.3 126.3 73.9 122.7 123.6 122.4 112.6 19.9 111.9
11 Dermatology 8.9 13.1 12.3 12.5 14.9 13.2 14.6 14.6 10.8 13.9
12 SPECT Heart 4.5 8.8 7 7.4 7.9 7.9 7.8 8.2 7.3 8.1
13 Libras Movement 15.8 34.7 34 36.1 38 36.3 37.5 37.4 15.3 35.1
14 Seeds 2.1 2.1 2.1 2 2.1 2.1 2 2.1 2.1 2.1
15 LSVT 19.6 105 129.8 36.4 117.7 110.8 108.4 96.4 7.7 81.7
16 SCADI 16.4 72.2 87.8 25.1 81.1 70.9 74.5 62.9 22.6 56.9
17 Ultrasonic F A 2.6 10.1 9.7 6.3 9.8 10.4 10.8 9.5 4.5 8.9
18 Ultrasonic F B 2 6.6 9.5 2.2 11.5 6.2 10.5 9 2.6 6.8
19 Ultrasonic F C 5.4 11.8 12.7 5.4 12.6 9.2 13 13 7.2 9.9
20 Ultrasonic F D 3.9 8.9 10.6 3.6 12.9 7.4 11.1 9.9 5.2 8.6
21 Heart 3.4 4.8 3.7 4.2 4.3 4.3 4.4 4.2 3.6 4.1
22 Yale 150.1 484.4 495.9 443.7 490.4 507.3 487.3 468.3 158.7 457.9
23 TOX_171 904.1 2801.1 2849.6 2657.1 2818.2 2894.9 2829 2647.3 1210.9 2673.3
24 Leukemia 584.5 3340.8 3460.7 2980.1 3390.3 3447.6 3333.5 2651.7 330.7 3246.4

Table 7. Result of the average computational time.

Average computational time (s)

No Dataset COPSO OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 1.88 2.31 4.04 3.45 4.5 2.42 2.62 2.61 1.89 4.22
2 Hepatitis 1.22 1.32 1.25 1.94 2.4 1.2 1.22 1.38 1.19 2.34
3 Iris 1 1.22 1.1 1.9 2.31 1.15 1.1 1.25 1.08 2.22
4 Lymphography 1.32 1.31 1.26 2.02 2.44 1.21 1.22 1.39 1.2 2.36
5 Soybean 2.04 2.1 2.02 3.17 3.92 2.02 1.97 2.21 1.82 3.72
6 Ionosphere 2.17 2.21 2.16 3.35 4.19 2.24 2.05 2.38 1.96 4.3
7 Zoo 1.18 1.15 1.13 1.78 2.18 1.12 1.16 1.27 1.07 2.26
8 Breast Cancer 4.56 4.73 4.61 7.25 9.03 4.24 4.7 5.08 4.72 9.32
9 Musk 1 3.92 4.53 4.67 6.38 8.36 4.14 4.3 4.76 3.91 8.52
10 Arrhythmia 3.78 5.26 5.31 7.01 10.19 5.13 5.07 5.63 3.51 9.77
11 Dermatology 2.4 2.36 2.35 3.61 4.54 2.34 2.3 2.76 2.19 4.54
12 SPECT Heart 1.56 1.65 1.78 2.58 3.33 1.68 1.71 1.99 1.6 3.31
13 Libras Movement 2.51 2.51 2.74 3.9 5.17 2.54 2.65 2.91 2.3 5.02
14 Seeds 1.35 1.32 1.36 2.1 2.68 1.33 1.36 1.45 1.29 2.62
15 LSVT 1.47 1.68 2.25 2.3 3.29 1.7 1.74 1.82 1.37 3.09
16 SCADI 1.18 1.18 1.5 1.76 2.34 1.18 1.3 1.28 1.1 2.21
17 Ultrasonic F A 1.12 1.03 1.07 1.65 2.07 1.02 1.06 1.14 1 1.99
18 Ultrasonic F B 1.09 1.03 1.09 1.62 2.04 1.04 1.07 1.14 1.02 1.99
19 Ultrasonic F C 1.44 1.32 1.38 2.07 2.62 1.33 1.42 1.47 1.3 2.62
20 Ultrasonic F D 1.44 1.31 1.38 2.15 2.59 1.31 1.29 1.43 1.3 2.59
21 Heart 1.71 1.76 1.63 2.65 3.22 1.65 1.62 1.81 1.57 3.14
22 Yale 2.7 3.94 4.47 5.73 7.05 3.73 3.71 3.96 2.7 7.23
23 TOX_171 13.33 30.84 34.79 46.05 59.01 30.49 30.41 30.61 18.62 56.32
24 Leukemia 5.39 13.84 19.51 19.94 25.61 14.26 14.2 10.84 6.76 25.18
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Table 8. The p-value of Wilcoxon test.

p-value

No Dataset OPSO BPSO GA GNDO MFO MVO PFA OBSCA ISSA-OBL

1 Colon 0 0 0 0 0 0 0 0.012 0
2 Hepatitis 0 0.164 0 0 0.049 0 0 0.552 0.004
3 Iris 1 1 0.5 0 1 0.125 1 1 1
4 Lymphography 0.018 0.234 0 0 0.011 0.002 0 0.005 0.012
5 Soybean 0.018 0.001 0.455 0 0.008 0 0 0 0.002
6 Ionosphere 0 0 0 0 0 0 0 0 0
7 Zoo 0.043 0.236 0 0 0.165 0.001 0.002 0.313 0.983
8 Breast Cancer 0.063 1 0.002 0 0.125 0 0.001 1 0.25
9 Musk 1 0.002 0 0.012 0 0 0 0 0.001 0
10 Arrhythmia 0 0 0 0 0 0 0 0.002 0
11 Dermatology 0 0 0.002 0 0.001 0 0 0 0
12 SPECT Heart 0.391 0.004 0.157 0.1 0.117 0.136 0.717 0.094 0.048
13 Libras Movement 0 0 0 0 0 0 0 0.04 0
14 Seeds 1 1 0.008 0 0.125 0.001 0.25 1 1
15 LSVT 0 0 0 0 0 0 0 0.003 0
16 SCADI 0 0 0 0 0 0 0 0.004 0
17 Ultrasonic F A 0 0 0 0 0 0 0 0 0
18 Ultrasonic F B 0 0 0.125 0 0 0 0 0.004 0
19 Ultrasonic F C 0 0 0 0 0 0 0 0 0
20 Ultrasonic F D 0 0 0 0 0 0 0 0.002 0
21 Heart 0.001 0.813 0.001 0 0.005 0.001 0.003 0.813 0.073
22 Yale 0 0 0 0 0 0 0 0.001 0
23 TOX_171 0 0 0 0 0 0 0 0 0
24 Leukemia 0 0 0 0 0 0 0 0.709 0
Win|Tie|Lose 20|4|0 16|7|1 20|4|0 23|1|0 19|5|0 22|2|0 21|3|0 16|8|0 18|5|1

The Wilcoxon signed-rank test with 95% confidence level is used to inspect the fitness
values obtained by COPSO algorithm. In this statistical test, the performances of two dif-
ferent algorithms are significantly different if the p-value is less than 0.05; otherwise, the
performances of two different algorithms are similar. The result of the Wilcoxon test is
demonstrated in Table 8. From Table 8, the performance of COPSO was significantly bet-
ter than other algorithms for most of the datasets. The results again prove the efficacy of
the COSPO in the present work. Based on the results obtained, it can be concluded that
COPSO is a useful FS tool.

4.4. Discussions

From the empirical result and analysis, the proposed COPSO was shown to be a reliable
and powerful method for FS problems. According to results, the COPSO was able to pro-
duce an initial population of high-quality solutions. These quality solutions accelerated the
convergence behaviour of the COPSO algorithm. In comparison with other conventional
methods, COPSO was more capable of finding the average minimum during the search
process. The experimental results obtained in Table 3 supported this argument. Taking
TOX_171 as example, COPSO can search for the nearly optimal solution faster and over-
took other algorithms in FS. From an optimisation perspective, COPSO not only finds the
optimal solution effectively, but also offers a good convergence rate.

As compared to OPSO, COPSO has retained the optimal mean fitness value and high-
est validation accuracy in 23 and 20 datasets, respectively. For feature size, COPSO can
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often maintain a small subset of significant features, thereby improving the performance
of the learning model. Also, the features chosen by COPSO were able to contribute to
the optimal testing accuracy. In terms of convergence rate, COPSO can explore the fea-
ture space effectively and accelerate to the global best optimum. The results affirm the
supremacy of COPSO in providing higher accuracies while selecting a smaller number of
features.

Several observations can be made on the superiority of the COPSO method. Firstly, the
OBLassists the algorithm in creatinga set of high-quality initial solutions.Moreover, theOBL
is applied to enhance the gbest in each iteration, which is beneficial in escaping the local
optimal. Secondly, the conditional strategy enables the particles to make the search deci-
sions based on their previous experiences, which helps the particles to decide whether to
explore or exploit in thedynamic condition. This strategy is also associatedwith an adaptive
inertia weight to maintain the well stable balance between exploration and exploitation.
With the conditional strategy, the particles are highly capable of exploring and exploiting
the promising regions over the feature space. Thanks to OBL and conditional strategy, the
superiority of COPSO in avoiding the local optimal and improving the search capability can
be ensured. Hence, COPSO can often contribute to the optimal performance when applied
to FS problems.

Even though the performance of COPSO is superior, it also has some limitations. Firstly,
the conditional strategy generated the inertia weight randomly for both exploitation and
exploration conditions. This randomness may limit the search tendency of the COPSO
algorithm. Secondly, the controlling parameters c1 and c2 are set according to the liter-
ature. These parameter settings are commonly used in the PSO algorithm. However, the
parameter setting of COPSO can be further investigated for improving the performance of
the algorithm in other applications.

5. Conclusion

In this paper, a conditional opposition-based particle swarm optimization (COPSO) was
proposed for FS problems. The proposed COPSO utilised OBL to evolve the quality of
the initial solutions and global best solution, thus improving the convergence rate of the
algorithm. In addition, the conditional strategy assistedCOPSO inbalancing the exploration
and exploitation tendency, which greatly increased the global search and local search abil-
ities. By making full use of these mechanisms, COPSO was highly capable of escaping the
local optima, and it could further enhance the efficacy of the algorithm in FS problems. The
performance of the proposed COPSO was tested using 24 benchmark datasets, and the
result was compared with the other nine FS algorithms. The comprehensive experimental
results showed the supremacy of COPSO not only at producing high classification accuracy
but also in minimal number of features.

Futurework can centraliseon theeffectivenessof theCOPSO invarious applications such
as numerical optimisation, welded beam design, and optimised support vector machine.
Moreover, the concept and idea of conditional strategy can be also implemented into other
swarm intelligence algorithms to maintain a well stable balance between exploration and
exploitation. The applications of COPSO in different fields are worthy of investigating due
to the black-box nature of this algorithm.
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