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A very successful global optimization technique is particle swarm optimization (PSO).

PSO has some drawbacks, including slow convergence, early convergence, and getting
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1. Introduction

Technology has become so ubiquitous in recent years that it has resulted in the creation of numerous datasets with a large number
of features and patterns for classification. Due to the large amount of redundant and irrelevant features in these datasets, there is
a good likelihood that the precision of training the classifier will suffer, as well as the classifier's training speed. Dimensionality
reduction is a fundamental step in making data mining algorithms more efficient and effective. Feature Extraction (FE) and
Feature Selection (FS) are the two main types of dimensionality reduction (FS). The FE method creates a new subset of functions
from unique capabilities, whereas the FS method selects a subset from the original capabilities. By removing irrelevant and
redundant capabilities, and so improving the overall performance of the set of rules (Gopika, 2018) [*l. The FS is a more widely
used technique for data and system knowledge mining than the FE. Wrapper, filter, and embedding approaches are the three
categories of FS techniques. A function subset is evaluated in wrappers using the type performance of a chosen type algorithm.
Meanwhile, any classification algorithm's filters study the function subset's best in an unbiased approach. Embedded strategies
make the capability selection at some time during the modeling algorithm's implementation. Filter techniques, in particular, are
based on the characteristics of facts, which include distance, consistency, dependency, data, and correlation. Wrappers are
frequently more expensive in comparison to the filter approach in terms of computational value. The wrapper technique, which
employs machine learning algorithms, is commonly used to estimate the feature subset. However, the cost of processing remains
high for high-dimensional data, but they are primarily appropriate for improving an algorithm's prediction chances.

A number of feature selection strategies based on metaheuristic techniques have been presented in recent years (Mafarja and
Mirjalili, 2018, Ajibade, S. 2020) 24, Because of their potential global search capabilities, these metaheuristic strategies have
gained a lot of attention due to their good performance in solving the feature selection problem. Evolutionary based algorithms,
physics-based algorithms, swarm-based algorithms, and human-based algorithms are the four types of metaheuristics
optimization algorithms (Mirjalili and Lewis, 2016). [¥!
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Eberhart and Kennedy (1995) B, created particle swarm
optimization (PSO) as a nature-inspired algorithm that
replicated the sociological behavior of individuals in fowl
and fish swarms. PSO is considered to be less expensive to
compute, and it easily integrates with other heuristic
approaches such as GA, ACO, and DE (Moradi, 2016,
Ajibade and Adediran 2016) [® 71, Furthermore, PSO has a
few parameters that are simple to fine-tune and implement,
making it an effective FS technique. Though the application
of PSO has made the search for optimal feature subsets more
successful, it still has several flaws, such as premature
convergence in complex optimization problems. The value of
reducing the classification error rate is overshadowed by the
quantity of features in the search process. Another flaw is that
it selects features that are comparable in the final feature
subset (Sengupta et al., 2019) 8. Furthermore, the PSO does
not typically use feature correlation information to guide the
search process, resulting in the look-alike features being
selected the majority of the time in the closing feature subset,
lowering classifier performance (Mafarja and Mirjalili, 2018,
Ajibade, Ahmad and Shamsuddin, 2018) [*1%.21, Chaos theory
is a common mathematical concept that has been shown to be
effective in improving metaheuristic algorithm performance.
Chaos theory has been widely employed in the literature as a
supplement to the mathematical model in order to improve
the algorithm's global convergence capacity and avoid
converging at local optima. This research focuses on the
impact of a chaotic map on PSO performance.

The rest of this paper is organized as follows: Section 2
discusses the overview of PSO algorithm. The research
methodology and research framework are provided in section
3. The proposed approach is discussed in Section 4, the
experimental results are presented and analyzed in section 5.
Finally, in Section 6, conclusions and future work is given.

2. Overview of Particle Swarm Optimization (PSO)

PSO is a technique for optimizing that was created by
Eberhart and Kennedy (1995) Bl For guiding the molecules
to explore global optimal outcomes, this optimization
technique offers an easy approach to replicate swarm
characteristics in bird groupings and fish schools. PSO was
defined by (Wang et al., 2018) [ using three simple actions:
separation, alignment, and cohesion. The swarming local
flock mates are usually avoided in the separation approach,
but the action in the alignment method tends in the direction
of the local flock mates, and the cohesiveness action tends
towards the average location of local flock mates. It makes
use of the social interaction concept to find solutions to
problems without ignoring the problem gradient being
optimized, obviating the requirement for differentiation of
the optimization problem, as required by traditional
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optimization procedures (Yan et al., 2018) [,

The algorithm iterates until the resolution is found. Each
particle regulates its forward motion in relation to its previous
best position and the current best position of other particles
in order to find the global optimal solution. “The former
location of particle i is represented by a vector in the search
process, which is xi = (Xi1,Xiz,..., Xid), where d denotes the
dimension of the problem space. The maximum flying
velocity of particle i is vi = (Vi1,Viz,..., Vid), and the range of vig
iS [- Vimax, Vmax], where Vmax is the maximum flying velocity,
which is used to keep the value within a tolerable range.
Furthermore, pbest; = [pbestii, pbesti,..., pbestis] denotes the
current best location of particle i and gbest = [gbests,
gbesty,..., gbesty] indicates the current best location of the
total population” (Ajibade et al., 2020) “. By updating the
flying velocity and location of all individuals in the swarm
according to Eq 1 and Eq 2, the PSO approach recognizes the
global optimal solution.

Vid®D=vig(t)+r1(t)xC1x (phestia®-xig®)+r2(t)xC2x (ghest®-xia®) (1)
Xig =X O+vig*D )

where rl and r2 are two uniformly distributed values in the
range [0,1], and c1 and c2 are acceleration parameters, which
are generally set to 2.0. As a result of using the inertia weight
w, Eq 1 is improved to Eq 3.

Vid™ D= xvig(t)+r1(t)xC1x (pbestia®-xig®)+ra(t)xCox  (gbest®
- Xid(t)) (3)

The first component on the right-hand side of Eq 3 represents
the inertia weight. Excitations towards promising sites in the
search universe, as determined by personal and global best
locations, are represented by the other two words. Eq 4 gives
a mechanism for updating (Shi and Eberhart, 1998) 4],

W(t) = Wimax — (Wmax ~Wmin) X % 4)

For which t and T are the present and max iterations,
accordingly, while max and min are the user-defined inertia
weight constraints. When exploring the PSO, Xue et al.,
(2015) 81 considered the variety of attributes when
conducting upgrades of pbest and gbest approaches, since it
subsequently minimises number of attributes while
in comparison with outdated updates of pbest and gbest
methodologies without deteriorating classification. When
updating pbest and gbest during the PSO search process, the
steps are considered the attributes numbers, which reduces
the numbers of attribute over the conventional updating pbest
and gbest mechanism.
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. Initialize population

. Repeat

. Evaluated particles founded on the calculated fitness estimates

. Each particle is modified based on the best solution of current particle achieved

(Pbest, particle
best) and the best of the population (gbest, global best).

. The particles tend to move to best solution (pbest and gbest) in the search space by

the information
spreading to the swarm.

. Calculate the new velocities, v of particles with Eq 5.

V(i+1) =w¥*(v(i)+d1*rand(0, 1 )*x(i)-gbest(i)+¢2rand(0, 1 )(pbest(i)-x(i)) .5
‘Where, 1 is the index variable,
X is the solution (particle),
¢1 and ¢2 are variables used to determine the significant of pbest and gbest,
rand (0,1) is the function to generate random value with normal distribution
within the range of 0 and 1.

. Update the current best particles positions if the fitness value of the new particle is

lower than the fitness value of the current best particles.
UNTIL predefined maximum loop value is reached, or the fitness value has
convergence

Fig 1: PSO Algorithm (Rennard, 2006)

www.allmultidisciplinaryjournal.com

Fig. 1 shows the PSO algorithm. There are various measures
that can be used for the improvement of PSO. The hugeness
of the populace is one of them. Huge populace enhances the
probability of speedy and exact connection. Secondly,
attaining an equilibrium linking exploration and exploitation
is another procedure. At the initial stages of iteration, greater
exploration results in higher probability of achieving an
outcome closer to global optima. PSO has been utilized as an
efficient method in feature selection. However, it has a few
downsides, for example, premature convergence, high
computational complexity, slow convergence. Additionally,
it has the inadequacies of impulsive convergence with frailty
in fine-tuning close local optimum positions (Rahman et al.,
2017) 8 One potential explanation behind this is the way
that PSO doesn't efficiently deal with the association linking
exploitation (local search) with exploration (global search),
consequently it habitually intersects to a local minimum so
quick. Subsequently, to defeat the previously mentioned
limitations and difficulties, Wang et al., (2018) 9 and
Sengupta et al., (2019) € proposed that so as to have
progressively proficient performance, suitable core update
position formula and efficient strategy ought to be employed
for adjustment of the global exploration with local
exploitation. According to Nagra et al., (2020) 2% and a few
techniques for adjusting boundaries which includes inertia
weight, and acceleration coefficients for PSO have been
suggested to improve the exploration performance of PSO.

PHASE 1 - Data Pre-processing

Performance of data
cleaning, normalization
and  dimensionality
reduction

3. Research Methodology

The existing techniques need to be improved by the hybrid of
chaotic dynamic weight PSO and DE. The method of
research used in designing the proposed algorithm used to
improve classification performance is described. The
operational framework of this study is also presented.

3.1 Research Framework

The framework of the research contains all the procedures
involved in order to accomplish the research objectives. The
framework of this research comprises of 3 stages and each
stage gives the result that is essential for the following stage.
The outline of the framework for designing and developing
the proposed CPSO algorithm is seen in Fig 2. The Phase 1
of the framework described the process of data pre-
processing techniques that were used. Phase 2 focused on the
initialization of PSO where chaotic logistic map was
introduced into PSO in order to avoid premature
convergence. Phase 3 shows the development of CPSO in
which the particle swarm optimization was combined with
chaotic dynamic weight (CPSO), so as to improve the
convergence speed of PSO technique. The performance of
this technique was measured using eight benchmark
functions. The 8-benchmark function is given in Fig 4 (Kohli
et al., 2018; Houssein et al., 2021) [22 23],

PHASE 2 - Initialization of PSO
v

Adjust inertia weight (w) of
PSO by logistic map

Range [0.1]

Phase 2: To introduce logistic map into PSO algorithm in order to
increase population diversity in the search process

Output: Able to converge at global optimal thereby
avoiding premature convergence

PHASE 3 - Development of CHFSO

sition formula by
¢ the dynamic weight
correlation factors, acceleration
coefficients &best so far
position

Dynamic weights (,&S:)

Evaluation by § benchmark
functions (f1 - 8)

Chaotic Dynamic Weight with
Particle Swarm optimization
(CHPSO)

Phase 3: To balance the exploration
and exploitation capabilities

Output: Enhance the convergence rate of

PSO

Quipui: Improve optimal
performance of PSO Algorithm

Fig 2: Operational Framework
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3.2 Phase 1: Data Preprocessing

This section addresses the issue of the interference of
different data attribute scaling. The attributes of the data are
designed for the use of their current operational system.
Usually, these raw attributes reduce the performance of
machine learning classification power, because those with
values that are higher dominate the attributes that have lower
values. As a result, all of the original attributes were
subjected to a normalization (linear) transform in order to
produce new attributes which possesses improved properties
and a more uniform distribution. “This will help the
predictive power of the classifiers, it improves the accuracy
of the classifier as well as reduces the computational time”.
Min-max normalization technique was adopted to scale all
the numerical attributes to a new range denoted as [newMaxa
newMina]. This is because it preserves the relationship
between the original values and the normalized ones. To
obtain the transformed values, the expression in Equation 6.
Was applied.

i — v—MinA

S ATMiA (newMaxa - newMina)+ newMina (6)

“where v’ is the new normalized value, v is the current data
point, MinA and MaxA are the lower and upper boundaries
of the original attribute, newMaxA and newMinA are the
respective lower and upper target boundaries. In this study,
newMaxA and newMinA are set as 0 and 1 respectively”.
Each dataset is then partitioned into ratio 2:1 for training and
testing sets. Dimensionality reduction was also performed in
that it uses the mechanisms of encoding to reduce the size of
dataset. Reduction can be lossless and lossy based on the
retrieved information from decoding. Wavelet Transforms
and Principal Component Analysis (PCA) are two effected
methods for lossy reduction.

3.3 Phase 2: Initialization of PSO

Phase 2 contains the research activities which involves
introducing chaos maps to adjust the inertia weight in order
to increase the diversity of population in the search process
of PSO to avoid premature convergence and improve the
convergence performance of PSO by developing the ability
to increase the convergence speed. Despite its convergence
rate, the population maintenance of PSO is little, thereby
causing it to converge prematurely. Hence, in order to lessen
this impact and improve the convergence performance, a
chaos dynamic weight particle swarm optimization (CPSO)
was developed by introducing the chaos map into PSO
algorithm and this is done by using the logistic map to adjust
the inertia weight of PSO. The chaotic map positively has an
impact on the convergence rate of PSO algorithm because
this map induces chaos in the viable region which is
predictable for a minimal initial time and stochastic for longer
time period. “The range of the logistic map is always [0,1]
and any number within that range can be chosen as the initial
value, nevertheless it should be well-known that the initial
value is able to have important effects on the pattern of
fluctuation of some chaotic maps including logistic map”
(Kohli & Arora, 2018) [?21, “This kind of chaotic maps are
selected with various attitudes, while the initial value is set to
0.7 for all of them” (Mirjalili, 2019) [, Statistically, the
inertia weight o is represented in Eq 7.

Mj
W = o *COS
Mma

x)*n)+t @)
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where @ and T are constant (¢ = 1/3, T = 0.6), M; is the
current iteration number while Mmax is the maximum iteration
number.

3.4 Phase 3: Development of CPSO

This Phase comprises the research activities which involves
modifying the position update formula so as to balance the
exploration and exploitation capabilities to enhance escaping
from local optimal. The exploitation (local search) and
exploration (global search) capabilities need to be
competently balanced (Marcelino et al., 2018; Braik et al.,
2020) [26. 271 performing update on the position formula of
PSO helps for adjustment of the global explore and local
exploit. To accomplish this, two modifications are brought
into the position update formula that are equipped for
improving the PSO algorithm performance. In Equation 2,
the location of the particle in the next generation is mostly
determined by the current location, which is identified as Xig
(1), and the flight speed, is called vig (t+1). “This may reduce
the ability to switch between exploitation and exploration in
the process of searching” (Marcelino et al., 2018) 6], As a
result of this link, two distinct weight rectification factors, s;
and s, are introduced into Equation 2, as shown in Equation
8. These variables aid in changing the exploitation and
exploration search measure, increasing the chances of
achieving a faster rate of convergence. Eq 8. gives the
location of each particle in the swarm.

Xig(t+1) = s1 (t) X Xia(t) + S2 (t) X Vig(t+1) (8)

The fitness of the particle swarm optimization that are
initialized in the search space are evaluated by using eight
standard benchmark functions to test the CPSO performance.

4. The Proposed Approach
In this section, the proposed Chaotic Particle Swarm
Optimization (CPSO) is presented.

4.1 Inertia Weight

The algorithm finds the resolution by operating in a series of
cycles. The particles individually regulate the frontward
direction in an attempt to find the global optimal solution, and
this is as a result of its prior best position and the current best
position of all the other elements. “The vector xi = (Xi1,Xi2, ...,
Xid) represents the former location of particle i in the search
process and furthermore, vi = (Vi1,Viz,..., Vig) denotes particle
i's flying velocity, and vid's range is [- Vmax, Vmax], Where Vmax
is the maximum flying velocity, which is utilized to keep the
value within a tolerable range” (Ajibade et al., 2020) [, The
PSO technique finds the global optimum resolution via
upgrading the flight velocity and location of all the objects in
the swarm according to Equation 1. The inertia weight (w)
controls the level of contribution of prior particle velocity to
the current velocity and strikes a balance between exploration
and exploitation characteristics of PSO. As a result of using
the inertia weight (w), Equation 1 is improved to Eq 3.

4.1.1. Chaotic Inertia Weight PSO (CIW-PSO)

The chaotic map is used to fine-tune PSQO's inertia weight.
The ability of PSO to escape from local optima when solving
multimodal functions can be improved by modifying inertia
weight using chaotic maps. The chaotic map is chosen to
optimize the inertia weight of PSO, according to Niu et al.,
(2017) 91 and Wei et al., (2020) B%, The logistic map's
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ergodicity, irregularity, and non-repetition qualities allow it
to boost population diversity in the search process while
simultaneously increasing the ability to converge at the
global optimal, avoiding premature convergence. The range
of the logistic map is always [0,1] and any number within that
range can be chosen as the initial value. Nevertheless, it
should be well-known that the initial value is able to have
important effects on the pattern of fluctuation of some chaotic
maps including logistic map. This kind of chaotic maps are
selected with various attitudes, while the initial value is set to
0.7 for all of them (Kohli et al., 2018; Marcelino et al., 2018)
22,261 The inertia weight o is represented in Eq 7.

4.2 Chaotic Maps

“Chaos is a deterministic, arbitrary-like approach found in
non-linear, dynamic, non-period, non-merging, and
constrained systems” (Kohli & Arora, 2018) 22, Chaos is a
basic and unpredictable deterministic dynamical framework
that occurs numerically, and the system that entails chaos can
be considered as a source of unpredictability. “Several
chaotic maps have been proposed in the literature, each with
its own set of mathematical equations and because of their
dynamic behavior, which assists optimization procedures in
probing the search space globally, chaotic maps have been
widely employed in the field of enhancement since a decade
ago” (Kohli & Arora, 2018) 221, Numbers in the range [0,1]
can be used as the beginning value in chaotic maps. Some of
the well-known chaotic maps are:

Cubic Map: The cubic map produces values within the range
[-1.5,1.5]. It is almost similar to Sine map. It is defined as:

Xir1 = 3Xk (1-X%) C)]

where Xy is the kth chaotic number, with k denoting the
iteration number.

Sine Map: The sine map is a unimodal map and it is
represented by:

X1 = % sin (mxk) (10)

where Xy is the kth chaotic number, with k denoting the
iteration number.

Chebyshev Map
The Chebyshev map is represented by Eq 11.

Xi+1 = cos(K cos-1 (X)) (11)

where Xy is the kth chaotic number, with k denoting the
iteration number where -1 < Xx<+1; n=0,1,2...

Circle Map

The map contains two parameters: a (nonlinearity strength)
and b (bilinearity strength) (externally applied frequency). It's
a one-dimensional map that maps a circle into itself, and Eq
12 is the equation that represents it.

Xir1 = (% + b -~ sin (2mxi)) mod (1) (12)
Logistic Map: The equation of logistic map is a non-linear

dynamic of population which is biological evidencing chaotic
behaviour. The map is represented by:

www.allmultidisciplinaryjournal.com
Xkl = aXk (1 - Xk) (13)

where X is the kth chaotic number, with k denoting the
iteration number.

In the method of using the logistic chaotic map

The logistic map formula is used to generate a chaotic
random sequence Z between [0, 1], which is then passed
through the carrier map in Eq 14 and included into gbest, a
neighboring area, to complete the local chaotic search:

Z—Y: X = gbest +Rxcos(Z) (14)

R is the search radius, which is used to limit the scope of local
chaotic search. R € [0.1, 0.4].

4.3 Feature Selection using chaotic PSO (CPSO)

The chaotic time-series sequences, such as logistic map is
applied in optimization problems to solve the challenges of
global convergence rate and premature convergence (Demir
et al., 2020) 2. To overcome the challenges of slow
convergence, premature convergence, and to avoid being
trapped in the local optimum, this research work proposes
chaotic weight particle swarm optimization algorithm known
as CPSO. In this algorithm, there are two main climaxes
which are explained below.

First, “the chaos map in the CPSO has the properties of
ergodicity, non-repetition, and sensitivity, and it can perform
straightforward searches at faster rates than stochastic
searches, which rely heavily on probabilities” (Gotmare et
al., 2018) %1, As a result, the inertia weight is adjusted using
the chaotic map. In making decisions that affect the speed of
convergence, the inertia weight in Equation 7 is vital. In
Equation 7, the inertia weight reduces linearly as the number
of iterations increases, reducing the convergence speed and
accuracy of PSO (Shi & Eberhart, 1998; Taherkhani &
Safabakhsh, 2016; Abualigah et al., 2021) 4 3734 |n the
PSO algorithm (kumar & Bharti 2019) B8 proposed that ®
need not to repeatedly decrease linearly rather should linearly
increase in order to avoid premature convergence and
enhance escaping from local optimal. According to Niu et al.,
(2017) 1 & Wang et al., (2018) 1%, the chaotic map was
chosen to adjust the inertia weight ®. Second, the powers of
exploration and exploitation are mutually exclusive. “The
exploration and exploitation abilities must be well matched
in order to achieve higher optimization performance,
exploration refers to the ability to locate the global ideal in
the solution space, whereas exploitation refers to the ability
to use information from previous solutions to find a superior
one”. According to Equation 2, the current position, denoted
by xiq(t), and the flight velocity, denoted by viq (t + 1), have a
crucial role in the location of the future generation particle.
In the search process, this can impair the ability to balance
exploration and exploitation. As a result, three key
adjustments are recommended to increase PSO performance:
the introduction of dynamic weights, the acceleration
coefficient, Combining the best-so-far position with the other
two components to update the new position. Two additional
parameters have been added to the position update equation,
which have the potential to improve the PSO algorithm's
optimal performance. Equation 2 incorporates two dynamic
weight adjustment factors, s; and s;, based on this
relationship. Furthermore, the particle's search space is
expanded by incorporating these two dynamic correction
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variables, allowing the particles to explore a new location. As
a result, incorporating the two dynamic weight adjustment
elements increases the possibilities of achieving excellent
performance. The proposed Equation 15 is used to update the
position of each particle in the swarm.

Xig (t+ 1) =51 (t) X Xig (t) + S2.(t) X Via (t + 1) + px gbestdx y
(15)

As shown in Eq 15, these two parameters (s1 and s) regulates
the exploitation and exploration processes via monitoring the
impact of the prior solution X4 (t) and the velocity vig (t + 1),
gbesty is the best so far position that accelerates the
convergence rate, whereas p is a random number between 0
and 1 and v is the acceleration coefficient that controls the
maximum step size. In the PSO searching process, the
dynamic weight and acceleration coefficient are given as

www.allmultidisciplinaryjournal.com

fitness functions. These three changes were suggested during
the search stage to fine-tune the parameters used to determine
new particle placements. Nonlinear functions of particle
position define the two modification factors. The variables si,
S2, and y are defined in Eq 16, Eq 17 and Eq 18:

1

S1 (t) = IIJ = (1+exp(a.(-min(SP)/ max(SP))))t (16)
s2(t) = 1-s1.(1) 17
Sp(t) = Xid(t - 1) X [Xid(t - 1)]T (18)

where SP is the particle position value; t is the current
iteration, a is a constant (a=2). The pseudo code of CPSO is
shown in Fig. 3.

]

swarm

randomly

function f

1:  Input: NP, D, c1, ¢2, @, Mmax, Vinin, Vinax
Randomly initialize each particle position Xi (i=1,2, ..., NP} in the

3:  Generate the initial velocities Vi (i=1.2, ..., NP) for each particle

4: Calculate the fitness value of each particle using the objective

Set pbest and gbest in the swarm
Update the particle velocity F;using Eq 3.
Update the particle position X; using Eq 2.

Chaotic search X times near gbest

Update the position of particle velocity by adjusting inertia weight with
chaotic logistic map using Eq 14.

13. end

10: K chaotic search points near Pbest; are obtained
11: Calculate weight factors s; and s; using Eq 16. And Eq 17.
2: Update particle position of each particle by

proposed update equation using Eq 15.

Fig 3: The Proposed CPSO Algorithm

5. Experimental Result

In this study, four well-known datasets were used to evaluate
the performance of the proposed technique. These datasets
are XAPI dataset, UCI student dataset, Quality Wine dataset
and Breast Cancer Wisconsin dataset respectively. The first
dataset (XAPI dataset) was gotten from an LMS called
Kalboard 360 (Amrieh et al., 2015) B while the other
datasets were retrieved from the UCI data repository. Eight
numerical benchmark functions are used to test the
performance of the proposed algorithm with 30 and 50
dimensions and the benchmark functions are listed in Fig 4.
All of the functions chosen are well-known in the literature
on global optimization. Unimodal and multimodal test

functions are included in the test functions.

CPSO is run on a PC with a 2.60GHz Intel Core (i5-2540M)
processor and 6GB RAM running Microsoft Windows 7
Professional with Matlab 9.3 (R2017b) (64-bit). Table 1 lists
the parameters that were used. The average NFE, fitness
value means, standard deviation, average classification
accuracy, average number of selected features, and
metaheuristic technique performance evaluation were all
presented. The KNN classifier is utilized to evaluate the
metaheuristics technique in 30 runs. Each dataset is split into
two parts: 70 percent was used for training and 30% was used
for testing.
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No | Function Formula Value Dim Range Properties
n .
5 -100., Unimodal.
1 | Sphere f(x)=>x7 0 30 : "
= 100] Separable
-1 .
Rosenbroc 242 2 Unimaodal,
2 flx)= ZIIOC(_\-J_l —x )Y +x -] o 30 [-30. 30]
k - = ! Inseparable
n .
. .4 [-1.28, Unimodal,
X)= A + 1 s 3
3 | Quartic Sf(x) %:rr, ;audom[O 1) 0 0 L21] Insepecable
1 &, & X, -600. Multimodal,
4 | Griewank | f(x)= DX ] Jeos+1| o 30 : "
4000 - i J; 600] Inseparable
Sumsauar L [-5.12. Unimodal,
5 X)= ) x; 0 30
e / ( ] Z ' 5.12] Separable
n N
N -500., Multimodal,
6 | Schwefel f(x)=3 -~ sm( |x, |) 0 30 [‘ ]
ey 500] Separable
n .
> -5.12, Multimodal,
7 | Raswigin | f(x)=>x —10cos(27zx,)+10| o 30 [‘ )
= 5.12) Separable
Michalewi o . 3 % Multimodal,
8 x)==> sin(x, )(sin|#; /7)™ | -a.688 5 0.n
e Sf(x) z} (x,)Gin(a / 7)) 0. 2] Separable

Fig 4: Commonly used Numerical Benchmark Functions for Comparison

5.1 Result and Discussion

To test the efficiency of the chaos map which was merged
with dynamic weight, there was a comparison of the original
PSO algorithm with the improved PSO called CPSO, as well
as other metaheuristics like DE and GA, in terms of
convergence speed, as measured by the number of function
evaluations (NFE) and solution accuracy (mean fitness
values, SD). Convergence time is expressed in seconds (s). A
smaller NFE indicates a faster convergence rate. The results
are provided in Section 5.1.1.

5.1.1 Comparison on NFE, Mean Fitness Value and
Standard Deviation for Proposed CPSO and other
metaheuristics algorithms

To tackle the problem of sluggish convergence, the
performance of PSO has been improved in this section by
merging the chaotic dynamic weight with PSO. Four
unimodal and four multimodal functions make up the
benchmark functions. For 8 benchmark functions in
dimension 30, Table 2 compares the avg NFE of the GA, DE,
PSO and CPSO algorithms.

Table 1: Parameter Setting

Parameter Description of Parameter Setting Value
Pop size (NP) Particle and Population size 50
Dimension (D) Dimension of the obj. function i.e. No of independent variables 30,50
Acceleration The cognitive component (c1) and social component (c2) are used to find the optimal solution of 20

coefficient (cy, c2) the algorithm. (c1=c2) )
Inertia Weight (o) Determines the next position of particle (0.4,0.9)

Value to reach (VTR) | Determines the termination criteria to which the best value found by the algorithm is reduced to. 1012

Max NFE is set as a stoppage criterion so as to make sure that the algorithms being compared

MAXre have sampled the search space equal number of time 20000
) They are set for values of velocity which are for each of the particles to regulate the velocity
Vmax, Vmin s e (4,-4)
within a realistic range
Randi, Rand: They are two uniform random numbers (0,1)

Table 2: Average NFE of GA, DE, PSO and the proposed CPSO

for D=30
Average NFE

Function GA DE PSO CPSO
fl 20014 3784 16984 7124
f2 20019 8419 17169 3879
f3 20013 16542 20001 9898
f4 14574 7601 17146 8145
5 12491 7883 18633 6635
6 20000 5934 20001 16252
f7 20055 2778 8226 10163
8 13682 5113 20001 6689

From Table 2, the proposed CPSO requires least average
NFE to realize

the acceptable solution on the functions and because when a
smaller value of NFE is obtained, then this denotes that the
rate of convergence is higher. The table shows that the
proposed CPSO algorithm has a higher convergent rate when
compared with the original PSO because the population
diversity of PSO was improved to give the proposed CPSO a
better performance. However, the DE algorithm shows faster
convergence in functions (f1, f4, f6, f7, f8) as compared to the
proposed CPSO which outperforms other algorithms in
functions (f2, f3, f5). Showing a faster convergence means
that it is able to converge at an optimal solution within the
shortest period of time and this is measured in seconds (s).
For 8 benchmark functions in dimension 50, Table 3
compares the avg NFE of the GA, DE, PSO and CPSO
algorithms.
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Table 3: Average NFE of GA, DE, PSO and the proposed CPSO

for D =50
Average NFE
Function GA DE PSO CPSO
fl 20025 8539 11702 10905
2 20016 20001 12525 8191
3 20013 19521 20000 19948
f4 18308 7306 18627 18462
5 19536 14473 20000 8239
6 18999 14896 20000 20001
7 20018 3093 1335 13711
8 16941 10829 20000 19976

Table 3 shows that CPSO takes the fewest avg NFE number
of function evaluations to provide a satisfactory result on the
functions. Because the population diversity of PSO was
increased to give the proposed CPSO a better performance,
the proposed CPSO obtained a better convergent rate over
PSO and GA. However, the DE algorithm surpasses the

www.allmultidisciplinaryjournal.com

proposed CPSO in most functions (f1, f3, f4, {6, f8) while the
proposed CPSO outperforms DE in functions (f2 and f5) and
the PSO algorithm outperforms the other algorithms in
function f7.

In 30 independent runs, Tables 4 demonstrate avg mean
fitness values and standard deviation (SD) by GA, DE, PSO,
and the proposed CPSO for dimensions 30. Eight benchmark
functions are utilized. The proposed CPSO algorithm yielded
the best mean fitness for three functions (f1, 3, and f5),
whereas the DE algorithm yielded the best mean fitness
function for four functions (f4, f6, f7, and f8), and the PSO
algorithm yielded the greatest mean fitness function value for
(f2). DE provides the best performance in dimension 30 when
compared to the proposed CPSO, PSO, and GA. The result in
the table implies that the proposed CPSO even though it has
a better performance than the original PSO in escaping from
local optimal, it still has high chances of getting stuck in local
optimal than the DE algorithm.

Table 4: Average mean fitness and standard deviation (SD) of functions for DE, GA, PSO and the proposed CPSO in 30 runs for D=30

D =30
Function DE GA PSO CPSO
Mean S.D Mean Mean S.D Mean S.D
fl 4.8E-06 3.02E-06 | 4.09E-16 1.94E-15 1.2E-201 198E-22 | 5.49E-23 | 0.640088
f2 5.92E-06 | 3.29E-06 | 1.866335 | 3.29E-14 | 7.63E-15 | 1.487041 6.9E-22 3.74E-21
3 5.17E-06 | 3.08E-06 1.53E-23 7.9E-23 0.216669 | 122.8667 | 238.7992 | 0.408601
f4 5.812331 | 1.214471 3.49063 5.192793 | 0.398026 | 4.165899 | 2.255447 | 2.006048
5 5.563E-06 | 3.42E-06 | 0.530645 | 0.568466 | 0.051125 | 1.801896 | 5.603973 | 0.280023
6 5.374099 | 0.021788 | 0.068839 | 0.042799 0.04746 2.621595 | 0.054535 | 0.039852
7 7.13E-07 | 2.27E-06 | 4.48E-11 | 2.45E-10 2E-16 3.87E-06 | 4.97E-06 | 9.25E-16
8 9.435544 | 0.669746 | 6.62E-06 | 2.97E-06 | 0.329245 | 1.891857 | 5.39E-15 | 8.99E-15

In Table 5, the proposed CPSO method yielded the highest
mean fitness for two functions (f2, f4 and f7), whereas the DE
algorithm yielded the highest mean fitness function for four
functions (f1, 5, f6, and 8) and GA yielded the highest mean
fitness function value for one function (f3). When compared
to the proposed CPSO method, PSO, and GA, it is found that
DE performs best in dimension 50. The proposed CPSO
algorithm outperforms the original PSO. Again, the result in

the Table implies that the proposed CPSO although it gives a
better performance than the original PSO in escaping from
local optimal, it still possesses high chances of getting stuck
in local optimal than the DE algorithm which has proven to
have more capability of jumping out of local optimal and
converge at global solutions and that is why the DE
outperforms every other algorithm.

Table 5: Average mean fitness and standard deviation (SD) of functions for DE, GA, PSO and the proposed CPSO in 30 runs for D=50

D =50
Function DE GA PSO CPSO
Mean S.D Mean Mean S.D Mean S.D
fl 13.9898 1.38E-05 7.7795E-06 2.21E-06 3.53E-06 5.1975 3.75E-18 1.73E-17
2 7.0194E-06 6.11E-18 4.07E-18 3.45E-06 70.28041 23.27691 1.62E-06 2.44E-06
f3 185.893255 55.56902 2.894472 3.469198 2931.641 1015.749 372.8988 812.7194
f4 21.07463 26.6819 22.39456 25.14135 226.1307 66.2979 8.37941774 2.211705
5 1.05637886 0.820624 4.775809 3.084979 47.41923 11.92975 2.327313 5.310664
f6 0.127584 0.058745 0.44720163 0.078309 48.44681 15.95185 0.141085 0.079965
f7 1.07E-20 3.5E-06 4.8E-08 2.61E-07 4.8407E-06 0.001491 0.001162 4.04E-20
8 16.51541 0.001183 0.60455 0.675166 0.00187485 1.346292 4.48E-08 4.58E-08

For 30 runs, Table 6 illustrates the average classification
accuracy and number of minimal selected features. CPSO has
the highest classification accuracy for all four datasets with
the smallest number of specified features, as shown in the
table. The results successfully confirm the findings of Amrieh
et al., (2015) 1 & Mohammadi-Balani et al., (2021) 3],

which show that classification accuracy may be improved
with a small number of characteristics. The result also means
that the performance algorithm's construction cost and
computing time are lowered throughout the training and
classification stages.
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Table 6: Average classification accuracy and average number of selected features for 30 runs

Datasets GA DE PSO CPSO
Average Classification Accuracy 70.78 | 71.72 | 76.39 78.71

XAPI dataset Number of Selected Features 10 8 7 5
Average Classification Accuracy 82.63 | 87.18 | 85.04 88.46

UCI student dataset Number of Selected Features 10 9 9 7
Wine Qualit Average Classification Accuracy 80.00 | 80.21 | 81.74 82.83

y Number of Selected Features 8 8 6 5
Breast Cancer Wisconsin Average Classification Accuracy 90.02 | 92.21 | 94.65 98.53

Number of Selected Features 8 7 4 3

Table 7 displays the results of four meta-heuristic feature
selection strategies, as well as the Precision, Recall, and F-
measure values calculated using the KNN classifier. The

proposed CPSO algorithm had the greatest overall
performance in accurately categorizing the features for the
four datasets, as indicated in the table.

Table 7: Performance Evaluation of Meta heuristics Feature Selection Techniques

DE GA PSO CPSO
Datasets Precision| Recall Meg;urePrecision Recall MeZs_urePreCiSion Recall Me;—urePrecision Recall Mezs:ure

0, 0, [0) [0) 0, 0, 0, 0,
(%) | (%) (%) (%) | (%0) (%) (%) | (%) (%) (%) | (%) (%)
XAPI dataset 73.74 | 75.00 | 74.36 73.74 | 75.00 | 74.36 73.94 | 75.10 | 74.52 75.15 | 75.92 | 75.71
UCI student dataset 91.71 |88.23 | 90.00 91.15 |88.17 | 89.64 92.22 |89.36 | 90.80 99.11 |95.69 | 97.36
Wine Quality 93.67 | 69.02 | 79.48 93.67 | 68.66 | 79.24 93.67 |89.02 | 91.29 91.77 |89.43 | 90.58
Breast Cancer Wisconsin| 98.34 | 96.50 | 97.41 97.52 |95.10 | 96.29 98.25 |99.22 | 98.73 97.31 |97.96 | 97.63

6. Conclusion and Future Work

CPSO, a chaotic variation of the PSO algorithm, was
invented and applied to feature selection problems in this
study. The logistic chaotic map was utilized to replace the
random operator in the algorithm that regulates the balance
of exploration and exploitation. The proposed algorithm's
performance was assessed using four benchmark datasets.
The results were compared to the GA, DE, and PSO meta
heuristic feature selection algorithms. CPSO performed well,
and the findings demonstrated the power of the logistic
chaotic map in improving the quality of the PSO algorithm.
On most traditional benchmark functions, the CPSO
algorithm developed in this paper outperformed all other
algorithms in terms of convergence speed and bigger
optimization accuracy. It also performs better in
categorization, making it a viable alternative for numerical
optimization tasks. However, better strategies for parameter
tuning can be further developed and the application of CPSO
algorithm can be studied in solving practical problems. The
proposed CPSO algorithm displayed good optimization
performance when evaluated with the eight (four unimodal
and four multimodal) benchmark functions, however the DE
algorithm seem to perform better for most of the numerical
functions for the average NFE when compared to our
proposed CPSO technique. Therefore, a future work could be
to examine the hybrid of DE with the proposed CPSO
algorithm. Also, in the future more multimodal and unimodal
benchmark functions can be used to further evaluate the
algorithm for a wider view of comparison.
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