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ABSTRACT This paper proposes improvements to the binary grey-wolf optimizer (BGWO) to solve the
feature selection (FS) problem associated with high data dimensionality, irrelevant, noisy, and redundant
data that will then allow machine learning algorithms to attain better classification/clustering accuracy in
less training time. We propose three variants of BGWO in addition to the standard variant, applying different
transfer functions to tackle the FS problem. Because BGWO generates continuous values and FS needs
discrete values, a number of V-shaped, S-shaped, and U-shaped transfer functions were investigated for
incorporation with BGWO to convert their continuous values to binary. After investigation, we note that
the performance of BGWO is affected by the selection of the transfer function. Then, in the first variant,
we look to reduce the local minima problem by integrating an exploration capability to update the position
of the grey wolf randomly within the search space with a certain probability; this variant was abbreviated as
IBGWO. Consequently, a novel mutation strategy is proposed to select a number of the worst grey wolves in
the population which are updated toward the best solution and randomly within the search space based on a
certain probability to determine if the update is either toward the best or randomly. The number of the worst
grey wolf selected by this strategy is linearly increased with the iteration. Finally, this strategy is combined
with IBGWO to produce the second variant of BGWO that was abbreviated as LIBGWO. In the last variant,
simulated annealing (SA)was integratedwith LIBGWO to search around the best-so-far solution at the end of
each iteration in order to identify better solutions. The performance of the proposed variants was validated
on 32 datasets taken from the UCI repository and compared with six wrapper feature selection methods.
The experiments show the superiority of the proposed improved variants in producing better classification
accuracy than the other selected wrapper feature selection algorithms.

INDEX TERMS Grey-wolf optimizer, feature selection, simulated annealing, mutation strategy.

I. INTRODUCTION
Feature selection (FS) plays a crucial role in exploring
datasets to eliminate noisy, redundant, and irrelevant data that
prevent machine learning algorithms (MLA) from achiev-
ing better classification or clustering accuracy. Generally,
FS seeks to minimize data dimensionality to reduce train-
ing time needed by MLA, to obtain better accuracy for
both classification and clustering models, to improve pre-
diction capability, and to understand data better for different
machine learning applications [1], [2]. Many problems and
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applications need to preprocess datasets by FS including:
text categorization [3], image classification [4], genomics [5],
cancer detection [6], and many others [7]–[12].

FS approaches are classified into two categories: wrapper-
based approaches [13], and filter-based approaches [13].
In wrapper-based approaches, the FS tools use MLAs to
check the accuracy of the selected subset of features until
reaching a subset of features with the highest possible accu-
racy. Unfortunately, wrapper methods are not effective with
datasets that have high-dimensions due to the time needed by
MLAs to be trained on each selected subset of features until
reaching the near-optimal subset that could achieve the high-
est accuracy [14]. Consequently, new approaches, namely
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filter-based approaches, were proposed to eliminate using
MLAs when selecting the near-optimal subset of features
and alternatively use statistical data dependency techniques
to reach the best subset faster. Note that the filter-based
approaches are faster, more scalable, and less computation-
ally expensive than the wrapper-based approaches, but unfor-
tunately are less accurate [15]. Due to the high accuracy that
can be achieved with wrapper-based approaches, this paper
proposes such an approach for selecting the near-optimal
subset of the features.

Due to the ability of meta-heuristic algorithms to solve
many real problems [16]–[19] in less time with higher accu-
racy, they are widely used for FS to resolve a time complex-
ity problem required by the traditional techniques such as
mutual information, information gain, relief, depth search,
and breadth search. Recently, several meta-heuristic algo-
rithms have been proposed for tackling this problem, such
as gradient descent algorithm (GDA) [20], tabu search [21],
quantum-based whale optimization algorithm (QWOA) [22],
improved binary sailfish optimizer (BFO) [23], novel chaotic
crow search algorithm (CCSA) [24], novel chaotic selfish
herd optimizer (CSHO) [25], chaotic dragonfly algorithm
(CDFA) [26], and fish swarm optimization (FSO) [27],
S-shaped binary whale optimization algorithm (BWOA) [28],
grey wolf optimizer with a two-phase mutation strategy
(GWOTM) [29], binary particle swarm optimization with
time-varying inertia weight strategies [30], Gaussian muta-
tional chaotic fruit fly-built optimization (MCFOA) [31], and
a discrete binary version of the particle swarm optimization
(BPSO) [32]. Major applications of those algorithms are
surveyed within the rest of this section.

In [21], tabu search (TS) integrated with the binary particle
swarm optimization (BPSO) has been proposed for FS, where
BPSO is used as a local optimizer for each iteration. In addi-
tion, QWOA [22] has been proposed for FS, integrating
the quantum concepts with the WOA. The exploration and
exploitation capabilities of WOA were improved in QWOA
using the quantum bit representation of the whales within
the populations and the quantum rotation gate operator as a
variation operator. In [23], a binary variant of the sailfish
optimizer (BFO) has been developed for FS. BFO used the
sigmoid function to transform the continuous values gener-
ated by the standard version into discrete/binary values until
the enabling of solving the FS problem that is deemed as
a binary one. In [32], a BPSO has been proposed for FS.
Mafarja et al. [30] proposed a binary version of PSO with
time-varying inertia weight for FS. This approach studied the
impact of different time-varying of the inertia weight on the
performance of the BPSO to balance between the exploration
and the exploitation operators.

Sayed et al. [24] proposed the crow search algorithm
improved using a chaotic map and, in [25], a binary variant
of the selfish herd optimizer (BSHO) has been proposed for
FS and improved using various chaotic maps to get rid of the
local optima that fall into the standard selfish herd optimizer
(SFO). Sayed et al. [26] proposed a new dragonfly algorithm

improved using ten chaotic maps to control the parameters of
the dragonflies’ movement within the optimization phase to
increase the convergence toward the best solution. Anand and
Arora [25] employed fish swarm optimization (FSO) for FS.

A binary version of the whale optimization algorithm
(BWOA) [28] was proposed for FS, using the S-shaped trans-
fer function to convert the continuous values generated each
iteration by the standard WOA into binary values used to
solve binary FS problems. Abdel-Basset et al. [29] proposed
a new version of the grey wolf optimizer enhanced using a
novel strategy, namely a two-phase mutation (TM) strategy,
for FS. TM’s two phases first minimize the number of features
while preserving the classification accuracy or improving it,
and then work on maximizing the classification accuracy by
neglecting the number of features because the main objective
of the FS tools to find the optimal subset of features that
maximize the accuracy.

In [31], a binary version of fruit fly optimization algo-
rithm (BFOA) improved using the Gaussian mutation opera-
tor to reduce the early convergence and boost the exploitation
capability of the classical variant, in addition to using also
chaotic search as a local search strategy to enhance the search-
ing ability locally of the agents within the swarm. In [14], both
opposition-based learning and the differential evolution algo-
rithm are combined with the binary variant of the moth-flame
optimization algorithm (BIMFO) for FS. Within BIMFO, the
opposition-based learning is utilized to initialize the popula-
tion optimally to increase the convergence of this algorithm.
In addition, it also used the differential evolution to boost
the exploitation ability of the approach until increasing the
convergence toward the best solution and subsequently reach-
ing better solutions. In [33], the simulated annealing (SA)
and bitwise operations are combined with the Harris hawks
optimization algorithm (HHASA) to solve FS problems for
classification purposes under wrapper-based methods. With
experiments conducted in the literature on some recent robust
wrapper feature selection algorithms, we notice that they still
suffer from falling into local minima, and subsequently they
cannot reach the near-optimal number of the features that
could achieve better classification accuracy [34].

The whale optimization algorithm (WOA) proposed five
years ago has been widely applied for tackling this prob-
lem, some of those applications will be reviewed within this
paragraph. A binary version of the whale optimization algo-
rithm (BWOA) [28] was proposed for FS, using the S-shaped
transfer function to convert the continuous values generated
each iteration by the standard WOA into binary values used
to solve binary FS problems. In addition, QWOA [22] has
been proposed for FS, integrating the quantum concepts
with the WOA. The exploration and exploitation capabili-
ties of WOA were improved in QWOA using the quantum
bit representation of the whales within the populations and
the quantum rotation gate operator as a variation operator.
Furthermore, Integration WOA with the simulated annealing
has been proposed by Mafarja to explore the regions around
the best-so-far solution obtained by WOA at the end of each
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iteration to improve its exploitation operator. Also, Mafarja
and Mirjalili [35] improved the classical WOA using the
tournament and roulette wheel selection techniques instead
of randomization in the optimization process to improve
the exploration, in addition to borrowing the mutation and
crossover operators to promote its exploitation for reach-
ing better outcomes. There are several other WOA variants
for the FS problem like Quantum based whale optimization
algorithm [22], WOA with hyperbolic tangent fitness func-
tion [36], improved WOA [37], and several else [28], [38].

There are much more metaheuristic algorithms tackled
the FS problem, such as sine cosine optimization algorithm
(SCA) [39]–[41], salp swarm algorithm (SSA) [42]–[44],
bat algorithm (BA) [45]–[47], genetic algorithm (GA) [7],
[48], [49], flower pollination algorithm (FPA) [50]–[53],
cuckoo search (CS) algorithm [54]–[57], differential evo-
lution (DE) [41], [58]–[62], marine predators algorithm
(MPA) [63], equilibrium optimizer (EO) [64]–[68], slime
mould algorithm (SMA) [69], [70], spotted hyena optimiza-
tion algorithm [71], [72], emperor penguin optimizer [73],
cat swarm optimization algorithm (CSA) [74], [75], harmony
search [76]–[81], firefly optimization algorithm (FFA) [82],
[83], Chaotic vortex search algorithm [84], crow search
algorithm (CSA) [85]–[88], grasshopper optimization algo-
rithm [89]–[92], bacterial foraging algorithm [93]–[95], and
dragonfly algorithm [96]–[99].

With experiments conducted in the literature on some
recent robust wrapper feature selection algorithms, we notice
that they still suffer from falling into local minima, and
subsequently they cannot reach the near-optimal subset of
the features that could achieve better classification accuracy.
As a result, in this paper, a strong metaheuristic algorithm
known as grey wolf optimizer (GWO) is effectively improved
to propose a new feature selection technique with better per-
formance helping to alleviate the aforementioned drawbacks
to the existing technique. It is worth mentioning that GWO
has been proposed for tackling the FS problem within several
papers, some of which are a hybrid binary grey wolf with Har-
ris Hawks optimizer (HBGWOHHO) [100], binary optimiza-
tion using hybrid grey wolf optimization (BGWOPSO) [101],
binary multi-objective grey wolf optimizer for feature selec-
tion (MOGWO-S) [102], review of greywolf optimizer-based
feature selection [103], and several else [104]–[111].

Therefore, in this paper, we propose three binary variants
of the grey wolf optimizer (BGWO) in addition to the stan-
dard one. The first variant improves the performance of the
standard (BGWO) by integrating the exploitation capability
with a certain probability within the optimization process
to help BGWO to move out of the local minima, this vari-
ant is called IBGWO. The second variant, called LIBGWO,
improves the performance of IBGWO by integrating it with a
novel strategy, the linearly increased worst solutionsmutation
strategy, to find the worst n, increasing with the iteration,
of solutions and to update them toward the best solution and
randomly within the search space based on a certain proba-
bility. Finally, the last variant combines SA with LIBGWO

on the best-so-far solution at the end of each iteration to
find a better solution. the efficacy of our proposed algorithms
is validated on 32 datasets taken from the UCI repository,
in addition to comparing their performance with a number
of robust recent wrapper-based FS meta-heuristic algorithms,
such as HHASA [33], BA [112], WOA [28], PSO [32],
NLPSO [30], GWOTM [29], and genetic algorithm (GA)
to measure their superiority. The main contributions of this
paper are as follows:

1) Proposal of three variants of BGWO: IBGWO,
LIBGWO, and LIBGWO_SA in addition to the stan-
dard version under various transfer functions for FS.

2) Comparison of the proposed variants with six wrapper-
based FS methods on 32 well-known datasets taken
from the UCI repository.

3) Evidence that LIBGWO, LIBGWO_SA could be effec-
tive for FS problems in comparison with selected
wrapper-based FS algorithms.

The rest of this paper is organized as follows. Section II
describes the standard grey wolf optimizer and an SA
algorithm. In section III, describes our proposed variants.
Section IV determines the performance of the proposed
algorithms under some experiments and their discussions.
Section V gives a summarization of our experiments and
provides some discussions. Section VI provides conclusions
about the current work and makes some observations regard-
ing future work.

II. THE USED OPTIMIZATION METHODS
This section discusses the details of the algorithms that have
been used to build the main steps of the proposed algorithm.

A. STANDARD GREY WOLF OPTIMIZER
In [113], the authors proposed a novel meta-heuristic algo-
rithm called the grey wolf optimizer (GWO) inspired by the
nature of grey wolves when searching, encircling, and catch-
ing their prey. In GWO, grey wolves are categorized based on
their dominance and leadership into four types: alpha α, beta
β, delta δ, and omega ω, where α wolf is considered the best
solution found so far, β is the second best one, δ is the third
best one, while ω represents the rest wolves. During the hunt
of the prey, the wolves can mathematically encircle them
using the following model:

−→
D = |

−→
C .
−→
X p −

−→
X (t)| (1)

−→
X (t + 1) =

−→
X p(t)−

−→
D .
−→
A (2)

where
−→
X (t), and

−→
X p represent the position of the prey and

the grey wolf in the current iteration, t , respectively.
−→
D is

a vector to contain the absolute of the difference between
the prey vector

−→
X p multiplied in the coefficient vector

−→
C to

avoid local minima and the grey wolf
−→
X (t).

−→
C is generated

using the following equation:

−→
C = 2×−→r 1 (3)
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where −→r 1 is a vector generated randomly between 0 and 1.
In relative to the coefficient vector

−→
A , it is a factor that

controls in the exploration and exploitation capability within
the optimization process and is formulated as:

−→
A = 2×−→a ×−→r 2 −

−→a (4)

where −→r 2 is a vector randomly assigned within 0 and 1, −→a
is a distance control factor that starts with a large value equal
to 2 and reduces linearly until reaching 0. Generally,−→a could
be generated using the following equation:

−→a = 2− 2×
t

tmax
(5)

where t refers to the current iteration, and tmax expresses
the maximum iteration. The previous mathematical model
simulates the encircling behavior of the grey wolves. GWO
proposed that the best three grey wolves so far (α, β, δ,
and ω) know the potential position of the prey and the other
grey wolves will update their position according to the best
three grey wolves. Mathematically, the hunting mechanism
of the grey wolves is formulated as follows:
−→
X (t + 1) = (−→x 1 +

−→x 2 +
−→x 3)/0.3 (6)

−→
X 1 =

−→
X α −

−→
A 1.
−→
D α,

−→
D α = |

−→
C 1.
−→
X α −

−→
X | (7)

−→
X 2 =

−→
X β −

−→
A 2.
−→
D β ,

−→
D β = |

−→
C 2.
−→
X β −

−→
X | (8)

−→
X 3 =

−→
X δ −

−→
A 3.
−→
D δ,
−→
D δ = |

−→
C 3.
−→
X δ −

−→
X | (9)

When the values of
−→
A are between 1 and −1, the next

position of a grey wolf is in any position between its current
position and the prey position. On the contrary,

−→
A > 1 and

−→
A < 1 oblige the grey wolves to diverge from the prey to
explore other regions in the hope of finding a better prey. The
pseudo-code of the GWO is listed in algorithm 1.

B. SIMULATED ANNEALING
Kirkpatrick et al. [114] proposed a single-solution optimiza-
tion algorithm known as simulated annealing (SA) based on

Algorithm 1 Grey Wolf Optimizer (GWO)
1: Initialize step;
2: Initialize a, A, and C ;
3: Generate an initial population of random solutions;
4: Compute the fitness value for each grey wolf;
5: Select the best three grey wolves as Xα , Xβ and Xdelta,

respectively;
6: t ← 0;
7: while t ≤ tmax do
8: Update the position of each grey wolf using Eq. 6;
9: Calculate the fitness value of each grey wolf;

10: Update a, A, and C ;
11: Compute the fitness for the grey wolf;
12: Update Xα , Xβ and Xdelta
13: t ← t + 1;
14: end while
15: Return Xα

a local search method called hill-climbing. One of the most
advantages of SA is that it accepts the worst solution with a
specific probability until overcoming the local minima prob-
lem. At the outset, SA initially randomly spread the points in
a single solution (initial solution, SI ) within the search space;
after that, in each iteration, a new solution will be generated
around the best-so-far solution based on the predefined neigh-
borhood structure and evaluated using the objective function,
or also known as the fitness function. If the newly generated
solution is better, it is always accepted, whilst the worst
one is accepted based on a probability calculated using the
Boltzmann probability P = e(−θ/T ), where θ is the difference
between the objective values of both the new generated solu-
tion (Sn) and the best-so-far one (Sb). T is a temperature that
periodically reduces based on some cooling schedule. Within
our proposed algorithm, the initial temperature,T0, is set to 30
to reduce the running time needed by SA, and the cooling
schedule is calculated as T = T × α, where α = 0.5 also
to overcome the time complexity generated using SA as a
local search. The steps of SA are listed in Algorithm 2.Within
our proposed algorithm, each position within the best solution
with a value of 1 is converted into 0 and evaluated to see if
it is better or not. However, when the number of features is
extremely high this will result in long-running times, so this
strategy will be applied with a probability 0.1. This strategy
is called a flipping mutation.

Algorithm 2 Simulated Annealing (SA)
1: T0 = 30, Sb = SI ;
2: Sb_old indicates the old solution;
3: TF = 0.01.
4: while T > TF do
5: Create a new solution Sn around Sb_old using the flip-

ping mutation;
6: Compute the fitness for (Sn);
7: if Fit(Sn) < Fit(Sb) then
8: Sb = Sn;
9: else

10: θ = Fit(Sn)− Fit(Sb);
11: P = e(−θ/T )

12: r1 is a number generated randomly between 0 and
1;

13: if r1 < θ then
14: Sb_old = Sn;
15: end if
16: end if
17: T = T × 0.5;
18: end while
19: Return Sb and Fit(Sb).

III. THE PROPOSED ALGORITHM: IBGWO ALGORITHM
Within this section, the improved grey wolf optimizer will
be adapted to FS problems. Generally, the main steps of this
algorithm are abbreviated as initialization, transfer function,
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evaluation, and improvement methodology. In detail, those
steps are illustrated within the following subsections.

A. INITIALIZATION
GWO, like most meta-heuristic algorithms, creates at the
outset a population of size n with a number of dimensions d
for eachmemberwithin the population, and then those dimen-
sions are initialized according to the nature of the problems.
Since FS problems are discrete, the dimensions with a size d
equal to the length of the features within the datasets will be
randomly initializedwith 0 and 1 tomark the selected features
to identify the optimal subset of the features that could reach
better classification/clustering accuracy. For more illustration
see Fig. 1, which shows how to initialize the solutions when
solving the FS problem. This figure shows that the feature
with 0 value within its corresponding position is not selected.

FIGURE 1. Illustration of the initialization steps.

B. TRANSFER FUNCTIONS
Any meta-heuristic algorithm that generates continuous val-
ues could not be used to solve the discrete FS problem. As a
result, the transfer function, also known as a transformation
function, has been used to normalize the continuous values,
generated by the meta-heuristic algorithm, between 0 and 1.
The normalized values are then converted into 0 and 1 accord-
ing to Eq.10.

Of interest then is the type of transfer function and its utility
in the normalization. Transfer functions are divided into three
types: V-shaped, S-shaped, and U-shaped as illustrated in
Table 1 and depicted graphically in Fig. 2. The U-shaped
transfer function has recently been proposed to tackle themis-
sion of normalizing continuous values using Eq. 11, which
contains two parameters: α and β. α indicates the slope of
the transfer function and β refers to the width of the basin of
the transfer function.

Vj =

{
1 If Vj > 0.5
0 otherwise

(10)

U (x) = α|xβ | (11)

C. EVALUATION
For the FS problem, two objectives must be achieved: the first
is maximizing the classification/clustering accuracy, and the
second is minimizing the number of features until reaching
the smallest possible number of features that could achieve
better classification accuracy. Subsequently, the function for
evaluating each solution to solve the FS problem has to

TABLE 1. S-shaped and V-shaped families of TFs.

achieve the two conflicting weighted objectives at the same
time, and this function is mathematically modeled in Eq. 12.

f = α × γR(D)+ β ×
|S|
|N |

(12)

where γR(D) is the rate of the classification error calculated
using a k-nearest neighbor (KNN) classifier [115], |S| indi-
cates the selected features number, |N | is the length of all
features in the dataset, and β and α are two scalar values
located between 0 and 1 to identify the weight of each objec-
tive, α ∈ [0, 1], and β = 1 − α. In this paper, KNN has
been used to check the classification accuracy based on the
selected features due to its simplicity, low time complexity
and its efficiency [116].

To train the KNN classifier, the dataset is divided into train-
ing and testing datasets according to the holdout method [34],
where 80% of the original dataset is used as the training set,
and the remaining 20% is used as the testing dataset. After
each iteration, the number of features within each solution is
evaluated using KNN on the training dataset. Then, after the
training process, each record in the testing dataset is evaluated
to see if the model could reach better classification accuracy
under the obtained number of features.

D. IMPROVED GWO (IBGWO)
Within the optimization process, the algorithms will search
for a better solution. At the start it tries to explore most
regions within the search space; then the exploration is con-
verted into exploitation until the algorithm focuses on the
best solution found so far in the hope of finding better solu-
tions around it. However, if the best solution found so far
is a local optimum, GWO will focus on it and subsequently
won’t find a better solution because the optimal solution is
found in another region. As a result, we propose a strategy
that helps the GWO in particular, and any meta-heuristic
in general, to update the current solution that is located
within a certain probability randomly within the search space
area. The pseudo-code of the improved binary variant of
GWO (IBGWO) for FS is shown in Algorithm 3.

E. HYBRID IBGWO WITH A LINEARLY INCREASED WORST
SOLUTION MUTATION STRATEGY (LIBGWO)
Improving the worst solution may accelerate the convergence
towards the optimal solution so, in this paper, we propose
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FIGURE 2. Transformation Functions (a) S-shaped; and (b) V-Shaped.

Algorithm 3 IBGWO
1: Initialize step;
2: Initialize a, A, and C ;
3: Generate an initial population of random solutions (X );
4: Convert each Xi into binary one using any of the transfer

functions;
5: Compute the fitness of each grey wolf

−→
X i using Eq. 12,

i = 0, 1, 2, . . . , n;
6: Select the best three grey wolves as Xα , Xβ and Xdelta,

respectively;
7: t ← 0;
8: while t ≤ tmax do
9: for i = 1 : n do

10: Generate random number r1 to determine the explo-
ration rate;

11: if r1 < ER then
12: Update the position of ith grey wolf randomly

within the search space
13: else
14: Update the position of ith grey wolf using Eq.6;
15: end if
16: end for
17: Calculate the fitness value of each grey wolf,

−→
X i;

18: Update a, A, and C ;
19: Convert each

−→
X i into binary one using any of transfer

functions;
20: Compute the fitness for the grey wolf

−→
X i using Eq. 12;

21: Update Xα , Xβ and Xdelta
22: t ← t + 1;
23: end while
24: Return Xα

a strategy that selects a number of the worst particles wp
increased with the iteration linearly using the following

equation:

wp = n×
t

tmax
(13)

After calculating wp, those worst solutions will be updated
toward the best solution if r3 is smaller than a certainmutation
probability (MP), otherwise randomlywithin the search space
(see Fig.2). This strategy is known as the linearly increased
worst solutions mutation strategy. Note that wp increases
linearly with the iteration

FIGURE 3. Worst solutions mutation strategy.

Fig. 3 depicts our strategy used to improve a number
of wp of the worst solutions. In this figure, the green cell
refers to the positions updated randomly within the search
space, whilst the other positions are set with the same values
within the corresponding position in the best solution. Finally,
Algorithm 4 illustrates the pseudo-code of LIBGWO.

F. HYBRID LIBGWO-SA
This subsection outlines the steps of adapting LIBGWO
integrated with SA. Searching around the best solution may
find the best number of selected features that may maximize
the classification accuracy. Therefore, SA is integrated with
LIBGWO at the end of each iteration to exploit the regions
around the best solutions in the hope of finding better solu-
tions nearby. The steps of integrating LIBGWO with SA are
illustrated in Fig.4.

IV. RESULTS AND DISCUSSION
In this section, the proposed algorithms are validated on a
number of well-known datasets and compared with a number
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FIGURE 4. An illustration of hybrid LIBGWO-SA.

of selected state-of-the-art algorithms to determine their
superiority compared with those algorithms. Our experiments
and their settings are organized within this section under the
subsections entitled as:
• Section 4.1: Datasets description.
• Section 4.2: Performance metrics.
• Section 4.3: Parameter settings.
• Section 4.4: Investigating the different transfer functions
performance.

• Section 4.5: Comparing the different variants of GWO
when solving FS.

• Section 4.6: Comparing the proposed with some state-
of-the-art algorithms.

• Section 4.7: Comparison under interval plot.

A. DATASETS DESCRIPTION
Most papers discussed in the literature assessed the perfor-
mance of their techniques based on a collection of well-
known instances with various scales (small, medium, and
large) to check their stability in addition to their ability to find
better results [73], [84], [117]–[121]. After observing those
papers, we found that most employed instances were taken
from the UCI repository. Therefore, most of those instances
in addition to others taken also from this repository with a

number of up to 32 instances have been here employed to
validate our proposed algorithm compared to some of the
rival algorithms discussed later. As aforementioned that we
employed those instances, as they have been widely used in
the literature as an attempt to achieve a fair comparisonwithin
our experiments [29], [30], [33], [36], [73], [84], [117]–[121].
Generally, those employed instances are described in Table 2
to illustrate their characteristics such as the number of
features (#F), number of classes (#C), and number of
samples (#S). additionally, These datasets are found online
at https://www.openml.org/search.

B. PERFORMANCE METRICS
The performance of the proposed algorithm is evaluated
using Classification accuracy using KNN, Fitness values, the
selected number of features and standard deviation metrics
within 30 runs.

1) CLASSIFICATION ACCURACY USING KNN
After finishing the optimization process, the subset of fea-
tures obtained are investigated under the NN algorithm to
see by how much this subset improves the accuracy of
classification. After calculating the classification accuracy
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TABLE 2. Description of well-known datasets.

Algorithm 4 LIBGWO
1: Initialize step;
2: Initialize a, A, and C ;
3: Generate an initial population of random solutions (X );
4: Convert each Xi into binary one using any of the transfer

functions;
5: Compute the fitness of each grey wolf

−→
X i using Eq. 12,

i = 0, 1, 2, . . . , n;
6: Select the best three grey wolves as Xα , Xβ and Xδ ,

respectively;
7: t ← 0;
8: while t ≤ tmax do
9: Compute wp using Eq. 13;

10: Select the worst wp and update it toward the best or
randomly based on MP;

11: for i = 1 : n do
12: Generate random number r1 to determine the explo-

ration rate;
13: if r1 < ER then
14: Update the position of ith grey wolf randomly

within the search space
15: else
16: Update the position of ith grey wolf using Eq.6;
17: end if
18: end for
19: Calculate the fitness value of each grey wolf,

−→
X i;

20: Update a, A, and C ;
21: Convert each

−→
X i into binary one using any of the

transfer functions;
22: Compute the fitness for the grey wolf

−→
X i using Eq. 12;

23: Update Xα , Xβ and Xdelta
24: t ← t + 1;
25: end while
26: Return Xα

within 30 runs using KNN, the best, average (Avg), and
worst values within those 30 runs is calculated and used

to validate and compare the performance of the different
algorithms, including the proposed ones. In addition, among
all the algorithms, the rank of each algorithm in each instance
is calculated using the Avg classification accuracy value. The
algorithm with the highest accuracy is the best.

2) FITNESS VALUES
Eq. 12 guides the optimization process to the optimal solu-
tion, where it is used to measure the fitness of each solution;
the one with the smallest fitness is considered the best and
used within the optimization process to guide the other solu-
tions to the region which may contain the optimal solutions.
The algorithms are run 30 independent runs and the fitness
values obtained at the end of each run is compared to extract
the best and the worst values, summed to get the Avg, and
ranked under Avg value in comparison with all the other
algorithms to be utilized within our experiment to evaluate
the performance of the algorithms.

3) THE SELECTED NUMBER OF FEATURES
The performance of the algorithms is judged by the number
of selected features, but this is not the main metric because a
small number of features may still have poor accuracy. As a
result, the objective when solving the FS problem is to not
only minimize the number of selected features but also to
maximize the classification accuracy.

4) STANDARD DEVIATION (SD)
To measure the stability of the algorithms within 30 indepen-
dent runs, SD is applied to the obtained fitness values to see
whether they are converged. The algorithm with the lower
SD value has the highest stability. Mathematically, SD can
be calculated as follows:

SD =

√√√√ 1
nr − 1

nr∑
i=1

(fi − f̄ )2 (14)

where nr expresses the number of independent runs (set
to 30 within our experiments); fi is the fitness value of
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FIGURE 5. Depiction of the experiments to pick up the best value of (a) ER; and (b) MP.

the ith run; and f̄ indicates the mean of the fitness values
obtained within 30 independent runs.

C. PARAMETER SETTINGS
Within this section, our experiments to find the near-optimal
parameter values are illustrated to show the effect of the
choice of parameter values on the performance of the pro-
posed algorithm. First, we describe the settings and the state-
of-the-art algorithms used in our experiments. The population
sizes and the numbers of iterations have been unified for
all the algorithms to ensure a fair comparison–a maximum
of 30 iterations, and population size of 5. All algorithms were
implemented using the Java programming language under the
same environments. Those algorithms are:
• Binary Harris hawks algorithm combined with SA
(HHASA) [33].

• Binary bat algorithm (BA) [112].
• Binary WOA (WOA) [28].
• PSO [32].
• Non-linear PSO (NLPSO) [30].
• Binary grey wolf optimization algorithmwith two-phase
mutation (GWOTM) [29].

• Genetic algorithm (GA) [30].
The algorithms were run on a device with 32 GB of RAM

and core i7 2.40GHZ Intel CPU using Windows 10.
The first significant issue is the selection of the best val-

ues for both exploration rate (ER), and the mutation prob-
ability (MP) within the proposed algorithms. ER is used to
prevent falling into local optima by updating randomly the
position of the grey wolf within the search space, enabling
them to explore another region that contains more prey. This
factor must be selected carefully due to its effect on the
optimization process, so we conducted several experiments
with values of 0.10, 0.11, 0.15, 0.2, and 0.4 for ER on ID#1.
The results of the experiments under One-way ANOVA with
95% as a confidence level within 30 independent runs are

shown in Fig.5 from which it can be seen that 0.2 as the best
value for ER.

MP takes values between 0, and 1 and specifies the propor-
tion of mutating the current position within the worst particle
with a random valuewhile the other positions will be assigned
with the corresponding position within the best solution.
To select MP, a number of values such as 0.1, 0.2, 0.4, 0.6,
0.8, and 1.0 were evaluated using D#1 within 30 independent
runs. Using One-way ANOVA with a confident level of 95%,
Fig.6 shows that 0.1 is the best value. As outlined earlier, the
population size and the number of iterations are set to 5 and
30, respectively. K-neighbors, α, and β are adopted as in [29].
Finally, Table 3 shows the parameter values of the proposed
algorithm.

TABLE 3. Parameter values of the proposed algorithm.

D. COMPARISON OF THE PERFORMANCE OF TRANSFER
FUNCTIONS
Within this section, the performance of the different transfer
functions is investigated when integrating with GWO to con-
vert its continuous values into binary values on the datasets
ID#1-ID#14. In the following tables through this section
the header techniques are labeled as BGWO concatenated
with the name of the transfer function used; for example,
BGWOS2 signifies the algorithm mapped using the S2 trans-
fer function. The rest of this section is structured as follows:

1) Comparison under fitness values.
2) Comparison under classification accuracy.
3) Comparison under the number of selected features.
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FIGURE 6. (a) Average fitness values obtained on ID#1-ID#14 and (b) Average SD values of fitness values obtained on ID#1-ID#14.

1) COMPARISON UNDER FITNESS VALUES
The fitness values obtained by integrating each transfer func-
tion with GWO have been herein presented to extract which
one could fulfill better outcomes with GWO. Therefore, each
one has been run 30 independent times on each instance
between ID#1 and ID#14 and the average of the fitness values
on all those instances have been presented in Fig.6 (a) which
shows that the transfer function V3 is the best with the lowest
fitness value of 0.1824, while S2 is the worst with a value
of 0.2200. To measure a more stable transfer function, the
average SD within the same runs was calculated and exposed
in Fig. 6 (b), which shows the superiority of the S2 in reaching
stable outputs within the independent runs. At the end of this
section, it is concluded that V3 is the best but only in terms
of fitness which is composed of two objectives: accuracy and
the number of selected features, therefore there is a wonder
which one of those objectives is better if the accuracy then
the main target has been achieved since the machine learning
techniques relies basically on accuracy as the first objective
while the number of selected feature as the second one. Based
on that, the accuracy obtained by various transfer functions
must be compared to see ifV3 could come true better accuracy
or not.

2) COMPARISON OF CLASSIFICATION ACCURACY
To determine that the transfer function could reach the
near-optimal subset of features under classification accu-
racy, KNN, due to its simplicity and efficiency, is used to
measure the classification accuracy of the selected features
obtained by each transfer function within 30 independent
runs, and then the average of the classification accuracy value
within 30 runs was calculated and displayed in Fig. 7 (a) to
find that, as with fitness results, V3 could obtain the opti-
mal value. Fig. 7 (b) depicts the average of SD obtained
by each algorithm, from which it can be seen that S2 is

more stable within 30 runs. Based on that, integrating V3
with GWO could achieve the optimal subset of features that
reaches better classification accuracy, therefore, V3 is the best
since its performance in terms of classification accuracy is
better.

3) COMPARISON UNDER THE NUMBER OF SELECTED
FEATURES
To see the transfer function with the best performance in term
of the selected number of features, Fig. 8 (a) is graphically
presented to display the average of the selected number of
features within 30 runs. According to this figure, V3 is the
best, and S1 is the worst. Fig. 8 (b) shows the variant of
BGWO that achieves more stable results: BGWOS3 as the
best, while BGWOS1 is the worst. Ultimately, V3 could be
best in terms of classification accuracy and the number of
selected features, so it will be considered with GWO within
the next experiments conducted to compare the performance
of BGWOV3 with some of its improved variants and the rival
algorithms.

E. COMPARISON OF THE PROPOSED VARIANTS
Variants of the binary GWO (BGWO) are proposed in this
paper to tackle the FS problem. To determine the best,
extensive experiments are performed within this section on
datasets ID#1-ID#14. In the first experiment performed under
fitness function and shown in Table 4, the superiority of
LIBGWO_SAV3 appears in most datasets, but it fails to
outperform LIBGWOV3 on ID#1, and ID#12. In addition,
we calculate the rank of each algorithm’s performance on
each dataset, as shown in Table 4 and depicted in Fig. 9 (a) for
the average of the ranks on all datasets. Fig. 9 (b) shows
that LIBGWO_SAV3 performs best with a value of 1.28,
LIBGWOV3 is second best with 2.000, while BGWOV3 is
worst with a value of 3.71. Fig. 9 (b) shows the average of

VOLUME 9, 2021 139801



M. Abdel-Basset et al.: Improved BGWO With SA for FS

FIGURE 7. (a) Average classification accuracy obtained on ID#1-ID#14 and (b)Average SD values of classification accuracy on ID#1-ID#14.

FIGURE 8. (a) Average classification accuracy obtained on ID#1-ID#14 and (b)Average SD values of classification accuracy on ID#1-ID#14.

the SD values obtained on all instances using each proposed
variant; LIBGWO_SAV3 is the best while BGWOV3 is the
worst. From an analysis from the perspective of fitness value,
it is clear that all the proposed improved algorithms perform
better than the standard one when solving the FS problem.
From an analysis from the perspective of fitness value, it is
clear that all the proposed improved algorithms, especially
LIBGWO_SAV3 which outperforms all for most instances,
perform better than the standard one when solving the FS
problem.

After analysis of the performance of the proposed vari-
ants of BGWO under the fitness values, here, its perfor-
mance is evaluated under the classification accuracy. Table 5
shows that LIBGWO_SAV3 outperforms all the proposed
variants in most instances except for ID#1 and ID#12 for
which LIBGWOV3 performs better. Fig. 10 (a) shows the
average of the ranks obtained using each algorithm on each

dataset, from which it can be seen that the insights drawn
under fitness values are the same under classification accu-
racy such that as LIBGWO_SAV3 come in the first rank
with a value of 1.28, and LIBGWOV3 occupied the second
rank, while both IBGWOV3 and BGWOV3 came in the last
two ranks, respectively. Fig. 10 (b) shows the average of
the SD obtained by each proposed variant in all instances,
which shows the superiority of LIBGWO_SAV3 that could
reach more stable results with an average SD value of
0.0166, while BGWOV3 performs the worst with an amount
of 0.0322.

Finally, the comparison of algorithms is completed under
the selected number of features to determine which algo-
rithm achieves the best results under both classification
accuracy and fitness and also identify the smallest num-
ber of selected features. According to Table 6, under
Avg, LIBGWO_SAV3 reaches a better number of selected
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TABLE 4. Fitness value obtained using different proposed variants of BGWO.

FIGURE 9. (a) Average classification accuracy obtained on ID#1-ID#14 and (b)Average SD values of classification accuracy on ID#1-ID#14.

features on 11 out of 14 datasets, while LIBGWO_SAV3
works better on ID#3and BGWOV3 on ID#4 and ID#13.
Fig.11 (a) and (b) show the average of the ranks obtained
under the selected features number on all the datasets.
LIBGWO_SAV3 is better, where it achieved values of 1.2
and 1.05 for both the average of the ranks and the average of

SD, respectively, while both IBGWOV3 and BGWOV3 were
the worst for those two terms (average of the ranks and aver-
age of SD)), respectively. Finally, LIBGWO_SAV3 could
be the best in terms of all employed performance metrics
(fitness, accuracy, length of selected features, and standard
deviation).
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TABLE 5. Number of selected features selected by the different proposed variants.

FIGURE 10. (a) Average Rank values obtained under accuracy on datasets from ID#1-ID#14 and (b)Average SD values under accuracy on
datasets from ID#1-ID#14.

From those experiments, it can be noted that the improve-
ments of the standard GWO have a significant effect on
its performance for solving FS problems. LIBGWO_SAV3
performs best and LIBGWO is second best, while IBGWO
is third-best so the two best of those two algorithms
(LIBGWO_SAV3 and LIBGWO) are compared in the next
experiments with selected state-of-the-art feature selection
algorithms.

F. COMPARISON OF THE PROPOSED ALGORITHMS WITH
SELECTED OTHER ALGORITHMS

In this section, the proposed algorithms are compared with
some state-of-the-art algorithms named earlier. This section
is organized as follows:

1) Section A: compares the algorithms on datasets
ID#1-ID#14.
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TABLE 6. Classification accuracy of the different proposed variants.

FIGURE 11. (a) Average Rank values number selected features on datasets ID#1-ID#14 and (b)Average SD values under selected features on
datasets ID#1-ID#14.

2) Section B: compares the algorithms on datasets
ID#15-ID#32.

1) COMPARISON UNDER DATASETS ID#1-ID#14
To confirm the performance of the proposed algorithms,
they are compared with a number of selected wrapper-
based FS algorithms on the datasets from ID#1-ID#14 under
different performance metrics: fitness values, classification

accuracy, length of selected features, and standard devi-
ation (SD). Tables 7, and 8 introduce the fitness values
obtained by each algorithm on the datasets, ID#1-ID#14,
and ID#15-ID#32, respectively. From Tables 7 and 8 it
can be seen that both LIBGWO_SAV3 and LIBGWOV3
perform best and second best except for ID#13, where
LIBGWOV3 does not outperform GA. Broadly speaking,
Table 7 shows that LIBGWO_SAV3 could fulfill the best
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TABLE 7. Fitness values obtained under different algorithms on datasets ID#1-ID#7.

FIGURE 12. (a) Average Rank values under fitness values on datasets ID#1-ID#7 and (b)Average SD values under fitness values on datasets
ID#1-ID#7.

for two instances: ID#1 AND ID#5 in all independent
runs, and so is LIBGWOV3 which performed better in
all independent runs for ID#2 and ID#6. For the other
instances, both of which (LIBGWO_SAV3 and LIBGWOV3)
are approximately competitive in terms of Best, Avg, Worst,
and SD cases. On the contrary, Table 8 show the effective-
ness of LIBGWO_SAV3 compared to LIBGWOV3 and the

others for six out of seven instances within all independent
runs.

Graphically, Fig. 12 (a) and Fig. 13 (b) show the average of
rank values obtained by each algorithm under fitness values
on the datasets from ID#1-ID#7, respectively. According to
Fig. 13 (a), LIBGWO_SAV3 performs best with values of
1.2857 and LIBGWOV3 is second best with 1.71, and WOA
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TABLE 8. Fitness values obtained under different algorithms on datasets ID#8-ID#14.

FIGURE 13. (a) Average Rank values under fitness values on datasets ID#8-ID#14 and (b)Average SD values under fitness values on
datasets ID#8-ID#14.

performs worst. Fig. 13 (b) shows that LIBGWO_SAV3
is more stable than the others. Similarly, for the datasets,
ID#8-ID#14, Fig. 13 (a), and Fig. 13 (b) show the aver-
age of rank values obtained using each algorithm, and the
average SD values, respectively. According to Fig. 13 (a),
LIBGWO_SAV3 is best with 1.14, and LIBGWOV3 is worse

than LIBGWO_SAV3 but better than the others with values
of 2.000. Fig. 13 (b) shows that LIBGWO_SAV3 is more
stable. Although LIBGWO_SAV3 could perform better for
fitness, it doesn’t consider even now a strong alternative to
the existing feature selection techniques. Broadly speaking,
the superiority of the proposed algorithm: LIBGWO_SAV3
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TABLE 9. Classification accuracy values obtained under different algorithms on datasets ID#1-ID#7.

FIGURE 14. (a) Average Rank values under Classification accuracy on ID#1-ID#14 and (b)Average SD values under classification accuracy on
ID#1-ID#14.

in terms of fitness value is not enough to affirm that it is the
best because the fitness function, as mentioned in section 3.3,
is compounded of two objectives: accuracy and length of
selected features, and since the main objective of the machine
learning techniques is achieving better accuracy even if on
the account of running time, LIBGWO_SAV3 must be better
regarding this objective to become a strong alternative to

all the existing FS techniques. Therefore, our judgment for
its superiority will be delayed to the next paragraph which
discusses the performance of various algorithms under clas-
sification accuracy.

After showing the superiority of the proposed algorithms
over all the compared algorithms under fitness values,
Tables 9 and 10 show the results obtained under classification
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TABLE 10. Classification accuracy values obtained under different algorithms on datasets ID#8-ID#14.

FIGURE 15. (a)Average Rank values under selected features on ID#1-ID#14 and (b)Average SD values under selected features on
ID#1-ID#14.

accuracy metric on datasets ID#1-ID#7, and ID#8-ID#14,
illustrating the superiority of our proposed algorithms. From
those tables, the number of instances with bold values (Avg),
indicating the best outcomes, for LIBGWO_SAV3 got to
10 out of 14 instances, while LIBGWOV3 was the best for
the other four instances.

The descriptive values within those tables are shown
graphically in Fig. 14 (a) and Fig. 14 (b), which show the
average of SD values obtained by each algorithm on all
instances, ID#1-ID#14, within 30 independent runs. After
observing those figures, it is observed that we found that
LIBGWO_SAV3 came in the first rank for both average
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TABLE 11. Selected features lengths obtained by different algorithms on datasets ID#1-ID#7.

FIGURE 16. (a)Average Rank values under fitness values on datasets ID#15-ID#23 and (b)Average SD values under fitness values on
datasets ID#15-ID#23.

ranks and SD respectively with values of 1.2 and 0.014, and
LIBGWOV3 is the second best one with values of 1.7 and
0.018, while both WOA and HHASA are the worst in terms
of average ranks and SD, respectively. Consequently, our
proposed algorithm, LIBGWO_SAV3, is more efficient and
stable than all rival algorithms.

After comparing algorithms under both fitness values and
classification accuracy, the number of features obtained by
each algorithm are compared within Tables 11, and 12 on the
datasets ID#1-ID#7, and ID#8-ID#14. It can be seen that GA,
HHASA performs better under the features length selected
and illustrated in Fig. 15 (a) and Fig. 15 (b) shows the SD
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TABLE 12. Selected features lengths obtained by different algorithms on datasets ID#8-ID#14.

FIGURE 17. (a)Average Rank values under fitness values on datasets ID#24-ID#323 and (b)average SD values under fitness values on
datasets ID#24-ID#32.

of the selected features length obtained by each algorithm,
confirming that our proposed algorithm, LIBGWO_SAV3,
has less diversification within 30 independent runs.

Although both GA and HHAS perform better under
selected features length, their performance under classifica-
tion accuracy is not good. Further, since the main objective
of solving FS is to find the subset of features that lead to the
higher accuracy with the smaller number of features as the

second objective, our proposed algorithm is better because it
achieves the best accuracy with an average of the ranks of the
selected features length equal to 2.8, and GA has an average
of 1.92, and HHAGA with 1.5. Based on the previous anal-
ysis, the number of features extracted by LIBGWO_SAV3 is
so close to that obtained by the others, and the accuracy of
LIBGWO_SAV3 is higher. Since accuracy is considered the
main objective for FS, LIBGWO_SAV3 is better.
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TABLE 13. Fitness values obtained under different algorithms on datasets ID#15-ID#23.

2) COMPARISON OF PERFORMANCE ON DATASETS
ID#15-ID#32
In this section, a number of state-of-the-art FS algorithms
are compared with the proposed algorithms under the
following:

1) Section A: comparison under fitness values.
2) Section B: comparison under classification accuracy.
3) Section C: comparison under selected features number.

a: COMPARISON UNDER FITNESS VALUES
Tables 13, and 14 show the performance of the algorithms
under fitness values on the datasets ID#15-ID#32, show-
ing the superiority of the proposed algorithms for 13 out
of 18 datasets; more specific, table 13 that shows out-
comes for the instances from ID#15 to ID#23 elaborates that
LIBGWO_SAV3 is more superior for 4 out of 6 instances in
all independent runs, while LIBGWOV3 is the best for only

the instance: ID#21. As a result, the proposed algorithms on
the instances shown in this table could perform better in all
independent runs in five out of seven instances, while the
other two instances: ID#15 and ID#21 are better solved using
PSO and GWOTM, respectively. In addition, Table 14 which
displays outcomes for the instances from ID#24 to ID#32
shows the efficacy of LIBGWO_SAV3 for seven instances
and LIBGWOV3 for only one instance in all independent
runs rather than ID#31. Consequently, from those two tables
which include a total of 18 instances, the proposed algorithm
LIBGWO_SAV3 can be better in 11 out of 18 instances and
LIBGWOV3 is better in only two, while the optimality of
the other instances is distributed among the rival algorithms,
so LIBGWO_SAV3 considers the best to solve the feature
selection problem.

Additionally, to display the outcomes presented in
tables 13 and 14 in a more clear way, Fig 16 (a), and 16 (b)
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TABLE 14. Fitness values obtained under different algorithms on datasets ID#24-ID#32.

display the average of the rank values and the SD values,
respectively. 16 (a) shows that LIBGWO_SAV3 performs
best with a value of 3.000, while WOA performs worse with
a value of 8.222. Fig. 16 (b) shows that BA is more stable
and GA is the worst. Similarly, for the datasets, ID#24-ID32,
Fig. 17 (a), and Fig. 17 (b) illustrate that LIBGWO_SAV3 is
the best under the average of rank values with a value of 1.55,
and LIBGWOV3 is the best under the average of SD values.

b: COMPARISON UNDER CLASSIFICATION ACCURACY
Tables 15 and 16 show the classification accuracy under the
subset of features obtained by each algorithm on the datasets
ID#15-ID23 and ID#24-ID#32. After inspecting those tables,
we conclude that most bold values are within the columns of
the proposed algorithms and this is proved in Fig. 18 (a) that
told us that the proposed algorithm, LIBGWO_SAV3 could

achieve the first rank with a value of 2.5556 for the average of
the rank value obtained under each instance by each algorithm
and LIBGWOV3 as the second proposed algorithm came in
the second rank. Fig. 18 (b) that shows the average of SD
obtained by each algorithm on the instances ID#15-ID#32
shows that BA is more stable, followed by NLPSO as the
second most stable and LIBGWOV3 is third.

c: COMPARISON UNDER A SELECTED NUMBER OF
FEATURES
After comparing our proposed algorithms under both fit-
ness values and classification accuracy, we compare the
number of features obtained by each algorithm. To do
that, we experiment using each algorithm on each instance
within 30 independent runs then the best, worst, Avg, SD, and
rank under Avg are extracted and shown in Tables 17, and 18
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TABLE 15. Classification accuracy values obtained for different algorithms on datasets ID#15-ID#23.

FIGURE 18. (a)Average Rank values under classification accuracy on ID#15-ID#32 and (b)Average SD values under classification accuracy
on ID#15-ID#32.
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TABLE 16. Classification accuracy values obtained for different algorithms on datasets ID#24-ID#32.

on the datasets ID#15-ID#23 and ID#24-ID#32. The tables
show that GA, HHASA perform better under features length
in Fig. 19 (a). Fig. 19 (b) shows the SD of the selected fea-
tures length obtained by each algorithm, confirming that our
proposed algorithm, LIBGWO_SAV3, is more stable within
30 independent runs.

Although both GA and HHAGA perform better under
selected features length, their performance is bad under
classification accuracy. Since the main objective of solv-
ing FS is to find the subset of features that lead to
higher accuracy with fewer features as the second objec-
tive, our proposed algorithm is better because it achieves
the best accuracy with an average of the rank values under
the average of selected features length equal to 3, while
GA has an average of 1.94, and HHAGA has an aver-
age of 2.16. According to the previous analysis, the num-
ber of features extracted by the proposed is close to that

obtained by the others. Consequently, our proposed algorithm
is best.

G. COMPARISON AMONG ALGORITHMS UNDER
INTERVAL PLOT
Within this section, the algorithms are compared using Inter-
val Plot with 95% as a confidence interval under the largest
instance/dataset D#29, clean2, in addition to D#1 instance.
Fig. 20 represents the interval plot under both accuracy and
fitness metrics for the algorithms on D#1 and D#29. Observ-
ing this figure shows that our proposed algorithms outper-
form the others under both fitness and accuracy for D#1.
For D#29, the LIBGWO_SAV3 outperforms all the others,
while LIBGWOV3was competitive with GA on this instance.
Generally, we conclude that LIBGWO_SAV3 performs well
and outperforms the others for datasets with a significant
number of features.
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TABLE 17. Selected features length under different algorithms on datasets ID#15-ID#23.

FIGURE 19. (a)Average Rank values under selected features on ID#15-ID#32 and (b)Average Avg values under selected features on
ID#15-ID#32.
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TABLE 18. Selected features length under different algorithms on datasets ID#24-ID#32.

TABLE 19. Summary of experiments under Fitness, accuracy, selected Features lengths.

V. DISCUSSION AND RESULT SUMMARY
This section summarizes all previous experiments for better
understandings. Table 19 reports the averages of the fitness
values, accuracy values, and selected feature lengths based
on the results obtained after solving instances ID#1-ID#32
within 30 independent runs. Averages of Ranks and the
SD values are also reported in Table 19. According to
Table 19, LIBGWO_SAV3 obtained the first rank under both

fitness and accuracy metrics with average values of 0.15
and 0.85, respectively. However, it (LIBGWO_SAV3) comes
third based on the selected feature lengths (after the GA
and HHASA) with a value of 5.8. Despite this, as shown in
Table 19, the difference of fitness values and accuracies com-
pared to those competing algorithms are significantly larger
by the proposed algorithm, and thus, we can claim that the
proposed LIBGWO_SAV3 is the better candidate for solving
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FIGURE 20. Comparison under interval plot for (a)Classification accuracy on D#29; (b) Classification accuracy on D#1; (c) Fitness values on D#1; and
(d)Fitness values on D#29.

FS problems. Also, it is worth to bementioned that our second
proposed algorithm, LIBGWOV3, is second best under both
fitness and accuracy metrics after LIBGWO_SAV3.

VI. CONCLUSION AND FUTURE WORK
FS is an indispensable preprocessing step to remove from
datasets the irrelevant, noisy, and redundant features, in addi-
tion to reducing the data dimensionality to enable classifi-
cation algorithms, or machine learning algorithms, to find
better classification or clustering accuracywithin less training
time. So, this paper proposes three wrapper-based FS variants
of the binary grey wolf optimizer (BGWO), in addition to
the standard version using different S-shaped, U-shaped, and
V-shaped transfer functions. The first variant integrates the
standard BGWO with an exploration capability within the
different phases in the optimization process by updating a
specific solution randomly within the search space based on
a certain probability; this variant was called IBGWO. The
second variant picks the worst n, increasing with iteration,

of solutions and updates them toward the best solution and
randomly within the search space according to a certain prob-
ability; this variant is called LIBGWO. Finally, the last vari-
ant, abbreviated LIBGWO_SA, integrates SAwith LIBGWO
at the end of each iteration on the best so far solution to
exploit around the best solution to identify a better solu-
tion. The proposed variants were validated on 32 datasets
from the UCI repository and compared with six well-known
wrapper-based FS methods to evaluate their performance.
Both LIBGWO_SA and LIBGWO produce superior results
compared with the other six algorithms. Our future work
includes applying this improved algorithm to solving more
recent applications that aims to promote and communicate
advances in industrial information integration in order to
provide insights into challenges, issues, and solutions related
to industrial integration.
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