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ABSTRACT Feature selection or dimensionality reduction can be considered as a multi-objective mini-
mization problem with two objectives: minimizing the number of features and minimizing the error rate
simultaneously. Despite being a multi-objective problem, most existing approaches treat feature selection
as a single-objective optimization problem. Recently, Multi-objective Grey Wolf optimizer (MOGWO) was
proposed to solve multi-objective optimization problem. However, MOGWO was originally designed for
continuous optimization problems and hence, it cannot be utilized directly to solve multi-objective feature
selection problems which are inherently discrete in nature. Therefore, in this research, a binary version of
MOGWO based on sigmoid transfer function called BMOGW-S is developed to optimize feature selection
problems. Awrapper based Artificial Neural Network (ANN) is used to assess the classification performance
of a subset of selected features. To validate the performance of the proposed method, 15 standard benchmark
datasets from the UCI repository are employed. The proposed BMOGWO-S was compared with MOGWO
with a tanh transfer function and Non-dominated Sorting Genetic Algorithm (NSGA-II) and Multi-objective
Particle Swarm Optimization (MOPSO). The results showed that the proposed BMOGWO-S can effectively
determine a set of non-dominated solutions. The proposed method outperforms the existing multi-objective
approaches in most cases in terms of features reduction as well as classification error rate while benefiting
from a lower computational cost.

INDEX TERMS Feature selection, grey wolf optimizer, multi-objective optimization, classification.

I. INTRODUCTION
Data mining is an important branch of artificial intelligence
and machine learning. The main goal of data mining is to
extract useful information embedded in the data and convert
it through multiple phases (e.g., pre and post processing as
well as visualization) into a simple format that users can
understand [1]. Generally speaking, machine learning meth-
ods are classified into three groups, supervised learning such
as classification, unsupervised learning such as clustering and
lastly reinforcement learning. This research emphases mainly
on classification, in which every instance in the dataset are
classified into different sets depending on the information
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depicted by its features. However, it is hard to detect the
valuable features from a large set of features, because the
space of search is generally large, wherein a dataset contains a
huge number of features that comprise redundant and unnec-
essary features, which leads in-turn to less performance on
the classification [2]. Feature selection is considered to be the
best way to solve this issue by picking up only the most appli-
cable features for the classification. The main goal of feature
selection is to remove redundant and irrelevant features and
build the model more efficiently. Moreover, feature selection
is also useful for improving the classification performance,
simplifying the learning model and shortening the time of
training [3].

Feature selection is a challenging and computationally
demanding task due to two main issues. The first issue is the
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complexity of the relationship/interaction between features.
When a feature interacts with other features, a feature which
is individually important can become redundant. Therefore,
the best feature subset must be a set of integral features that
extent the various attributes of the class to be distinguished
correctly. The second issue is the huge search space; the
possible total number of solutions for a dataset with n features
is 2n, whichmakes feature selection anNP-hard problem. The
complexity of the problem increases dramatically as n grows
due to the improvements in data collection methods in many
fields [4].

Due to these reasons exhaustive and exact search meth-
ods are not practical when features number are very large.
To solve this issue, several search optimization have been
utilized to feature selection, (e.g., forward and backward
of sequential selection) [5], [6]. However, these two meth-
ods are affected by the issue of premature convergence and
high computational cost. Therefore, a set of heuristics and
metaheuristics techniques such as Particle swarm optimiza-
tion (PSO) [7], Differential Evolution (DE) [8], Ant Colony
Optimization (ACO) [9], Genetic Algorithm (GA) [10], Grey
Wolf Optimization (GWO) [11], [12], and Dragon algorithm
(DA) [13] have been leveraged to find optimal set of features.
GWO is a recently proposed metaheuristic technique influ-
enced by the natural social intelligence of the grey wolves.
The GWO has fewer parameters which makes it cheap in
terms of computational cost and faster convergence [14].

In fact, feature selection is a minimization issue with two
goals: (1) minimizing the error rate of classification (maxi-
mizing the performance of classification) and (2) minimizing
number of features. Often, these two goals are contradic-
tory, and require an optimization algorithm to find the best
trade-offs for them. Unfortunately, only a few number of
studies have been conducted on multi-objective feature selec-
tion [4], and most existing methods are single objective, con-
sidering only the accuracy of classification. By formulating
feature selection as a multi-objective task, we can capture a
subset of optimal features to satisfy the various specifications
of real-world systems. Despite the fact that, GWO feature
selection and multi-objective optimization have been studied
separately, little research has been done on multi-objective
feature selection. On the other side, existing feature selec-
tion algorithms has the problem of high computational cost,
and it is considered that GWO is computationally cheaper
than other metaheuristics technologies. Furthermore, feature
selection based on multi-objective GWO has not been fully
investigated.

This paper investigates the application of GWO to multi-
objective feature selection for a large search space. This will
require the introduction of a novel approach to produce a set
of solutions that address different needs.

A. OBJECTIVES
When looking at feature selection as a multi-objective prob-
lem, the intention is to obtain the best trade-offs between the
number of features and error rate (or classification accuracy).

The problem is still binary, so a binary algorithm should be
used. However, there should be mechanisms to address the
two conflicting objective functions. As such, we propose a
binary version of MOGWO called Binary Multi-objective
grey wolf optimization based-on sigmoid binary transfer
function (BMOGWO-S). The proposed method will be com-
pared and examined with existing MOGWO based tanh
binary transfer function and two well-known benchmarking
multi-objective approaches on fifteen standard datasets that
contain different number of instances, features and classes.
Specifically, we investigated the following objectives:

1. To propose a BMOGWO-S capable of finding Pareto
optimal solutions;

2. To compare the proposed method against other exist-
ing MOGWO based tanh transfer function and indicate
which approach is superior in terms of minimizing the
subset of features and classification error rate;

3. To compare the proposedmethod with twowell-regarded
multi-objective approaches: NSGA-II and MOPSO, and
investigate whether the proposed approach outperforms
benchmarking approaches in terms of minimizing the
subset of features and classification error rate;

4. To validate the performance of the proposed method in
terms of computational cost.

B. PAPER STRUCTURE
The rest of this paper is structured as follows. The GWO
algorithm, the concept of multi-objective optimization and
recent studies on feature selection are explained in Section II.
Section III explains the proposed multi-objective methods.
The experimental setup is illustrated in Section IV. Result
and discussions are described clearly in Section V. Finally,
the conclusion and possible future work directions are pro-
vided in last section.

II. LITERATURE REVIEW
In this section, the inspiration and mathematical models of
GWOare first discussed. Then, the concept ofmulti-objective
optimization is explained. After that, a brief literature review
of feature selection is provided.

A. GREY WOLF OPTIMIZER (GWO)
GWO is a recent metaheuristic proposed by Mirjalili et al.
in 2014 [15]. The algorithm is inspired by the grey wolf’s
social hierarchy and hunting mechanism. First, when devel-
oping GWO there are four wolves or levels of the social
hierarchy described as follows:

• The alpha (α) wolf: the solution with the best objective
value
• The eta (β) wolf: the solution with the second best
objective value
• The delta (δ) wolf: the solution with the third best objec-
tive value
• The omega (ω) wolf: all other solutions
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Therefore, the first three appropriate wolves α, β, and δ
are responsible for guiding the hunting mechanism of the
algorithm. The rest of the wolves are considered as ω and
follow them.

During the hunting, grey wolves follow a set of
well-organized stages: encircling, hunting and attacking. The
following formulas were designed to model the encircling
process of gray wolves mathematically:

−→
D =

∣∣∣−→C .−→X p(t)−
−→
X (t)

∣∣∣ (1)
−→
X (t + 1) =

−→
X p(t)+

−→
A .
−→
D (2)

where t indicates the iteration,
−→
X is the wolf vector’s posi-

tion,
−→
X p is the prey vector’s position, and

−→
A ,
−→
C denoted the

coefficient vectors and formulated as follows:
−→
A = 2−→a .−→r1−

−→a (3)
−→
C = 2.−→r2 (4)

where −→r1 and −→r2 are random vectors in [0,1]. While, −→a
elements reduce linearly over iterations from 2 to 0.

Moreover, GWO keeps the first three finest solutions (α,
β and δ) attained so far and imposes ω wolf to modify
their positions with respect to them. Thus, to simulate the
hunting mechanism of grey wolfs a set of equations are run
continuously for every search candidate as follows:

−→
Dα =

∣∣∣−→C1.
−→
X α−

−→
X
∣∣∣ (5)

−→
Dβ =

∣∣∣−→C2.
−→
X β−

−→
X
∣∣∣ , (6)

−→
Dδ =

∣∣∣−→C3.
−→
X δ−
−→
X
∣∣∣ (7)

−→
X1 =

−→
Xα−A1.

(
−→
Dα
)

(8)
−→
X2 =

−→
Xβ−A2.

(
−→
Dβ
)

(9)
−→
X3 =

−→
Xδ−A3.

(
−→
Dδ
)

(10)

−→
X (t+1) =

−→
X1+
−→
X2+
−→
X3

3
(11)

The attacking mechanism of the grey wolfs can be formulated
according to a vector −→a where the vector is a random vector
with elements in the range [−a, a], and the elements of −→a
decrease linearly from 2 to 0 every iteration, and can be
formulated as:

−→a = 2−t.
2

maxIter
(12)

wheremaxIter shows the maximum number of iterations that
GWO can use to estimate the global optimum and t indicates
the iteration counter.

B. MULTI-OBJECTIVE OPTIMIZATION
If there is a requirement for a trade-off between two or
more competing goals, as long as the right option needs
to be made, a multi-objective issue occurs. Multi-objective
optimization requires optimizing or reducing several objec-
tive functions that interfere with each other. Mathematically

speaking, the problem of minimization in multi-objective
function can be presented without compromising the gener-
ality as follows:

minimize F (y) = [f1 (y) , f2 (y) , . . . , fi (y)] (13)

Subject to gk (y) ≤ 0, i= 1, 2, . . .m (14)

hk (y) = 0, i = 1,2, . . . l (15)

where fk (y) is a function of y and considered as the k-th
objective, y is decision variables vector, i is the number of
objective functions to be reduced. The constraint functions
are gk (y) and hk (y). The superiority of multi-objective algo-
rithm solution is clarified by the trade-offs among conflicting
objectives. For instance, the i-objective minimization prob-
lem mentioned above has two solutions which we name
c and d . If the following criteria are satisfied, it can be
assumed that c over d or c dominates d :

∀i:fi (c) ≤ fi (d) and ∃j: fi (c)<fi (d) (16)

where i, j ∈ {1, 2, 3...k}
To better understand what can be considered as an opti-

mal solution for a given optimization problem, an example
of minimization problem with two objectives is given in
Figure 1: P1 dominated both P2 and P3. However, P2 and
P3 cannot dominate each other. Pareto optimal is a solution
that is not governed by any other solution. In Figure 1, all
the solution highlighted on the Pareto optimal front (P4 to
P9) are non-dominated solutions repressing the best trade-
offs when minimizing both objectives. In multi-objective
problems, we seek to find such solutions. Naturally, feature
selection is a conflicting minimization problem with two
goals, minimizing number of features, as well as the error rate
of classification. In such problem, the conflicting relation-
ship between these two objectives, in the context of feature
selection indicates that the two objectives are not equally
important for practitioners, for this multi-objective problem
the non-dominated solutions with smaller number of features
being preferred.

FIGURE 1. Minimization problem with two objective functions.
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C. RELATED WORK
Feature selection approaches normally grouped into a wrap-
per and filter approaches [3], [16]. These two approaches
generally differ in terms of evaluating the subset of features,
the wrapper uses the classifiers in the evaluation process,
which is the opposite in the filter which usually does not use
any classifier in evaluating the subset of features. Wrappers
are demanded to be costly in terms of computation and less
general than filters.

The literature review shows that wrapper-based feature
selectors tend to have a better performance than filters for
classification. This is a result of filters disregarding the
performance of features selected on a classification algo-
rithm [17], [18]. In addition, other researchers defined three
types of feature selection which are: filters, wrappers and
embedded methods [19], [18]. Embedded integrates the clas-
sifier and feature selected into a single process. Instead,
embedded methods are based on the nature of the model of
classification. Moreover, embedded methods are intensively
less in computation than wrappers, they are more complex
conceptually, and it is difficult to make any amendment in
themodel of classification to achieve better performance [20].
Therefore, this research emphases on wrapper method. At the
beginning, exhaustive search were used for feature selection
in a limited number of researches [17], [18]. This is because
the computational complexity of suchmethods is high regard-
less of whether the number of features is small (e.g. 10).
Several heuristic search approaches have therefore been uti-
lized to the selection of features, including but not limited
to greedy search techniques, both sequential backward and
forward selection [6], [5]. In later stages, however, selected
or eliminated features cannot be selected or removed this is
due to that the two approaches suffering from the supposed
‘‘nesting effect’’. By utilizing SFS l times, and then SBS
r times, these two approaches are compromised and form
the ‘‘plusl-take-away-r’’ [21]. This method should reduce the
effect of nesting, but it is challenging to decide the correct
values between l and r .
Two techniques named (sequential backward and forward

floating selection) have been proposed in order to prevent
this issue [22]. It is stated that both floating search tech-
niques are better than static sequential techniques. Recently,
a two-layer cutting plane method to determine the opti-
mum subsets of features were proposed in [23]. In [24],
a backtracking method and heuristic search performing an
exhaustive search for feature selection based rough set was
proposed.

To overcome the limitations of classical methods,
researchers have also utilized metaheuristics techniques to
feature selection problems. For instance, in [25], the authors
applied GA for feature selection attained better results than
the classical SFFS method [22]. Another study proposed
a hybrid approach based on GA with local search which
performed better than GA in [26]. In [27] a hybrid filter
feature selection method was proposed. This method uses
SA with GA to enhance the GA search ability. Performance

evaluation is performed on eight data sets collected from
UCI; good results were obtained quantitatively. In addition,
a hybrid PSOwith a local search approach is proposed in [28]
for selecting feature subsets based on information correlation.
Hybrid genetic algorithm is mixed with PSO, called GPSO,
used for feature selection of wrapper using SVM classifier to
classify microarray data [29].

Although, a hybrid genetic algorithm with PSO was
proposed [30] to improve the feature selection for digital
mammogram datasets. Similarly, in [31] a hybrid approach
for feature selection named Ant-cuckoo colony optimiza-
tion where ACO and Cuckoo Search (CS) were combined
and tested in digital mammogram datasets. In [8], a hybrid
approach for wrapper feature selection between DE and
ABC was proposed. In summary, all these algorithms have
been used as efficient methods to solve issues with fea-
ture selection. However, these techniques show some lim-
itations such as, stagnating in locally optimal solutions
and high computational costs. Also, they have been mostly
used as single objective either to reduce the number of
features or maximizing classification accuracy. Therefore,
a multi-objective idea of these techniques has been adapted
to solve the problem of feature selection and shows a
great success.

GWO has recently gained much consideration for tackling
the problem of feature selection in many fields such as bench-
marks problems as in [12], [32], [33], facial, voice, speech
and handwriting recognition as in [34], [35], [36], EMG sig-
nal classification [37], disease diagnosis [38], [11], [39], [40],
gene selection and intrusion detection systems. [41], [42].
Our recent published book chapter [14] reviews all the
approaches of feature selection based GWO published during
the period of 2015 up to 2019.

Although, recent studies have used multi-objective opti-
mizations to solve the problem of feature selection. For exam-
ple, Zhang et al. [43], proposed a cost based feature selection
based onMOPSOwith the aim of producing a non-dominated
feature subsets solutions by incorporating probability encod-
ing technique and hybrid operator, with the crowding dis-
tance of PSO besides external archive. The proposed method
was compared against five benchmark datasets with different
conventional multi-objective approaches. Moreover, a study
in [44], proposed a reinforced memory strategy and a com-
bined mutations to enhanced multi-objective PSO with two
conflicting goals classification performance and the relia-
bility, this method compared against two state of the art
methods. Another study in [45], proposed a multi-objective
artificial bee colony combined with genetic operator know as
non-dominated sorting. A binary version and the continuous
version were developed as two separated implementations
of the proposed approach. Experiment was conducted on
12 benchmark datasets. Although, return cost binary firefly
algorithm and a Pareto dominance technique was proposed
in [46], and a set of public datasets was used for experiment.
Recently in 2019, amulti-objective based artificial bee colony
with two-archive (leader and external) was proposed with a

106250 VOLUME 8, 2020



Q. Al-Tashi et al.: Binary MOGWO for Feature Selection in Classification

FIGURE 2. Archive possible cases in storing non-dominated Pareto solution.

purpose to minimize feature cost and maximize the classi-
fication accuracy [47]. The proposed method was compared
against eight datasets with three multi-objective approaches
and two traditional methods. Another study in [48], uti-
lized a wrapper-based feature selection method based on a
multi-objective differential evolution algorithm for the facial
expression recognition systems. linear SVM used as classi-
fier. Two objectives of the proposed method were the size
of feature attributes and accuracy of classification. The pro-
posed method was validated against three facial recognition
databases. In [49] NSGA-II was utilized to select the most
optimal features. The classifier ID3 was designed to assess
the fitness value of a specific subset of features. Similarly,
NSGA-II has been applied in [50].

In [51] a wrapper method based MOGA and decision tree
was proposed. In [52], a MOPSO was proposed to tackle
the issue of feature selection, where two separated imple-
mentation were investigated: 1) presented the concept of
non-dominated sorting and 2) applied the concepts of dom-
inance, mutation and crowding aiming in finding the front
alternatives of Pareto.

Notwithstanding, several existing methods, the majority
are single objective treating the accuracy of classification
only. As a multi-objective problem, there is no sufficient
investigation in the literature to study feature selection, that
is, this problem has only recently been considered.

Much researches have revealed that GWO is an effective
search technique for feature selection, nevertheless the uti-
lization of multi-objective grey wolf optimizer for feature
selection has not been thoroughly examined. Thus, develop-

ing multi-objective grey wolf to tackle the problem of feature
selection remains an open issue.

III. PROPOSED METHOD
In this section, the original multi-objective grey wolf
optimization (MOGWO) and the developed binary multi-
objective feature selection approaches BMOGWO-S are
covered.

A. MULTI-OBJECTIVE GREY WOLF
OPTIMIZATION (MOGWO)
Despite the novelty of the GWO algorithm, it was designed
for single optimization problems. So, it cannot be uti-
lized directly to solve multi-objective problems. IN 2016,
Mirjalili et al. (2016) [53] proposed the Multi-Objective
Grey Wolf Optimizer (MOGWO) as the first multi-objective
variant of GWO. In MOGWO, an integration of two new
mechanisms were made as follows:

• A storage was used to maintain non-dominated solutions
during optimization (so-called archive)

• A leader selection approach that is responsible to select
first leader (α), second leader (β), and the third leader
solutions (δ) from the archive.

The archive has a controller controlling which solution
to be kept in the archive and whether the archive is full or
not. In every iteration the obtained non-dominated solutions
are compared against the pervious members of the archive.
Hence there are several situations that could be considered as
illustrated in Figure 2.
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FIGURE 3. Leader selection for the least feature segment and solution
elimination from the most irrelevant features.

In Pareto front concept the solutions could not be simply
compared, one solution to this, is to develop a leader selec-
tion technique. In GWO, the three best solutions have been
utilized as three finest wolves which are alpha, beta and delta,
respectively. The leaders of wolf direct other search members
to the promising areas in the search space to find solutions
that are similar or near to the global optimality. As shown
in Figure 3, the leader chooses the least crowded part of
the objective space and proposes one of its non-dominant
alternatives, such as alpha, beta or delta wolves.

The roulette-wheel approach is used for the selection based
on the likelihood for each hypercube as follows:

Pj =
m
Hj

(17)

where H is the total number of non-dominated solutions in
the jth segment and m is a constant value more than 1.

B. BINARY MULTI-OBJECTIVE GREY WOLF
OPTIMIZATION (BMOGWO-S)
MOGWOwas initially proposed for continuous optimization
problems and it is impossible to be used directly to tackle
the problems of multi-objective feature selection. Therefore,
a new component is added to the previous two components
which is a necessity for the algorithm to be suitable for feature
selection problems, and thus a binary version is developed
based on sigmoid activation function. In the basic MOGWO
algorithm, due to the continuous real domain of position
vectors, candidates canmove continuously through the search
space. However, for the search candidates to be able to move
in a binary search space, the equation of updating position in
(11) must be modified into the following equation in a similar
manner to [12], [54]:

x t+1d =

1 if sigmoid
(
x1+x2+x3

3

)
≥ rand

0 otherwise
(18)

where x t+1d is the modified position to binary in d dimension
at t iteration, and a random number indicated by rand that is
drawn from a distribution uniform ∈ [1,0], and sigmoid(a) is
denoted as follows:

sigmoid (a)=
1

1+e−10(x−0.5)
(19)

x1, x2; x3 in (8), (9), (10) are modified and designed utilizing
the following equations in a similar manner to [12], [54]:

xd1 =

{
1 if

(
xdα+bstep

d
α

)
≥ 1

0 otherwise
(20)

xd2 =

{
1 if

(
xdβ+bstep

d
β

)
≥ 1

0 otherwise
(21)

xd3 =

{
1 if

(
xdδ +bstep

d
δ

)
≥ 1

0 otherwise
(22)

bstepdα,β,δ =

{
1 if cstepdα,β,δ≥rand

0 otherwise
(23)

where a random number indicated by rand that is drawn from
a distribution uniform ∈ [1,0], and cstepdα,β,δ is a continuous
step size value for d dimension and can be formulated utiliz-
ing sigmoidal binary function as follows in a similar manner
to [12], [54]:

cstepdα,β,δ=
1

1+e
−10

(
Ad1D

d
α,β,δ−0.5

) (24)

Figure 4 illustrates the overall methodology of the proposed
BMOGWO-S. The BMOGWO-S Pseudocode is provided in
Algorithm 1.

C. OBJECTIVE FUNCTION FORMULATION
As discussed above, there are two objectives when formulat-
ing a multi-objective problem:
• Minimizing the features number.
• Minimizing the error rate of classification.

Hence, the minimization problem of multi-objective feature
selection can be expressed mathematically as denoted by
equation (25):

minimizeF (x)

=


f1(x)=

M
N

M ∈N ,N ∈R+

f2 (x) =
FP+ FN

TP+ TN + FP+ FN
× 100, (P+N )∈ R+

(25)

where M is the selected features and N denotes the whole
features of a dataset. TP represents true positives, TN stands
for true negatives, FP indicates false positives, and FN refers
to false negatives, respectively. f1 (x) is the ratio of selected
features as the first objective, and f2 (x) is the classification
error rate as the second objective.
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FIGURE 4. General model of the proposed BMOGWO-S method.
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Algorithm 1 Pseudocode of the Proposed BMOGWO-S
Dividing the dataset into training and testing sets
Initialization of parameters
Compute the fitness values (Features and Error rate) for
search members
obtain the non-dominated solutions & initialize the archive
Select finest leader Xα = SelectLeader(archive)
Avoid selecting Xα by temporarily excluding it from the
archive
Select second finest leader Xβ = SelectLeader(archive)
Avoid selecting Xβ by temporarily excluding it from the
archive
Select third finest leader Xδ = SelectLeader(archive)
Add back finest leader (Xα) and second finest leader (Xβ )
to the archive
t = 1; iterations = 100
While (t < iterations)
For each search member
Update the current positions of the search member by
equations (5-11)
Binarize the updated positions using sigmoid activation
function in equations (19- 24)
End For
Update the parameters
Compute the fitness values (Features and Error rate) for
search members
Determine the non-dominated solutions in the current pop-
ulation
Modify the archive with the attained non-dominated solu-
tions
If (there is no more space in the archive)
Delete a solution using grid mechanism
Insert the new obtained solution to the archive
End If
Choose alpha from the archive: Xα
Avoid selecting Xα by temporarily excluding it from the
archive
Choose beta from the archive: Xβ
Avoid selecting Xβ by temporarily excluding it from the
archive
Choose delta from the archive: Xδ
Add finest leader (Xα) and second finest leader (Xβ ) back
to the archive
t = t+1
End While
Return Archive

IV. EXPERMINTAL SETUP
A. BENCHMARKING METHODS
To test the proposed BMOGWO-S algorithm, three bench-
marking methods are used for comparison.

First approach is a BMOGWO-V that used tanh () trans-
fer function the tanh () converts the position values-based

TABLE 1. Datasets used in experiment.

equation 26.

tanh (x) =
exp(2 ∗ |x− 1)|
exp(2 ∗ |x+ 1)|

(26)

the updated position is compared with rand (0, 1). If it
is greater than the rand value, then the position is 1, and
0 otherwise. The positions of the grey wolf are converted to
binary consistently using equation (27):

f (x) =

{
1 if tanh (x) ≥ rand
0 otherwise

(27)

The second approach is a NSGA-II, proposed by
Deb et al. [55] and is a well-known multi-objective tech-
nique. The approach is consisting of two strategies: the diver-
sity protection and the technique of non-dominated sorting.
(Non-dominated sorting) strategy is used to rank off-
spring’s parents and overall ranks as the leading edge
of non-dominated solution at different levels. Crowd
distance-based density estimation is used to maintain pop-
ulation diversity. More details can be found in [55].

The MOPSO approach was proposed in which utilizes
a storage called (repository). To make MOPSO works in
binary form, we have updated the position of each particle in
MOPSO to search in binary form using the sigmoid transfer
function.

All methods are coded and implemented using
MATLAB R2017a. The used datasets and parameters setting
are explained in detail in the following sections

B. DATASETS
To validate the proposed multi-objective algorithms, 15 stan-
dard datasets collected from the repository of machine learn-
ing known as UC Irvine [56] are used. Table 1 illustrates
the characteristics of the benchmark datasets which have
been chosen with different numbers of features (from 9 to
500), samples (101 to 5000) and classes (from 2 to 7).
Those datasets are employed as illustrative examples of
the problems that can be addressed by the implemented
multi-objective feature selection methods.

106254 VOLUME 8, 2020



Q. Al-Tashi et al.: Binary MOGWO for Feature Selection in Classification

TABLE 2. Parameters setting.

C. PARAMETER SETTINGS
In this study, each dataset is randomly partitioned into three
sets: training set (70%) and (30%) for testing and validation
sets. All algorithms were run 20 times with random seed.

An ANN (Feedforward) classifier is used to calculate the
error of the classification and to assess the value of dis-
crimination for each selected feature. The classifier has the
following settings:

• 10 hidden layers and
• 0.8 for learning rate.

ANN is known as a superior classifier especially in terms
of computational time since it only calculates the essen-
tial distances pointed by the selected feature which lead
to minimizing the computational cost of the whole process
of the classification [57]. All implemented algorithms are
wrapper-based methods, which in the training evolutionary
process require a classifier (ANN), to assess the classification
error for the feature that have been selected. Table 2 shows the
parameter settings for all algorithms.

V. RESULTS AND DISCUSSION
The results of the proposed approaches are presented in
this section. First the result of the BMOGWO-S is com-
pared against BMOGWO-V. Then, the comparison between
MOGWO-S and state-of-the-art methods are explained. Fol-
lowed by the statistical analysis of the non-dominated feature
subset solutions. Finally, the computational cost comparison
is discussed.

A. COMPARISON BETWEEN BMOGWO-S & BMOGWO-V
Figure 5 shows the experimental results of BMOGWO-S for
15 datasets in comparison with multi-objective grey wolf
optimization BMOGWO-V based tanh transfer function. The
dataset name, the original features of the data and the ANN
error rate of the original features are specified above each
graph. The selected features are presented on the horizontal
axis, and the error rate on the vertical axis. The blue colour
represents the proposed algorithm BMOGWO-S, the one in

cyan indicates the BMOGWO-V. From Figure 5, we can see
that the BMOGWO-S produced a non-dominated solution
in all datasets which effectively selected fewer features and
attained a lower error rate of classification. For example,
BMOGWO-S selected approximately 45% from the orignal
features (4 from 9) in the Breastcancer dataset and selected
35% from the original features (5 from 13) in the HeartEW
dataset, in the WineEW (6 from 13) features, in Zoo dataset
only 5 features from 16 features have been selected, in Lym-
phography dataset 5 feature from 18 features, all the men-
tioned datasets can be categorized as small size datasets
where mostly in all small size datasets, the features number
was minimized to 30% or less, but attained less error rate
than utilizing full features. In SpectEW dataset (7 from 22)
features have been selected, in BreastEW the BMOGWO-S
selected (11 from 30) features, in IonosphereEW, seven fea-
tures only from a total of 34 features, 14 features from 36 fea-
tures in KrvskpEW datasest, and Waveform (13 from 40),
all five mentioned datasets can be categorized as medium-
size datasets where mostly in all small medium size datasets,
the features number was minimized to 20% or less, but
attained lower error rate than utilizing original features.
While in large datasets such as SonarEW (7 from 60) features,
Hillvalley (5 from 100), Musk1 (12 from 166), PenglungEW
(7 from 325) and Madelon (6 from 500). Mostly, the fea-
tures number was minimized to 10% or less. Comparing the
proposed method with BMOGWO-V, in small size datasets
(Breastcancer, HeartEW, WineEW, zoo and Lymphogra-
phy), the proposed BMOGWO-S dominates BMOGWO-V
in terms of both number of features and classification error
rate. In some cases, BMOGWO-V obtained solutions that
have similar error rate with BMOGWO-S. In BreastCancer
dataset, for instance, the first two solutions have similar error
rate, in zoo dataset there are there three solution have similar
error rate. Although there are some solutions in BMOGWO-
V which have lower error rate than BMOGWO-S such as in
Lymphography dataset.

In medium size datasets (SpectEW, BreastEW, Iono-
sphereEW and KrvskpEW, Waveform) it is evident that
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FIGURE 5. Comparison between BMOGWO-S and BMOGWO-V.
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BMOGWO-S obtained superior performance in comparison
to BMOGWO-V. While in large datasets there are some
solutions in which BMOGWO-V have lower error rate than
BMOGWO-S such as Sonar and PenglungEW but more
features. It’s obvious in the large datasets such as Hillval-
ley, Musk1 and Madelon that the proposed BMOGWO-S
obtained a superior performance in terms of both reduced
number of features and less classification error rate.

B. COMPARISON BETWEEN BMOGWO-S, BMOPSO
AND NSGA-II
As can be seen in Figure 6, the experimental results
of BMOGWO-S for 15 datasets in comparison with the
two most popular multi-objective algorithms MOPSO and
NSGA-II, each graph represents a different dataset. The
dataset name, number of full features and the ANN classi-
fication error rate using all features are specified on the top
of each graph. In each graph, the x axis indicates the num-
ber of features selected, and the y axis represents the error
rate of classification. The blue colour represents the pro-
posed algorithm BMOGWO-S, the one in green indicates the
BMOPSO and the magenta one illustrates the NSGA-II. In
most cases the proposedmethod outperforms the state-of-the-
art methods in terms of both number of selected features and
error rate of classification. For example, in small size datasets
(Breastcancer, HeartEW, WineEW, zoo and Lymphography)
the proposed BMOGWO-S dominates both BMOPSO and
NSGA-II in terms of both number of features and classi-
fication error rate, there are some cases in some solutions
the NSGA-II obtains similar error rate such in HeartEW,
WineEW, and zoo, but BMOGWO-S selected smaller number
of features.

In medium size datasets such as (SpectEW, BreastEW,
IonosphereEW, KrvskpEW and Waveform) comparing the
non-dominated solutions BMOGWO-S with BMOPSO
and NSGA-II, it is observed that mostly in all datasets,
BMOGWO-S accomplished better performance than
BMOPSO and NSGA-II in feature reduction as well as
increasing the accuracy of classification.

In a large size dataset, the superior performance is more
obvious for the proposed BMOGWO-S, specifically in terms
of features selected. For instance, in the Hillvalley dataset, the
number of selected using the proposed method is 18 features
from 100 features while in BMOPSO is 35 features and 36 in
NSGA-II. Although, in PenglungEW dataset, the features
number in BMOPSO and NSGA-II are 126 and 129 respec-
tively, whereas in BMOGWO-S there only 14 features, which
proves that BMOGWO-S further minimized about 95% of the
original features. Similarly, to Musk1 and Madelon dataset.
The results demonstrated that BMOGWO-S can accomplish
superior performance than BMOPSO, and NSGA-II in terms
of feature reduction as well as performance of classification.

Table 3 shows statistical results of the number of selected
features obtained by BMOGWO-S, BMOPSO and NSGA-II.

First, in small datasets, it is obviously shown that except
WineEW, BMOGWO-S attains the smallest average number

of features than BMOPSO and NSGA-II. For Breastcancer,
BMOGWO-S and BMOPSO get similar averages of selected
features however, BMOGWO-S get less classification error
rate. For the rest of small size dataset BMOPSO andNSGA-II
discover a solution with small number features, nevertheless,
their average values are greater than that of BMOPSOFS.
For, medium size datasets, expect BreastEW, BMOGWO-S
attains smallest average number of features than BMOPSO
and NSGA-II. KrvskpEW, BMOGWO-S has the finest aver-
age (8.28) and achieves a solution with the minimum fea-
tures (1).

For large size datasets we can see from Table 3 that all
the five datastets (SonarEW, Hillvalley, Musk1, PenglungE-
Wand Madelon), BMOPSOFS shows superior performance
by achieving the best average of features, as well as produced
a Pareto set with the minimum features for all the remaining
datasets. For Madelon dataset, BMOGWO-S gains a Pareto
set with the minimum features (3), with average of (8.17)
on the Pareto sets which is smaller than that of BMOPSO
(212.29) and NSGA-II (169.6). Therefore, the proposed
BMOGWO-S has a superior performance and outperforms
the state-of-the-art methods in many aspects the average of
the number of features selected, pareto set with minimum
features, as well as minimum classification error rate. From,
Table 3 it’s obvious that, the proposed BMOGWO-S has a
powerful ability in eliminating redundant features compared
with BMOPSO and NSGA-II.

C. COMPUTATIONAL TIME COMPARISON
Table 4 illustrates the average computational time (in
minutes) spent by BMOGWO-S, BMOPSO, and NSGAII
in 20 independent runs. Table 4 clearly shows an out-
standing performance in all datasets when compared to
state-of-the-art methods in terms of computational time, gen-
erally the BMOGWWO-S uses less time than the other
methods. In small size datasets such as (Breastcancer,
HeartEW, WineEW, zoo and Lymphography), BMOGWO-S
can perform runs in comparatively less time, six minutes
or even less. For medium size datasets BMOGWO-S spent
shorter time compared to other algorithms, (e.g. the Iono-
sphere, KrvskpEW and WaveformEW datasets). Inspect-
ing the results on large-scale datasets, it is evident that
BMOGWO-S took a very short time for example, SonarEW,
Hillvalley, Musk1, PenglungEW and Madelon used only,
8.87, 13.32, 19.45, 6.98 and 22.78 minutes respectively
by MOGWO-S, while in BMOPSO used, 15.05, 33.52,
37.88, 33.98 and 47.60 minutes respectively whereas the
NSGA-II took, 11.07, 40.96, 42.11, 35.93 and 43.85 minutes
respectively.

Computational time is more important in large size datasets
than that in small size datasets. BMOGWO-S can complete
the training evolutionary process in very short time while
achieving better results, which in real-world applications rec-
ommends that this approach is a well choice than the other
methods.
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FIGURE 6. Comparison between BMOGWO-S, BMOPSO and NSGA-II.
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TABLE 3. Statistic results on the number of selected features produced by the three algorithms.
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TABLE 3. (Continued.) Statistic results on the number of selected features produced by the three algorithms.

TABLE 4. Computational time comparison (in minutes).

The comparison between all of the implemented algo-
rithms is far because of using the same number of iter-
ations, populations and archive/repository size. BMOPSO
and NSGA-II generally spent more time, due to the cal-
culation of crowding distances and ranking mechanism of
non-dominated. BMOGWO-S does not involve crowding dis-
tances calculation or ranking mechanism but uses a leader
selection mechanism which takes shorter time. Moreover,
during the process of evaluation, a smaller number of features
have been selected by BMOGWO-S as compared to other
algorithms, which resulted in shorter time to be computed
during the classification training in each evaluation, partic-
ularly for the large size datasets.

D. DISCUSSION
The experiments showed that BMOGWO-S can be effec-
tively used for feature selection. BMOGWO-S used several

techniques to sustain the diversity of the leader selection of
wolfs. It also has a controller that controls which solution
to be stored in the archive and a leader selection which is
responsible to select the best solution to keep the diversity
of the wolfs to prevent being trapped in local optima.

The proposed BMOGWO-S shows a superior perfor-
mance and outperforms the benchmarking algorithms in three
aspects, the reduction of features and error rate, as well as the
time of computation. This is due to the special characteristics
of the algorithm since its able to maintain the balancing
of the two important aspects which are the exploration and
exploitation, which leads to the escaping of local optima
stagnation. Another advantage of this algorithm is that it has
fewer parameters comparing to other algorithms. In addition,
it needs small size of memory, because it has only a position
vector which is more helpful for large size dataset in terms
of time consumed, whereas MOPSO has two vector velocity
and position.

The leader selection selects the less crowded portion of the
search space and offers one of its non-dominant solutions,
such as alpha, beta or delta wolves which excluded temporary
to avoid the selection of the same solutions and once the
maximum iteration completed, the best solutions stored in the
archive as non-dominated solutions.

Moreover, another aspect is that the gird mechanism which
is responsible to omit the current solution if the archive
is full and add better solution, which is the opposite in
MOPSO that store the already found solutions leading to the
duplicated of the solutions with is the main reason of the
quick loss of diversity that cause the premature convergence
problem. Similarly, the NSGA-II used the same mechanism
in storing the non-dominated solutions, NSGA-II also used
parameters such as mutation that can significantly influence
the search. However, selecting a single solution from the
obtained non-dominated solution is considered a significant
issue. Two conflicting objectives in the problem of feature
selection, the choice between them is a trade-off, minimiz-
ing the feature subsets and maximizing the performance
classification.
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VI. CONCLUSION AND FUTURE WORK
A binary variant of multi-objective grey wolf optimizer was
proposed to tackle the problem of feature selection in this
paper. Specifically, we considered sigmoid binary transfer
function to transfer the continuous form of MOGWO to its
binary form in order for the algorithm to be suitable for the
task of feature selection. Besides, to evaluate the subset of
features a wrapper Artificial Neural Network (ANN) was
used.

The proposed BMOGOW-S was examined and compared
with three multi-objective methods, one based MOGWO that
used a tanh transfer function and another two popular algo-
rithms namely BMOPSO and NSGA-II on 15 widely used
datasets which have different difficulty.

In addition, the results demonstrated that BMOGWO-S
can attain better non-dominated solution in most cases.
BMOGWO-S outperformed the benchmarking algorithms on
both feature reduction and classification accuracy. Specifi-
cally, for large size datasets with large number of samples
and features, BMOGWO-S attained fewer features and better
error rate and in shorter time compared to other methods.
The study also observed that handling of feature selection
as a problem with more than objective, as BMOGWO-S
can explore the space more efficiently to attain a set of
non-dominated solutions better than treating the problem as a
single solution. Besides, the investigation of the Pareto front
obtained by the multi-objective optimizations can assist users
in selecting their favored solutions that meet the requirements
of their need.

The Pareto front BMOGWO-S is able to attain an optimal
set of features, but there is still a possibility to improve
the attained Pareto fronts. For future studies, we will
further examine the multi-objective grey wolf optimizer
for feature selection problems to better search the Pareto
front of non-dominated solutions. Moreover, other classic
multi-objective techniques such as multi-objective evolution-
ary algorithm based on decomposition (MOEAD) could be
included for comparison with the proposed method. Besides,
we will investigate the use of some operators such as muta-
tions to be integrated on MOGWO for feature selection and
compare the results with the state-of-the-art methods.
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