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Abstract
Grey wolf optimizer (GWO) is an effective
meta-heuristic technique which has been widely
utilized to solve numerical optimization as well
as real-world applications. However, GWO has
some shortcomings, i.e., low solution accuracy, slow
convergence, and easy stagnation at local optima
in solving complex problems. To tackle these
shortcomings, an enhanced GWO called EGWO
is developed in this study. This enhancement is
achieved by embedding three novel strategies into
the basic GWO to improve its performance. Firstly,
a new transition mechanism is designed instead
of the original strategy to obtain a good transition
from the exploration to exploitation. Secondly,
the cuckoo search algorithm is introduced for
the decision layer individuals (α, β, and δ)
to further improve the local search capability.
Thirdly, an adaptive position search equation
is proposed by using a dynamical parameter to
generate new potential candidate position. The
effectiveness of EGWO is verified on 25 classical
benchmarks, three engineering problems, and 16
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feature selection problems. The results show that
EGWO performs better than the original GWO and
other meta-heuristic methods in terms of solution
accuracy and convergence speed.
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1 Introduction
During the past few decades, many meta-heuristic
based methods have been suggested in the literature
andwidely used to solve various function optimization
and real-world applications [1, 2]. In this article,
we concentrated on the grey wolf optimizer (GWO),
which proposed byMirjalili et al. [3]. The main reason
to study the GWO is its special search mechanism,
which is the leadership hierarchy of wolf swarm.
During the past few years, GWO has received widely
concerned by researchers and has been widely utilized
for solving many real-world applications such as
community detection [3], parameter extraction of PV
models [4], feature selection [5], Optimal reactive
power dispatch [6], power scheduling problem [7],
data clustering [8], engineering problem [9],wind
speed forecasting [10], imaging segmentation [11, 12],
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path planning of UAVs [13], diagnosis of diabetes
diseases [14], economic load dispatch [15], unit
commitment problem [16], parameter identification
of fuel cell [17], and many others [18].

Although the GWO has been widely applied to many
real-world applications arising in various areas, some
studies [19] indicate that its search performance will
be reduced when applying to solve complex problems.
To improve the search performance of GWO, many
GWO variants have been developed in the literature.
In the GWO, the conversion factor plays a crucial role
in transition from global search to the local search
processes. Thus, one active research interest is to study
the conversion factor of the GWO. Several nonlinear
strategies of the parameter have been suggested to
achieve a good trade-off between global search and
local search [20–23]. Compared with the basic GWO,
these variants have performed well on benchmark test
problems. In addition, the position search equation
of the GWO is utilized to produce the new candidate
solution based on the information of the decision layer
individuals (α, β, and δ wolves). This equation is
good at local search, but poor at global search. So, the
motivation of modifying position search equation is to
enhance its global search capability. Several modified
versions of the position search equation have been
developed to improve the exploration capability of
the GWO [23, 24]. These modifications have obtained
the better performance on benchmark optimization
tasks as well as application problems. Due to different
algorithms have different search characteristics, a
straightforward idea is to hybridize GWO with other
algorithms. Therefore, various hybrid algorithms
based on the GWO and other meta-heuristic methods
such as cuckoo search (CS) [25], gravitational search
algorithm (GSA) [26], particle swarm optimization
(PSO) [27], naked mole-rat algorithm (NMRA) [28],
crow search algorithm (CSA) [29], genetic algorithm
(GA) [30], Dragonfly Algorithm (DA) [31], flower
pollination algorithm (FPA) [32], whale optimization
algorithm (WOA) [33], Shuffled Frog Leaping
Algorithm (SFLA) [34], multi-verse optimizer
(MVO) [35] have been proposed in the literature.
The experimental results indicated that these hybrid
algorithms show well performance on benchmark
functions as well as real-world application problems
in terms of solution accuracy and convergence speed.
Moreover, several new operators are introduced
to enhance the search performance of the basic
GWO algorithm. For example, there are the
opposition-based learning [36], refraction- based

learning [37], Lévy flight [20], random walk [38],
mutation operator [39], evolutionary operator [40],
astrophysics operator [41], and many others [42–44].
The above mentioned variants have tried to enhance
the performance of the GWO by introducing the new
mechanisms, there are still in some cases such as
for complicated problems with high dimensionality
and high nonlinearity, the algorithm suffers from the
premature convergence and low accuracy. Moreover,
the “No-free- lunch” theorem pointed that there
is no any optimization algorithm which is used to
solve all optimization problems. Motivation of these
considerations, this study developed a novel GWO
called multi-strategies enhanced grey wolf optimizer
(EGWO). More specifically, the main contributions of
our work are summarized:
• An enhanced grey wolf optimizer (EGWO) based

on multi-strategies is developed for solving
the function optimization and feature selection
problems.

• A novel transition rule based on the nonlinear
function is designed to achieve a better balance
between exploration and exploitation.

• The cuckoo search algorithm is introduced for the
current decision layer wolves to further accelerate
the convergence.

• An adaptive position search equation by
introducing a dynamic parameter is proposed to
produce the promising candidate solution and
improve the diversity of algorithm.

• We investigate the effectiveness and efficiency of
EGWO using 25 classical benchmark functions,
three engineering design, and 16 feature selection
problems.

The rest of our study is structured as follows. Section 2
describes the basic GWO algorithm. Section 3 explains
the implementation of three modified strategies.
Section 4 tests the performance on different problems.
Finally, Section 5 summarizes the conclusions of this
study.

2 Grey wolf optimizer
GWO simulates the leadership hierarchy
characteristics and the hunting behavior of grey
wolves. In GWO, the individuals in the population
are divided into four categories, i.e., α wolf is the
best individual in the population, β wolf represents
the second best individual, δ wolf denotes the
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third best individual, and ω wolves represent the
other individuals in the population. The leadership
hierarchy characteristics of grey wolves are given in
Figure 1.

Figure 1. Leadership hierarchy characteristics of grey
wolves.

In GWO, the following Eqs. (1) - (3) are introduced to
model the encircling characteristic

X(t+ 1) = Xp(t)−A(t) · |C(t) ·Xp(t)−X(t)| (1)
A(t) = 2 · a(t) · r1 − a(t) (2)
C(t) = 2 · r2 (3)

where X indicates the wolf position, Xα denotes the
prey position, t indicates the iterative number, A and
C are the coefficient factors, r1 and r2 are the random
number. The a is also called transition parameter and
is calculated by

a(t) = 2− 2 ·
(
t

T

)
(4)

where T indicates the maximum iterative number.

In the GWO, supposing that the decision layer
individuals (i.e., α, β, and δ wolves) have enough
capability for hunting the prey. Therefore, the other
greywolves in the population are attracted towards the
decision layer individuals region and themathematical
model of the hunting characteristic is provided as
follows.

Y1 = Xα(t)−Aα(t) · |Cα(t) ·Xα(t)−X(t)| (5)
Y2 = Xβ(t)−Aβ(t) · |Cβ(t) ·Xβ(t)−X(t)| (6)
Y3 = Xδ(t)−Aδ(t) · |Cδ(t) ·Xδ(t)−X(t)| (7)
X(t+ 1) = (Y1 + Y2 + Y3)/3 (8)

where Xα, Xβ and Xδ represent the position of the
α, β, and δ wolves, the calculations of Aα, Aβ, and Aδ
are similar to A, the calculations of Cα, Cβ, and Cδ are
similar to C.
Algorithm 1 introduces the step-wise explanation of
the original GWO.

Algorithm 1: Pseudo code of original GWO
Initialize the population of grey wolves
Initialize the parameters
Calculate the function values of each individual
Xα: the best individual
Xβ : the second best individual
Xδ: the third best individual
t← 0
while t < T do

Update the position of each individual by
using Eq. (8)
Update the transition parameter a by using Eq.
(4)
Calculate the function values of each
individual
Update Xα, Xβ , and Xδ

t← t+ 1

end
Return Xα

3 Multi-strategies enhanced GWO algorithm
Despite the GWO is quite efficient for exploring the
new unknown regions of the search space, however, it
has some shortcomings namely low solution accuracy,
unbalanced exploitation, and easy to trap into local
optima when solving complex optimization problems.
Therefore, the goal of this paper is to develop a
novel variant for improving the search performance
of the original GWO. Our study does not change
the framework of the original GWO, and improves
the performance of the GWO by embedding three
strategies, namely the nonlinear transition parameter
α, the cuckoo search algorithm and the adaptive
position search equation.
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3.1 Nonlinear transition parameter
The search capability of a meta-heuristic algorithm
depends on how achieve a good balance between
diversity and convergence over the optimization
process. In the original GWO, the parameter a is
called to the transition parameter, plays a crucial role
while coordinating between diversity and convergence.
However, in GWO, the parameter a is varied linearly
over the iterative process of the algorithm, while many
optimization problems require nonlinearly vary in the
global and local search properties of an algorithm
to escape from the locally optimal solutions. Thus,
a potential research interest is to design the new
transition parameter a rules in the GWO for boosting
its search performance. In the literature, various
modified strategies of the transition parameter a have
been suggested [21–23]. In the original GWO, the
larger values of a(> 1) facilitates to the global search,
while the smaller values of a(< 1) is helpful for
the local search of the solution space. Selecting an
appropriate value of a is important to achieve a good
balance between global search and local search of
GWO. Due to the fact that the evolution iterative
process of GWO is nonlinear and highly complicated,
the linearly decrease transition rule of a cannot truly
reflect the actual optimization process. Additionally,
the aim of this study is to utilize longer time for
local search process as compared to the global search
process. Therefore, this paper presents a novel
nonlinear decrease transition rule of a and is given
by:

a(t) = astart−(astart−aend)·cos

((
1− t

T

)
× π

2

)
(1)

where astart and aend are the initial and end values of
the transition parameter a, t indicates the iterative
number, and T denotes the maximum iterative
number.
Compared with the original linear strategy described
by Eq. (4) in the basic GWO, the nonlinear decrease
transition rule of a described by Eq. (9) is more
concentrated on the local search. Figure 2 shows the
comparison graph of the proposed nonlinear transition
rule and the original linear strategy.
FromFigure 2 andEq. (4), in the basicGWO, half of the
iterations numbers are used to global search (a > 1),
and the other half of the iterations numbers are focused
on local search (a < 1) [22]. As seen from Figure 2
and Eq. (9), the values of the presented nonlinear

Figure 2. Comparison of two transition parameters.

transition parameter a are small (a < 1) in the middle
and late stages of search, which indicates that it is
focused on the local search for a long time (about
66% of the total iteration numbers) as compared to
the global search process. Figure 2 also demonstrates
that the presented nonlinear transition parameter a is
concentrated on the global search only for about 34%
iterations.

3.2 Cuckoo search algorithm
The cuckoo search (CS) algorithm is an effective
nature-inspired meta-heuristic optimization technique
which simulates the obligate brood parasitism
characteristics of cuckoos [45]. In the CS algorithm, a
cuckoo indicates a individual of the search space. In
the search process of CS, a new individual is produced
by using Lévy flight (LF) operator [46]:

Xi(t+ 1) = Xi(t) + γ ⊕ Levy(λ) (10)
γ = γ0 · (Xi(t)−Xi(t)) (11)

where X(t) represents the current individual at
t generation, γ0 denotes a constant number in
[0.001 0.01], Ẋi(#) indicates the randomly selected
individual from the population,⊕ represents the entry
wise multiplication, the Lévy(λ) is a random walk,
in which the random step size S is derived from a
Lévy distribution, and the λ indicates the Lévy flight
exponent:

Levy(λ) =
λ · Γ(λ) sin(πλ/2)

π
· 1

S1+λ
(12)

S =
u

|v|1/λ
(13)
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where u and v are the constant numbers and obey with
Gaussian normal distribution.

u ∼ N(0, σ2u), v ∼ N(0, σ2v) (14)

σu =

[
Γ(1 + λ) · sin(πλ/2)

2(λ−1)/2 · Γ(1 + λ)/2! · λ

]1/λ
, σv = 1 (15)

where Γ(·) represents the standard Gamma function.
A fraction Pa (abandon probability) of the worst
individuals is abandoned and new individuals are
produced.

Xi(t+ 1) = Xi(t) + γ0 ⊕H(Pa − r)⊕ (Xi(t)−Xk(t))
(16)

where r is a randomnumber,H is a Heaviside function,
Ẋk is randomly selected individual from population.
Algorithm 2 outlines the pseudo code of the original
CS algorithm.

Algorithm 2: Cuckoo search (CS) algorithm
Initialize the population of nests
Initialize the parameters
Calculate the fitness of each individual
Determine the best nest (Xmax) and the best
fitness (Fmax)
t← 0
while t < T do

Generate a new solution by using Eq. (10)
Evaluate the fitness of each individual
Select randomly two individuals (say j and k)
A fraction Pa of worse nests are abandoned
and new nests are generated by using Eq. (16)
Update the best nest and the best fitness
t← t+ 1

end
Return Xmax and Fmax

3.3 Adaptive position search equation
The meta-heuristic method is designed to achieve a
tradeoff between convergence and diversity in the
process of global optimization. This tradeoff is very
crucial to the successful execution of optimization
technique. In the basic GWO, the other wolves in the
population are attracted by α, β, and δ wolves, and
theymay easily fall into the local optima due to the lack
of diversity among individuals and the over-learning
from the global optimal individual found to date.
Based on the position search equation of GWO shown
in Eq. (8), a new candidate search agent is produced

by moving the position of the current wolf toward the
α, β, and δ wolves. Thus, the position search equation
described by Eq. (8) is beneficial to convergence
but the diversity is poor [23, 24]. Many attempts
have also been suggested that the modified position
search equation is one of the effective techniques
for improving the search performance of GWO [19].
Different from the previousworks, this paper designed
a novel adaptive position search equation and the
detailed explanations are as follows.
As seen from Eq. (8), the new candidate search
agent is produced by between the global optimal
solution (αwolf) and the old one. This position search
equation may be efficient in earlier iterations. The
reasons are as follows. In general, the population
has a good diversity in the early stage of evolution
search. The good diversity means that the population
has strong capability to explore the entire search
space [19]. Accelerate convergence is one of the main
objective of this stage. The Eq. (8) can achieve this
goal. Moreover, in the original GWO, the personal
historical best information (pbest) has not been fully
utilized [23]. Consequently, in this paper, the new
candidate individual generated by using the global
best individual (X) and the personal historical best
(pbest), and design a novel self-adaptive position
search equation, i.e.,

X(t+1) = b×(Y1+Y2+Y3)/3+(1−b)×(Xpbest(t)−X(t))
(17)

where Xpbest represents the personal historical best
position of X , and b ∈ [0, 1] is a control parameter.
To convert dynamically the search ability of Eq. (17),
the control parameter b is calculated by:

b(t) = 1− t

T
(18)

where T represents the total iteration numbers.
Compared with the position search Eq. (8) in
the original GWO algorithm, the proposed position
search Eq. (17) has two different features: 1) The
individual learns not only from its own information
but also from the information of the other individual
in the population; and 2) The control parameter b is
introduced to adjust adaptive the search performance
of the Eq. (17).
In summary, the flow chart of EGWO algorithm is
provided in Figure 3.
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Figure 3. The flow chart of the proposed EGWO algorithm.

4 Experimental Results
To investigate the effectiveness and feasibility of
EGWO, a set of experiments are conducted. Firstly,
the EGWO is applied to solve the classical benchmark
test functions. Then, engineering design problems
are applied to further verify the overall performance.
Finally, EGWO is utilized for solving the feature
selection problems.

4.1 EGWO for classical benchmark test functions
In this subsection, 25 classical benchmark test functions
are used for experiments. The detailed characteristics
of 25 functions are given in Table 1. These selected
problems can be divided into two categories: unimodal

and multimodal functions. The unimodal functions
(f1-f12) have only one global optimal solution and no
local optimal solution. They are suitable to test the
local exploitation capability of algorithm. Conversely,
multimodal functions (f13-f25) are usually utilized to
investigate the global search ability of algorithm since
they have many local optimal solutions [19].

4.1.1 Compared with the basic GWO algorithm
The results of EGWO are compared with the
basic GWO algorithm on low dimensional classical
benchmark functions. For two algorithms, the
population number is N = 30 and the total iteration
number is 500. The other parameters of two algorithms
are provided: in GWO, a is linearly decreased from 2 to
0; in EGWO, astart = 2, aend = 0, b is linearly decreased
from 1 to 0.
Table 2 shows the best, mean, worst, and standard
deviation (St.dev) values obtained by EGWO and
GWO on 25 classical benchmark problems in Table 1.
The dimension of each function is set to 30. Two
algorithms independently run 30 times to reduce the
error.
To ensure experimental reproducibility, the main
parameter settings of all compared algorithms are
summarized as follows:
For WPSO, the population size N = 30, inertia weight
ω decreases linearly from 0.9 to 0.4, and acceleration
coefficients c1 = c2 = 2.0. For CMAES, the population
size is set to 4 + 3 log(D) and the learning rate
parameters follow its standard implementation. For
ODE, the scaling factor F = 0.5 and crossover rate
CR = 0.9. For WOA and HHO, the control coefficients
are set according to their original papers. For mGWO
and MGWO, the nonlinear coefficient and memory
update rule are used as defined in their respective
publications. All algorithms are executed with the
same population size and iteration number to ensure
fairness of comparison.
As seen from Table 2, EGWO obtains the theoretical
optima (0) for eleven test problems (i.e., f5, f6, f9,
f12, f13, f15, f18, f19, f22, f23, and f25). Compared
with the original GWO algorithm, EGWO finds the
better results on 20 benchmark test functions. For f5,
f15, f18, f22, and f23, the similar results are obtained
by EGWO and GWO. In addition, Figure 4 plots the
convergence graphs of EGWO and GWO on twelve
representative problems with 30 dimensions. From
Figure 4, compared with the basic GWO algorithm,
EGWO gets higher solution accuracy and faster
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Table 1. The 25 classical benchmark test functions.

Function equation Domain fmin

f1(x) =
∑D

i=1 x
2
i [-100, 100]D 0

f2(x) =
∑D

i=1 |xi|+
∏D
i=1 |xi| [-10, 10]D 0

f3(x) =
∑D

i=1(
∑i

j=1 xj)
2 [-100, 100]D 0

f4(x) = max{|xi|, 1 ≤ i ≤ D} [-100, 100]D 0

f5(x) =
∑D

i=1(xi + 0.5)2 [-100, 100]D 0

f6(x) =
∑D

i=1 ix
4
i [-1.28, 1.28]D 0

f7(x) =
∑D

i=1 ix
4
i + random[0, 1) [-1.28, 1.28]D 0

f8(x) =
∑D

i=1−x2i [-10, 10]D 0

f9(x) =
∑D

i=1 |xi|i+1 [-1, 1]D 0

f10(x) =
∑D

i=1(106)
i−1
D−1x2i [-100, 100]D 0

f11(x) = x21 + 106 ·
∑D

i=2 x
6
i [-100, 100]D 0

f12(x) = 106 · x21 +
∑D

i=2 x
6
i [-1, 1]D 0

f13(x) =
∑D

i=1[x
2
i − 10 cos(2πxi) + 10] [-5.12, 5.12]D 0

f14(x) = −20 exp(−0.2
√

1
D

∑D
i=1 x

2
i )− exp( 1

D

∑D
i=1 cos(2πxi)) + 20 + e [-32, 32]D 0

f15(x) = 1
4000

∑D
i=1 x

2
i −

∏D
i=1 cos( xi√

i
) + 1 [-600, 600]D 0

f16(x) =
∑D

i=1[xi · sin(xi) + 0.1 · xi] [-10, 10]D 0

f17(x) = sin2(πx1)+
∑D−1

i=1 [x2i · (1+10 sin2(πx1))+(xi−1)2 · sin2(2πxi)] [-10, 10]D 0

f18(x) = 0.1D − (0.1
∑D

i=1 cos(5πxi)−
∑D

i=1 x
2
i ) [-1, 1]D 0

f19(x) =
∑D

i=2

(
0.5 +

sin2(
√

100x2i−1+x
2
i )−0.5

1+0.001(x2i−1−2xi−1xi+x2i )
2

)
[-100, 100]D 0

f20(x) = 0.1(sin2(3πx1)+
∑D−1

i=1 (xi−1)2(1+sin2(3πxi+1))+(xD−1)2(1+
sin2(2πxD)))

[-5, 5]D 0

f21(x) =
∑D

i=1(0.2x
2
i + 0.1x2i · sin(2xi)) [-10, 10]D 0

f22(x) = (−1)D+1
∏D
i=1 cos(xi) · exp[−

∑D
i=1(xi − π)2] [-100, 100]D 0

f23(x) =
∑D

i=1[x
2
i + 2x2i+1 − 0.3 cos(3πxi)− 0.4 cos(4πxi+1) + 0.7] [-15, 15]D 0

f24(x) =
∑D−1

i=1 (x2i + 2x2i+1)
0.25 · ((sin 50(x2i + x2i+1)

0.1)2 + 1) [-10, 10]D 0

f25(x) =
∑D

i=1 x
6
i · (2 + sin 1

xi
) [-1, 1]D 0

convergence speed.

4.1.2 Scalability test
Moreover, the EGWO is applied for solving the
25 classical benchmark test functions with higher
dimensions (i.e., 100 and 1000 dimensions) to further
investigate its scalability. In this experiment, the
same parameter settings as before are used. The best,
mean, worst, st.dev results of EGWO and GWO on

25 problems with high dimensionality are outlined in
Tables 3 and 4.

From Tables 3 and 4, EGWO shows quite excellent
scalability for the search dimensions on all the
functions in Table 1. That is to say, the overall
performance of the proposed EGWOdoes not seriously
deteriorate. It must be emphasized that a function
with 1000 dimensions is very challenging for GWO.
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Table 2. Comparisons of EGWO and GWO on 25 classical problems with 30 dimensions in Table 1.

Function GWO EGWO
Best Mean Worst St.dev Best Mean Worst St.dev

f1 4.18E-28 1.07E-27 2.30E-26 1.00E-26 1.42E-202 1.37E-201 3.90E-201 0
f2 3.37E-17 6.23E-17 9.49E-17 2.70E-17 5.19E-103 2.08E-102 5.75E-102 2.20E-102
f3 1.04E-06 2.98E-05 1.02E-04 4.21E-05 7.30E-185 1.46E-183 6.39E-183 0
f4 1.81E-07 6.61E-07 2.05E-06 7.89E-07 1.31E-97 2.42E-96 5.82E-96 1.29E-96
f5 0 0 0 0 0 0 0 0
f6 1.65E-53 3.02E-52 5.90E-52 2.41E-52 0 0 0 0
f7 1.22E-03 2.13E-03 2.83E-03 6.08E-04 1.02E-05 6.48E-05 1.02E-04 3.80E-05
f8 8.83E-30 9.37E-29 5.59E-28 2.29E-28 1.18E-203 9.67E-202 4.26E-201 0
f9 1.45E-106 2.08E-98 1.04E-97 4.65E-98 0 0 0 0
f10 4.03E-25 1.09E-24 1.70E-24 4.91E-25 7.08E-200 4.38E-198 1.69E-197 0
f11 1.15E-53 2.76E-51 5.70E-51 2.62E-51 9.87E-294 1.05E-287 5.21E-287 0
f12 1.13E-69 3.96E-65 2.91E-64 1.27E-64 0 9.24E-299 1.35E-298 0
f13 5.68E-14 1.91E+00 5.95E+00 2.75E+00 0 0 0 0
f14 7.90E-14 9.97E-14 1.15E-13 1.73E-14 8.88E-16 8.88E-16 8.88E-16 0
f15 0 0 0 0 0 0 0 0
f16 2.21E-16 2.07E-04 9.04E-04 3.94E-04 6.40E-104 1.39E-95 6.96E-95 3.11E-95
f17 5.19E-30 5.26E-29 2.15E-28 8.95E-29 9.74E-204 2.09E-203 6.52E-203 0
f18 0 0 0 0 0 0 0 0
f19 1.05E+01 1.12E+01 1.16E+01 4.57E-01 0 0 0 0
f20 1.51E-32 2.32E-31 8.07E-31 3.24E-31 2.40E-206 4.78E-205 1.40E-204 0
f21 2.37E-31 1.34E-30 2.55E-30 9.07E-31 2.94E-204 2.53E-203 8.00E-203 0
f22 0 0 0 0 0 0 0 0
f23 0 0 0 0 0 0 0 0
f24 1.59E-07 5.24E-07 8.23E-07 2.45E-07 7.96E-51 1.35E-50 2.10E-50 5.17E-51
f25 2.13E-69 2.36E-64 5.38E-64 2.37E-64 0 0 0 0

The reason is that it does not use the specific search
strategies customized to deal with high-dimensional
optimization problems. Compared with the low
dimensions functions (i.e., 30 dimensions), the
overall performance of the original GWO has
been deteriorated on most problems with high
dimensionality (100 and 1000 dimensions). In other
words, the original GWO algorithm cannot effectively
and efficiently deal with the high dimensional
optimization problems. Meanwhile, the search
performance of the proposed EGWO is significantly
better than the original GWO on all the functions with
100 and 1000 dimensions except for f5 and f22. The
similar results are obtained by EGWO and GWO on

functions f5 and f22.
Moreover, Figures 5 and 6 plot the convergence graphs
of EGWO and GWO on 12 representative benchmark
problems with 100 and 1000 dimensions, respectively.
As can be seen from Figures 5 and 6, EGWO shows
very better performance than GWO on all the 12
representative functions for solution accuracy and
convergence speed.

4.1.3 Compared with the other algorithms
To further investigate its effectiveness, the proposed
EGWO is applied to comparewith the other algorithms
such as Weighted PSO (WPSO) [47], Covariance
Matrix Adaptation Evolution Strategy (CMAES) [48],
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Figure 4. Convergence graphs of EGWO and GWO on 12 representative functions with 30 dimensions.

Figure 5. Convergence graphs of EGWO and GWO on 12 representative functions with 100 dimensions.

Opposition-based DE (ODE) [49], whale optimization algorithm (WOA) [50], Harris hawks optimizer
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Table 3. Comparisons of EGWO and GWO on 25 classical benchmark functions with 100 dimensions in Table 1.

Function GWO EGWO
Best Mean Worst St.dev Best Mean Worst St.dev

f1 2.77E-13 1.43E-12 3.06E-12 1.25E-12 1.93E-190 1.88E-189 3.28E-189 0
f2 2.27E-08 4.02E-08 7.20E-08 1.79E-08 6.39E-97 9.07E-97 1.43E-96 3.45E-97
f3 7.18E+01 3.87E+02 1.13E+03 4.32E+02 7.26E-177 1.49E-175 4.48E-175 0
f4 7.85E-02 8.35E-01 1.77E+00 6.70E-01 2.97E-92 8.89E-92 1.80E-91 5.67E-92
f5 0 0 0 0 0 0 0 0
f6 1.03E-26 1.58E-25 4.21E-25 1.79E-25 0 0 0 0
f7 2.40E-03 5.99E-03 7.93E-03 2.14E-03 2.29E-05 3.36E-05 4.90E-05 9.86E-06
f8 5.41E-14 4.60E-13 1.22E-12 4.94E-13 4.61E-191 1.54E-189 4.17E-189 0
f9 2.60E-79 4.32E-62 2.16E-61 9.66E-62 0 0 0 0
f10 1.09E-09 2.46E-09 3.86E-09 7.44E-10 4.83E-187 8.78E-186 1.28E-185 0
f11 3.02E-19 1.33E-17 4.04E-17 1.83E-17 1.46E-279 3.03E-273 1.43E-272 0
f12 4.35E-37 4.13E-34 1.75E-33 7.81E-34 0 2.94E-291 1.88E-290 0
f13 6.74E+00 1.09E+01 1.57E+01 3.73E+00 0 0 0 0
f14 6.86E-08 9.21E-08 1.22E-07 2.46E-08 8.88E-16 8.88E-16 8.88E-16 0
f15 4.23E-13 8.80E-03 2.73E-02 1.26E-02 0 0 0 0
f16 6.45E-04 3.40E-03 8.90E-03 3.18E-03 1.25E-97 2.84E-93 1.42E-92 6.35E-92
f17 1.60E-13 1.67E-12 5.45E-12 2.30E-12 3.01E-192 5.80E-191 1.10E-190 0
f18 2.13E-14 3.09E-14 3.91E-14 7.71E-15 0 0 0 0
f19 4.50E+01 4.52E+01 4.54E+01 1.56E-01 0 0 0 0
f20 2.39E-16 7.03E-16 2.00E-15 7.08E-16 3.42E-193 1.68E-192 3.79E-192 0
f21 1.11E-15 6.88E-15 1.34E-14 5.07E-15 1.94E-192 8.63E-192 1.34E-191 0
f22 0 0 0 0 0 0 0 0
f23 2.95E-13 1.29E-12 2.67E-12 1.03E-12 0 0 0 0
f24 1.73E-01 2.85E-01 3.99E-01 8.20E-02 9.38E-48 1.62E-47 2.02E-47 4.54E-48
f25 1.29E-36 3.04E-34 8.76E-34 3.60E-34 0 0 0 0

(HHO) [51], modified GWO (mGWO) [22], and
Memory GWO (MGWO) [52]. The parameter
settings of these methods are the same as their
corresponding literatures. In these algorithms,
the WPSO, CMAES, and ODE are the well-known
meta-heuristic optimization techniques, while the
WOA, HHO, mGWO, and MGWO are the relatively
new meta-heuristic methods. In this experiment, 25
classical problems are chosen from Table 1 to verify
the performance of the compared algorithms. The
dimensions of the selected problems are 30. To a fair
comparison, the population number is 30, and the
total iterative number is 500. The statistical results
(mean and st.dev) of eight algorithms on 25 classical

benchmark functions are given in Table 5. Moreover,
according to the average results of each problem, the
Wilcoxon’s rank sum test results of EGWO and the
selected methods are also outlined in Table 5. The
symbol of “+”, “≈”, and “-” indicate that the overall
performance of EGWO is superior to, similar to, and
inferior to the corresponding algorithms in Table 5.
The best result of each function is highlighted in bold.
As seen in Table 5, compared with WPSO and CMAES,
EGWO obtains the better mean and st.dev values
on all the functions except for f5 and f22. The
similar results are obtained by EGWO, WPSO, and
CMAES algorithms on two functions (i.e., f5 and
f22). Compared to ODE, EGWO gets the better
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Table 4. Comparisons of EGWO and GWO on 25 classical benchmark functions with 1000 dimensions in Table 1.

Function GWO EGWO
Best Mean Worst St.dev Best Mean Worst St.dev

f1 1.85E-01 2.24E-01 2.47E-01 2.43E-02 1.23E-180 8.07E-180 2.23E-179 0
f2 3.62E-01 5.20E-01 7.79E-01 1.66E-01 1.03E-92 4.41E-92 3.54E-92 1.45E-92
f3 6.35E+05 1.35E+06 2.05E+06 5.32E+05 3.42E-168 1.78E-167 3.23E-167 0
f4 7.41E+01 7.66E+01 7.87E+01 1.91E+00 5.13E-88 2.67E-87 8.35E-87 3.14E-87
f5 0 0 0 0 0 0 0 0
f6 3.11E-06 6.02E-06 9.58E-06 2.62E-06 0 0 0 0
f7 1.20E-01 1.65E-01 2.48E-01 5.27E-02 2.20E-06 5.67E-05 1.49E-04 5.82E-05
f8 7.20E-01 9.57E-01 1.49E+00 3.04E-01 8.72E-181 8.04E-180 2.35E-179 0
f9 3.44E-06 6.09E-03 2.42E-02 1.03E-02 0 0 0 0
f10 5.34E+02 7.17E+02 9.10E+02 1.34E+02 1.75E-177 6.69E-177 2.04E-176 0
f11 1.69E+07 2.38E+08 9.58E+08 4.08E+08 6.56E-266 1.12E-261 5.19E-261 0
f12 2.60E-11 1.59E-10 6.25E-10 2.49E-10 1.22E-284 3.12E-279 8.98E-279 0
f13 1.73E+02 1.90E+02 2.22E+02 2.07E+02 0 0 0 0
f14 1.64E-02 1.73E-02 2.34E-02 1.90E-03 8.88E-16 8.88E-16 8.88E-16 0
f15 1.39E-12 1.69E-02 1.85E-02 1.80E-03 0 0 0 0
f16 2.48E-01 4.58E-01 1.25E+00 4.43E-01 3.70E-93 7.91E-93 1.23E-92 3.34E-93
f17 1.26E+01 3.43E+02 1.78E+03 6.87E+02 1.81E-182 7.45E-182 1.91E-181 0
f18 9.81E-05 1.83E-04 2.87E-04 7.43E-05 0 0 0 0
f19 4.85E+02 4.87E+02 4.89E+02 1.62E+00 0 0 0 0
f20 1.65E-04 7.43E-04 2.40E-03 9.60E-04 1.73E-184 6.76E-184 1.22E-183 0
f21 6.03E-04 1.13E-03 1.77E-03 4.73E-04 1.42E-183 1.04E-182 1.46E-182 0
f22 0 0 0 0 0 0 0 0
f23 2.67E-01 4.79E+00 1.28E+01 4.78E+00 0 0 0 0
f24 7.27E+01 8.24E+01 9.25E+01 5.90E+00 2.30E-45 3.49E-45 4.94E-45 1.07E-45
f25 6.00E-10 5.81E-09 1.08E-08 4.32E-09 0 0 0 0

and similar values on 21 and four problems (i.e., f5,
f15, f22, and f23), respectively. The performance of
EGWO is much better than WOA and MGWO for 19
problems. In addition, the similar results are provided
by EGWO, WOA, and MGWO on functions f5, f13,
f15, f18, f22, and f23. The overall performance of
EGWO is superior to the HHO algorithm on seventeen
benchmark functions. For f5, f13-f15, f18, f22, f23, and
f25 functions, EGWO andHHO find the similar results.
The search performance of EGWO is much better than
mGWO on 20 benchmark functions. However, the

similar results are provided on five test functions (i.e.,
f5, f15, f18, f22, and f23).

Moreover, the total Friedman’s rank results of each
algorithm for each function are shown in Figure 7
according to the average errors of the fitness function
values. From Figure 7, the EGWOobtains the first rank,
followed by the HHO, MGWO, WOA, mGWO, ODE,
CMAES, and WPSO.
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Figure 6. Convergence graphs of EGWO and GWO on 12 representative functions with 1000 dimensions.

Figure 7. Mean Friedman test ranks of eight algorithms on
25 benchmark functions with 30 dimensions.

4.2 EGWO for engineering optimization problems
Although EGWO has shown excellent performance
on benchmark functions, it is necessary to investigate
its effectiveness on engineering problems. Thus,
three well-known engineering design problems are
used to verify the effectiveness of EGWO. These
problems are the constrained optimization problems.

How to handle constraints is an important issue
when applying EGWO to solve these engineering
optimization problems. This paper introduces the
Deb’s feasibility-rule [53] to deal with constraints.

4.2.1 Compression/tension spring design problem
This problem considers a compression/tension spring
structure which is shown in Figure 8. The goal of this
problem is to obtain the minimum weight of a spring
subject to three nonlinear constraints. This problem
has three decision variables namely wire diameter
d(x1), coil diameter D(x2), and the number of active
coils P (x3).

Figure 8. The structure of compression/tension spring
design problem.

The formulation of this problem is defined as

minimize f(X) = (x3 + 2)x2x
2
1, X = [x1, x2, x3]

62



Journal of Mathematics and Interdisciplinary Applications

Table 5. Comparisons of EGWO and other seven algorithms on 25 classical functions in Table 1.
Function Index WPSO CMAES ODE WOA HHO mGWO MGWO EGWO

f1
Mean 3.19E-04 1.73E-05 7.10E-36 1.59E-73 1.14E-99 2.30E-36 6.02E-54 1.37E-201
Std 2.22E-04 5.49E-06 8.58E-36 2.70E-73 2.50E-99 3.57E-36 5.75E-54 0

f2
Mean 3.96E-03 6.03E-03 3.88E-20 1.46E-50 5.72E-52 7.32E-22 9.46E-32 2.08E-102
Std 2.33E-03 2.93E-03 4.74E-20 3.26E-50 1.17E-51 3.37E-22 6.90E-32 2.20E-102

f3
Mean 5.05E-04 3.10E-05 4.85E-36 5.19E-04 5.13E-82 5.29E-06 2.00E-16 1.46E-183
Std 4.92E-04 1.96E-05 8.63E-36 2.02E-04 1.13E-81 1.18E-05 4.37E-16 0

f4
Mean 3.45E+00 3.31E-02 5.85E-13 4.36E-01 4.77E-51 1.38E-09 1.85E-17 2.42E-96
Std 5.88E-01 7.06E-02 3.55E-13 2.84E-01 1.01E-50 3.53E-10 6.95E-18 1.29E-96

f5
Mean 0 0 0 0 0 0 0 0
Std 0 0 0 0 0 0 0 0

f6
Mean 5.90E-11 8.32E-16 1.07E-67 2.64E-12 1.23E-19 1.82E-63 1.43E-91 0
Std 8.15E-11 1.06E-15 2.38E-67 5.74E-12 0 3.11E-63 3.19E-91 0

f7
Mean 2.13E-02 1.25E-01 3.88E-03 2.31E-03 6.87E-05 1.74E-03 6.02E-04 6.48E-05
Std 9.29E-03 1.36E-01 1.35E-03 2.71E-03 7.19E-05 8.44E-04 2.13E-04 3.80E-05

f8
Mean 4.91E-05 1.43E-05 1.21E-37 7.60E-77 2.52E-98 2.22E-37 2.01E-53 9.67E-202
Std 2.02E-05 1.09E-05 1.76E-37 1.69E-76 5.63E-98 1.53E-37 4.01E-53 0

f9
Mean 1.68E-23 3.87E-08 3.00E-11 1.16E-10 1.75E-12 7.70E-12 3.32E-18 0
Std 2.21E-23 2.53E-08 6.71E-11 2.19E-10 2.70E-12 1.70E-12 0 0

f10
Mean 1.24E+00 1.20E-06 5.55E-33 2.42E-72 6.51E-98 5.63E-33 9.18E-51 4.38E-198
Std 9.96E-01 4.01E-05 7.72E-33 5.41E-72 1.30E-97 7.30E-33 8.64E-51 0

f11
Mean 2.22E-03 2.88E-01 2.17E-76 2.38E-104 2.62E-133 1.61E-64 1.76E-109 1.05E-287
Std 1.17E-03 4.49E-01 2.03E-76 5.32E-104 5.86E-133 3.58E-64 3.80E-109 0

f12
Mean 3.19E-13 1.54E+00 8.02E-90 2.72E-109 2.88E-138 6.65E-82 2.23E-122 9.24E-299
Std 5.64E-13 3.52E-01 1.79E-89 6.08E-109 6.44E-138 1.40E-81 4.50E-122 0

f13
Mean 3.98E+01 9.17E-01 3.55E-01 0 0 3.42E-14 0 0
Std 7.25E+00 8.68E-01 1.15E-01 0 0 5.10E-14 0 0

f14
Mean 4.88E-03 1.32E-03 2.22E-15 3.73E-15 8.88E-16 2.43E-14 7.99E-15 8.88E-16
Std 2.51E-03 3.60E-04 0 2.97E-15 0 4.78E-15 0 0

f15
Mean 6.01E-04 9.79E-06 0 0 0 0 0 0
Std 6.46E-04 3.72E-06 0 0 0 0 0 0

f16
Mean 1.61E-03 1.35E-03 1.37E-03 8.51E-51 5.12E-39 2.95E-05 2.66E-27 1.39E-95
Std 1.55E-03 4.68E-04 3.07E-03 1.88E-50 2.15E-38 4.06E-05 5.95E-27 3.11E-95

f17
Mean 7.92E-01 5.94E-01 5.09E-37 5.32E-76 2.13E-98 1.97E-38 1.04E-54 2.09E-203
Std 8.28E-01 8.85E-01 7.67E-37 1.18E-75 3.08E-98 3.37E-38 1.21E-54 0

f18
Mean 2.96E-01 6.53E-08 1.35E-40 0 0 0 0 0
Std 2.76E-01 2.49E-08 1.77E-40 0 0 0 0 0

f19
Mean 1.03E-01 1.30E-01 4.10E+00 2.06E-01 1.77E-05 1.10E-01 8.88E+00 0
Std 2.75E-01 1.73E-01 3.18E-01 4.44E-01 2.71E-05 4.29E-01 1.25E+00 0

f20
Mean 7.89E-07 8.32E-07 2.78E-39 1.46E-78 7.51E-11 1.26E-40 1.26E-58 4.78E-205
Std 1.50E-06 4.24E-07 3.96E-39 3.17E-78 1.12E-10 1.80E-40 2.80E-58 0

s.t.

g1(X) = 1− x32x3
71785x41

≤ 0

g2(X) =
4x22 − x1x2

12566(x2x31 − x41)
+

1

5108x21
≤ 0

g3(X) = 1− 140.45x1
x22x3

≤ 0

g4(X) =
x1 + x2

1.5
− 1 ≤ 0.

where 0.25 ≤ x1 ≤ 1.30, 0.05 ≤ x2 ≤ 2, 2.00 ≤ x3 ≤
15.

The parameter settings of EGWO are given as follows.
The population size is 50 and the maximum number of
iteration is 5000. The results obtained by EGWO and
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other optimization techniques such as CMAES [48],
JADE [54], CPSO [55], GWO [3], mGWO [22],
EEGWO [19], IGWO [23], MGWO [52], and ISCA [56]
are outlined in Table 6. From Table 6, compared with
the other selected algorithms, EGWO and ISCA obtain
minimum weight for compression/tension spring
design problem.

4.2.2 Three-bar truss design problem
As given in Figure 9, this problem considers a three-bar
planar truss structure. The purpose of this case is to
obtain the minimum volume of a three-bar truss with
three inequality constraints. This design problem has
two decision variables (x1 and x2).

Figure 9. The structure of three-bar truss design problem.

The mathematical form of this problem is given as
follows: Minimize f(X) = (2

√
2x1 + x2) × l, X =

[x1, x2]

g1(X) =

√
2x1 + x2√

2x21 + 2x1x2
P − σ ≤ 0

g2(X) =
x2√

2x21 + 2x1x2
P − σ ≤ 0

g3(X) =
1

x1 +
√

2x2
P − σ ≤ 0

where 0 ≤ x1 ≤ 1, 0 ≤ x2 ≤ 1, l = 100 cm, P =
2KN/cm2, and σ = 2KN/cm2.
The three-bar truss problem is solved by the EGWO
algorithm and the result is given in Table 7. In EGWO,
the population size is 50 and the maximum number of
iteration is 5000. Additionally, the results obtained by
the other nine optimization methods such as CMAES,
JADE, WPSO, GABC [57], GWO, mGWO, EEGWO,
IGWO, and MGWO are also provided in Table 7.
As shown in Table 7, compared to the other
nine optimization techniques, the proposed EGWO

algorithm obtains the minimum volume for three-bar
truss design problem.

4.2.3 Pressure vessel design problem
As shown in Figure 10, this problem considers a
pressure vessel structure. The purpose of this case is to
obtain the minimum cost of a pressure vessel with four
inequality constraints. This problem has four decision
variables namely thickness of the shell Ts(x1) and the
head Th(x2), inner radius R(x3) and the length of the
cylindrical section L(x4).

Figure 10. The structure of pressure vessel design problem.

Mathematically, this problem is formulated by:
Minimize f(x̄) = 0.6224x1x3x4 + 1.7781x2x

2
3 +

3.1661x21x4 + 19.84x21x3, X = [x1, x2, x3, x4]

g1(x̄) = −x1 + 0.0193x3 ≤ 0

g2(x̄) = −x2 + 0.00954x3 ≤ 0

g3(x̄) = −πx23x4 +
4

3
πx33 + 1296000 ≤ 0

g4(x̄) = x4 − 240 ≤ 0

where 1 ≤ x1, x2 ≤ 99 and 10 ≤ x3, x4 ≤ 200.
Applying the EGWO to solve the pressure vessel design
problem and its result is outlined in Table 8. The
population size of EGWO is 50 and the maximum
number of iteration is 5000. In addition, the results
of several GWO variants and other meta-heuristic
algorithms are also given in Table 8.
From Table 8, CMAES and MGWO obtain the optimal
objective function value (6059.714) for pressure
vessel design problem. Compared to the CPSO,
GABC, WOA, GWO, mGWO, EEGWO, and IGWO
algorithms, EGWO gets the better objective function
value. However, the better results are obtained by the
CMAES, JADE, WPSO, MGWO and ISCA algorithms.

4.3 EGWO for feature selection problems
Feature selection (FS) is a crucial pre-processing step
in the classification, regression, forecasting and data
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Table 6. The results obtained by EGWO and other approaches for spring problem.

Algorithm Optimal values for variables Objective
valued(x1) D(x2) P (x3)

CMAES 0.051129 0.343403 12.11483 0.012677
JADE 0.051129 0.343403 12.11483 0.012677
CPSO 0.051728 0.357644 11.244543 0.0126747
GWO 0.051129 0.343403 12.11483 0.012677
mGWO 0.051445 0.350456 11.69129 0.012699
EEGWO 0.051665 0.355896 11.40440 0.012734
IGWO 0.051129 0.343403 12.11483 0.012677
MGWO 0.051640 0.355530 11.36064 0.012668
ISCA 0.0520217 0.364768 10.83230 0.012667
EGWO

(this study) 0.0515088 0.352393 11.10210 0.012667

Table 7. The results obtained by EGWO and other approaches for three-bar truss problem.

Algorithm Optimal values for variables Objective
function valuex1 x2

CMAES 0.78623 0.41608 263.9867
JADE 0.78753 0.41150 263.8968
WPSO 0.58959 0.20568 263.8994
GABC 0.78784 0.41062 263.8966
GWO 0.7898013 0.4050788 263.8974
mGWO 0.7878452 0.4106108 263.8974
EEGWO 0.8087517 0.3592847 264.6780
IGWO 0.7878452 0.4106108 263.8974
MGWO 0.7885845 0.4085071 263.8971
EGWO

(this study) 0.78852 0.40869 263.8959

mining applications. The purpose of FS is for choosing
the most significant features from the original features
to reduce the dimensionality of the datasets. However,
choosing the best feature subsets from the original
datasets are the very challenging issues, especially for
datasets with high dimensionality [5]. In essence, FS
is a typical combinatorial optimization problem which
requires lots of computation. During the past few
years, many meta-heuristic optimization techniques
are suggested for dealing with the FS problems [58–
61].
In this section, EGWO is applied to tackle the
FS problem for verifying its search performance.
However, the solution space of FS is represented by
binary values. It must be noted that EGWO is a
continuous-space-based optimization method which
needs to transform it from continuous version into
binary one when solving the FS problems. One of
the easiest conversion techniques is to use a transfer
function. The advantage of this technique is not to
modify the framework of the GWO algorithm. This

paper uses the S-shaped transfer function as follows:

T (x) =
1

1 + e−rx
(19)

where r is a constant number.
To investigate the overall performance of EGWO,
sixteen representative datasets from the UCI data
repository are used for experiments [58]. The detailed
information of these datasets such as the number
of features and the number of samples are given in
Table 9.
For all the datasets, the wrapper approach on feature
subsets selection is used with KNN classifier (k = 5).
In EGWO, the population number is 10, the maximum
iterative number is 100, the number of run is 20, and
the dimensions of problem are equal to the number of
features for each dataset. The overall performance of
EGWO is compared against ant lion optimizer (ALO)
algorithm [62], BOA [58], crow search algorithm
(CSA) [63], PSO [64], GWO [3], Augmented GWO
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Table 8. Comparison between EGWO and other approaches for pressure vessel problem.

Algorithm Optimal values for variables Objective
valueTs(x1) Th(x2) R(x3) L(x4)

CMAES 0.8125 0.4375 42.09844 176.6366 6059.7140
JADE 0.8125 0.4375 42.09844 176.6366 6059.7144
WPSO 0.8125 0.4375 42.09844 176.6365 6059.7143
CPSO 0.8125 0.4375 42.0913 176.7465 6061.0777
GABC 1.0625 0.5625 54.7796 68.0057 6934.8979
WOA 12.96996 7.337754 42.03656 177.4064 6067.2991
GWO 13.18886 7.349468 42.09791 176.6464 6059.8523
mGWO 12.99563 6.865056 42.09786 176.6465 6059.8490
EEGWO 13.09291 6.792196 42.09758 176.6495 6059.8704
IGWO 12.85317 6.980472 42.09806 176.6416 6059.9066
MGWO 0.8125 0.4375 42.09844 176.6366 6059.7140
ISCA 12.96419 7.150134 42.09829 176.6392 6059.7489
EGWO

(this study) 12.81254 7.031335 42.09819 176.6401 6059.7518

Table 9. The detailed characteristics of sixteen datasets used
in the experiments.

Number Dataset Number of
features

Number of
samples

1 Breastcancer 9 699
2 BreastEW 30 569
3 CongressEW 16 435
4 Exactly 13 1000
5 Exactly2 13 1000
6 HeartEW 13 270
7 IonosphereEW 34 351
8 Lymphography 18 148
9 M-of-n 13 1000
10 PenglungEW 325 73
11 SonarEW 60 208
12 SpectEW 22 267
13 Tic-tac-toe 9 958
14 Vote 16 300
15 WineEW 13 178
16 Zoo 16 101

(AGWO) [65], and enhanced GWO (eGWO) [66].
Table 10 provides the classification accuracy of EGWO
and other compared approaches. Table 11 outlines
the optimal feature subset of EGWO against other
algorithms. It should be noted that the results of ALO,
BOA, and GWO are from Arora et al. [58], and the
results of CSA, PSO, eGWO, and AGWO are taken
from Arora, et al. [29].

From Table 10, the classification accuracy of EGWO is
significantly superior to other compared approaches
on all the datasets. Based on the results shown in
Table 11, compared with ALO, BOA, PSO, GWO,

AGWO, and eGWO, EGWO gets the fewer number
of selected features on all the datasets. In addition,
EGWO performs better than CSA on all the datasets
except for BreastEWdataset. Figure 11 shows themean
ranking of the classification accuracy and number of
selected features on 16 datasets for eight algorithms.

As seen in Figure 11, for classification accuracy,
the EGWO obtains the first rank, followed by the
BOA, AGWO, eGWO, CSA, PSO, ALO, and GWO.
Additionally, the EGWO ranks the first, followed by
the CSA, PSO, AGWO, GWO, eGWO, BOA, and ALO
for the number of selected features.

5 Discussion
The results demonstrate that the proposed EGWO
consistently outperforms the basic GWO and other
seven state-of-the-art algorithms on most benchmark
functions. To better understand the source of
this improvement, the contributions of the three
embedded strategies were separately investigated. The
nonlinear transition mechanism significantly enhances
the balance between exploration and exploitation,
accelerating convergence at later iterations. The cuckoo
search component improves local search capability by
introducing Lévy flight behavior, which helps EGWO
escape from local optima. The adaptive position
search equation contributes to maintaining population
diversity and prevents premature convergence.
Empirically, the combination of the nonlinear
transition rule and adaptive position search equation
accounts for most of the observed performance gain,
while the cuckoo search strategy further refines
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Table 10. Comparison between EGWO and other algorithms for classification accuracy.
Datasets ALO BOA CSA PSO GWO AGWO eGWO EGWO
Breastcancer 0.9591 0.9640 0.9606 0.9609 0.9603 0.9606 0.9617 0.9705
BreastEW 0.9392 0.9506 0.9460 0.9378 0.9375 0.9340 0.9474 0.9556
CongressEW 0.9370 0.9459 0.9330 0.9235 0.9327 0.9358 0.9431 0.9521
Exactly 0.7061 0.7676 0.7664 0.7471 0.7249 0.7576 0.7536 0.8054
Exactly2 0.6980 0.7189 0.6908 0.6959 0.6929 0.6956 0.6988 0.7294
HeartEW 0.7773 0.8010 0.7822 0.7788 0.7768 0.7970 0.7615 0.8288
IonosphereEW 0.8595 0.9023 0.8943 0.8803 0.8682 0.8932 0.8636 0.9042
Lymphography 0.7863 0.8224 0.7919 0.7906 0.7629 0.7919 0.7663 0.8797
M-of-n 0.8184 0.8511 0.8560 0.8425 0.8272 0.8780 0.8704 0.9154
PenglungEW 0.8072 0.8665 0.8054 0.8140 0.8341 0.8541 0.7568 0.8832
SonarEW 0.8487 0.8853 0.8538 0.8667 0.8622 0.8827 0.8615 0.8870
SpectEW 0.7881 0.8154 0.7925 0.7841 0.7846 0.8134 0.8045 0.8662
Tic-tac-toe 0.7587 0.7744 0.7649 0.7518 0.7537 0.7628 0.7712 0.7990
Vote 0.9258 0.9369 0.9213 0.9258 0.9196 0.9200 0.9027 0.9590
WineEW 0.9543 0.9715 0.9618 0.9521 0.9476 0.9573 0.9663 0.9839
Zoo 0.9216 0.9608 0.9373 0.9451 0.9525 0.9686 0.9686 0.9742
Average 0.8428 0.8709 0.8536 0.8498 0.8461 0.8627 0.8499 0.9167

Table 11. Number of selected features for EGWO and other algorithms.
Datasets ALO BOA CSA PSO GWO AGWO eGWO EGWO
Breastcancer 7 6.2 6.4 5.7 6.9 5.2 6.6 4.8
BreastEW 24.27 21.07 14.4 18.33 19 19.2 20.4 15.6
CongressEW 9.87 9.4 8.8 10.8 9.8 9.8 11.2 5.2
Exactly 12.87 10.87 8.6 9 12.07 10.8 9.2 6
Exactly2 8.4 7.87 6.8 9.4 7.53 7.4 9.8 2.6
HeartEW 10.4 9.13 8.4 9.07 8.8 8.6 8.2 7.2
IonosphereEW 20.13 22.27 15.6 19.2 17.33 22.6 21 9.4
Lymphography 13.33 13.27 10 11.73 11.8 10.4 11.6 9.4
M-of-n 11.27 11.07 8.4 10.87 11.27 10.2 11.2 6
PenglungEW 172.07 170.8 157.8 183.33 162.8 158.6 177.4 149.6
SonarEW 48 41.07 30.2 37.6 41.6 47 41.6 27
SpectEW 13.87 15.2 11.8 12.07 13.2 17.8 12 8.8
Tic-tac-toe 8.8 7.87 6.6 6.73 7.53 7.8 7.6 6.6
Vote 8.4 9.6 6.8 9.33 8.47 9.2 8.8 5.4
WineEW 11.07 10.27 8 10.07 10.73 10.6 9.6 6.4
Zoo 11.67 10.47 8.2 11.8 12.4 11.2 12.8 7
Average 24.46 23.53 19.8 23.44 22.58 22.9 23.69 17.31

exploitation efficiency. This analysis suggests that
a synergistic integration of exploration-oriented
and exploitation-oriented mechanisms is the key to
EGWO’s superior performance.

6 Conclusions
This work developed an enhanced grey wolf optimizer
with multiple strategies, named as EGWO, to deal
with various numerical optimization problems. In
EGWO, a good transition balance between diversity
and convergence was achieved by designing a

new nonlinear transition parameter. Secondly, an
adaptive position search equation based on a dynamic
parameter was proposed to effectively coordinate
the global and local search capability. Finally, the
cuckoo search algorithm was used for the decision
layer individuals to improve the exploitation ability
of GWO. The effectiveness of EGWO was studied
on 25 classical benchmark functions. Moreover,
three engineering optimization design problems and
the feature selection problems with 16 datasets
were applied to verify the feasibility of EGWO. The
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Figure 11. Mean Friedman test ranks of eight algorithms on 16 benchmark datasets.

comparison results indicated that EGWO not only
enhanced the solution accuracy, but also accelerated
the convergence speed on benchmark functions as well
as real-world optimization problems.
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