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ABSTRACT
In the last two decades, evolutionary computing has become the mainstream to attract the attention of the experts in both
academia and industrial applications due to the advent of the fast computerwithmulti-coreGHzprocessors have had a capacity of
processing over 100 billion instructions per second. Today’s different evolutionary algorithms are found in the existing literature
of evolutionary computing that is mainly belong to swarm intelligence and nature-inspired algorithms. In general, it is quite
realistic that not always each developed evolutionary algorithms can perform all kinds of optimization and search problems.
Recently, ensemble-based techniques are considered to be a good alternative for dealing with various benchmark functions and
real-world problems. In this paper, an ameliorated ensemble strategy-based evolutionary algorithm is developed for solving large-
scale global optimization problems. The suggested algorithm employs the particle swam optimization, teaching learning-based
optimization, differential evolution, and bat algorithm with a self-adaptive procedure to evolve their randomly generated set of
solutions. The performance of the proposed ensemble strategy-based evolutionary algorithm evaluated over thirty benchmark
functions that are recently designed for the special session of the 2017 IEEE congress of evolutionary computation (CEC’17).
The experimental results provided by the suggested algorithm over most CEC’17 benchmark functions are much promising in
terms of proximity and diversity.

© 2021 The Authors. Published by Atlantis Press B.V.
This is an open access article distributed under the CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/).

1. INTRODUCTION

Optimization is the mathematical process of finding either maxi-
mum or minimum value of a function in a domain of definition,
subject to various constraints on the variable values. A local min-
imum of a function is a point where the function value is smaller
than or equal to the value at nearby points. A global minimum is a
point where the function value is smaller than or equal to the value
at all other feasible points. Optimization problems can be classi-
fied as linear, quadratic, polynomial, nonlinear depending upon the
nature of the objective functions and the constraints. Many real-
world problems are naturally modeled as global optimization prob-
lems [1–8]. A general optimization problem can be modeled as
follows:

minimize fi(x), i = 1, 2, … ,m
Subject to

cj(x) ≤ 0, j = 1, 2, … , p

ck(x) = 0, k = 1, 2, … , q

xll ≤ xi ≤ xlu, l = 1, 2, … ,N

(1)

*Corresponding author. Email: abhamdi@qu.edu.qa

where x = (x1, x2, … , xn)T is the solution vector with n deci-
sion variables, f(x) denotedm objective functions f1, f2,⋯ , fm, cj(x)
are p inequality constraints, and ck(x) are q equality constraints.
In general, it is quite difficult to tackle such problems with sim-
ple optimization methods and find the optimal solutions for them
in the presence of nonlinearity, multi-modality, high dimension-
ality, noisy environment, and different nature of objective and
constrained functions. Nonlinear optimizationmethods can be fur-
ther divided into local and global optimization methods [9–14].
The local search optimization methods conduct their search pro-
cess from solution to solution going for local changes to get an
optimal solution keeping in view the allowed resources. These opti-
mizers offer a local optimal solution with less computational cost
as compared to global search optimizers. Newton steepest descent
methods and sequential quadratic programming [15], 2-opt local
search, Monte Carlo methods and WalkSAT are the most com-
monly used and popular local search optimization methods [9].
Global optimization methods are heuristic-based methods [16,17].
Among optimization methods, the gradient-based methods are
quite expensive in terms of computational cost in solving the
real-world problems comprising nondifferentiability, discontinu-
ity, nonlinearity, noisy, flat, multi-dimensionality, or composed of
many local optima. In these situations, evolutionary computing
techniques are much effective and can provide an optimal solution
instead of traditional mathematical programming techniques [18].
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Since its inception in the late 1950s, evolutionary computing
methods have received significant attention due to large domain
applications [19–25]. Until the present, evolutionary algorithms
(EAs) under the umbrella of (evolutionary computation [EC])
have successfully and effectively tackled various test suites of
benchmark functions and many real-world problems with a non-
linear, multi-modal, scalable objective, and constrained functions
with complicated structures. Despite having the vast popularity of
various nature-inspired and swarm-inspired EAs, still, we need to
address their existing shortcomings to make them more advanced
and effective by following the basic principles of rules of population
evolution, procedures of self-organization and self-adaptation [26].
In general, nature-inspired-based algorithms can be categorized
into EAs and swarm intelligence-based algorithms as shown in
Figure 1. The EAs including the genetic algorithm (GA)
[20,25,27,28], genetic programming (GP) [29], evolutionary
strategies (ESs) [30,31], evolutionary programming (EP) [32] are
classified as classical paradigms of EC and differential evolution
(DE) [33–36] and particle swam optimization (PSO) [37,38], ant
colony optimization [39,40], artificial bee colony (ABC) [41,42],
cuckoo search (CS) [43], bat algorithm (BA) [44–46], Bee algo-
rithm [47,48], and firefly algorithm (FA) [49] are new emerging

population-based algorithms [50]. Despite many key features of the
aforementioned EAs, they demand maximum function evaluations
and spent huge computation time to solve optimization problems
with complicated search space.

However, it is still difficult and even impossible for a single EA
in the existing literature of EC that always performs better on all
types of benchmark functions and real-world problems [20,51,52].
In the last several years, the ensemble that multiple search opera-
tors have shown significant contribution in solving multi-objective
optimization problems with the complicated shape of Pareto front
(PF) and large-scale global optimization problems [3,23,53–62].
Inspired from the aforementioned algorithms, this paper also pro-
poses an ensemble strategy-based EA with dynamic resources allo-
cation to handle benchmark functions that are designed recently
for the special session of 2017 IEEE congress on evolutionary com-
puting (IEEE-CEC’17) [63]. The suggested algorithm integrates
multiple different evolution algorithms by employing the parti-
cle swarm optimization (PSO) [37,38,64], DE [36], BA [45] and
teaching learning-based optimization (TLBO) [65–68], and GA by
sharing valuable information and learn from each other converg-
ing toward the known optimal solution of each benchmark func-
tion. The proposed ameliorated ensemble algorithm utilizes the

Figure 1 Flow chart for the classification of the nature-inspired algorithm.
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strengths of the aforementioned constituent algorithms with novel
dynamic resources allocation strategy. As a result, the proposed
algorithm is more reliable and computationally efficient during the
whole course of population evolution. The proposed algorithm is
flexible and can employ any optimization algorithm for its popula-
tion evolution. To analyze the proposed algorithm, experiments are
conducted overCEC’17 benchmark functions [63]. The experimen-
tal results of the proposed algorithm are much promising as com-
pared to their competitors in solving most of the large-scale global
optimization problems.

The rest of the paper is organized as follows: Section 2 intro-
duces the framework of the proposed ameliorated ensemble
strategy-based EA with dynamic resources allocations. Section 3
demonstrates the experimental results and characteristics of the
used benchmark functions. In Section 4, we conclude our work.

2. AMELIORATED ENSEMBLE STRATEGY-
BASED EA WITH DYNAMIC RESOURCES
ALLOCATIONS FOR LARGE-SCALE
OPTIMIZATION PROBLEMS

In the recent past two decades, several evolutionary computing
methods were developed [8,19,20,61,62,69,70]. They are employ-
ing various search operators and strategies for population evolu-
tion likewise one-point, two-points, uniform crossover operators
[71], trigonometric mutation [72] tournament, ranking, stochas-
tic uniform sampling selection methods, crowding [73], sharing-
based niching approaches, adaptive penalty, epsilon superiority of
feasible over infeasible solutions, and ensemble constraint handling
methods [70,74]. The aforementioned approaches can employ in
an ensemble manner the framework of any EAs for performing
numerous simulations with the main purpose to approximate the
best optimal solution [35]. However, the best achievement of each
approach might be associated with the fine-tuning of their corre-
sponding control parameters either statically or additively. Further-
more, the use of different strategies and different parameters might
be more appropriate at different stages of evolution and exploration
of search spaces. The best setup of various paraments in the EAs
can be settled based on trial and error strategies. Recently, ensem-
ble strategies-based EAs have gained much popularity in order to
utilize the key features of a diverse set of approaches in the exist-
ing literature of evolutionary computing [57,58,62,74–76]. In this
paper, we have proposed an ensemble strategy-based EA for solving
diverse nature of benchmark functions that are recently designed
for the special session of IEEE-CEC’17 [63]. The framework of the
suggested ameliorated algorithm is hereby explained in the Algo-
rithm 1. The suggested algorithm denoted by ESEA1 engages the
most popular existing EAs, namely, PSO [37,38,64], DE [36], BA
[45] and TLBO [65–68] to perform their search process. The pro-
posed algorithm allocates resources to their constituent algorithms
dynamically following the steps from 34 to 38 of the Algorithm
1. As can see in steps 4 to step 5 of Algorithm 1, the constituent
algorithms have allocated the same resources. Further, the formula
in step 36 of the Algorithm 1 is used to allocate the resources
dynamically.

1 Ensemble Strategy based Evolutionary Algorithm.

Algorithm1:The Framework of the Ameliorated Ensemble Strategy-Based
Evolutionary Algorithm

1: x = [x1, x2, … , xN] = xl + (xu − xl) ∗ rand(N, n) % Generate initial
population of size N uniformly and randomly.
2: Evaluate function values of N solutions, x = [x1, x2, … , xN],
[f(x1), f(x2), … , f(xN)].
3: Initially, divide the population set of size N into k sub-population sets.
4: Pk = {PA1, PA2, PA3, PA4}, where Pk = |N × pka|, p

k
a = 0.25

5: g = 1; % Evolutionary process of the hybrid swarm intelligence tech-
nique.
6: for g = 1 ∶ MG do
7: if i ∈ PA1 then
8: vi = 𝜔 × vi + a1 × r1 × (xpb − xi)+ a2 × r2 × (xgb − xi)
9: yi = xi + vi, i = 1, 2,… ,N.
10: end if
11: if i ∈ PA2 then
12: yi = xi + F × (xr1 − xr2 ), where i ≠ r1 ≠ r2
13: end if
14: if i ∈ PA3 then
15: f i = fmin + (fmax − fmin) × 𝛽, 𝛽 ∈ [0, 1]
16: vi = vi + (xi − xgb) × fi
17: xi = xi + vi
18: Ai = 𝛼 × Ai

19: yi = xi + 𝜁 × Ai, 𝜁 ∈ [−1, 1].
20: end if
21: if i ∈ PA4 then
22: Generate a random ri in [0, 1];
23: end if
24: if ri ≤ 𝜆i referred to Eq. (2). then
25: Update learner xi based on Eqs. (3–5).
26: end if
27: Compute the objective function values of new set of population.
28: if f(zi) < f(xi) then
29: xi = zi
30: else
31: xi = xi
32: end if
33: Compute the success rate rk of each kth algorithm.
34: for k = 1 ∶ 4 do
35: pka = 𝜎 × pka + (1 − 𝜎) × rk

∑ rk

36: Update the set of sub-population by using formula: ∥ Pk ∥= N× pka|.
37: end for
38: g = g+ 1
39: end for

In the proposed algorithm, TLBO has been used as a constituent
algorithm that employs a group of learners whose fitness level is
evaluated upon their results or grades. The grade of each learner
is then updated based on their learning attained from the teacher
and their interaction with other learners. Two phases are involved
in TLBO operation including the teacher phase and learner phase.
The learning enthusiasm values of learners as described in [77] as
given under:

𝜆i = 𝜆l + [𝜆u − 𝜆l] × N − i
N , (2)

where 𝜆u = 1 is the maximum learning enthusiasm and the mini-
mum learning enthusiasm values denoted by 𝜆l belong to [0.1, 0.5].
If ith leaner get knowledge from the teacher then its position will
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update as follows:

xm = 1
N

N

∑
i=1

xi, TF = ⌊(1 + rand)⌋; (3)

yi = {x
i + rand × (xb − TF × xm) if rand < 0.5
xi + F × (xr1 − xr2 ), where i ≠ r1 ≠ r2

(4)

The polynomial mutation is described as under:

zi = {y
i + 𝜎i × (xu − xl) with probability pm
yi with probability 1 − pm

(5)

where xl is the lower and xu is the upper bound over ith decision
variable, N is the size of population set, n is the dimension of the
search space or a number of decision variables, Mg is Maximum
generations, 𝜔 ∈ [0.8, 1.2] is the inertia weight parameter used in
the framework of the PSO as can see in the Algorithm 2, f is the
frequency used by the Bat while seeking its prey, kNnumber of con-
stituent algorithms, vi represents the velocity, g indicates the in the
current generation, 𝛽 is the random vector, xpb indicates the per-
sonal best particle or individual, xgb indicates the global best indi-
vidual, xi is the location of the ith Bat in the solution space, ri is
the pulse emission rate, Ag represents the average loudness, F is the
scaling factor that controls the difference of population used in the
framework of the DE, CR is the probability of crossover used in DE
to create offspring population.

Algorithm 2: The Framework of the Particle Swarm Optimization

1: [x1, x2, … , xN] = xl+(xu−xl)×rand(N, n)%Generate the initial popu-
lation of sizeN uniformly and randomly in the search spaceΩ.Furhermore,
2: Compute the objective function values, [f(x1), f(x2), … , f(xN)].
3: g = 1
4: while g ≤ Mg do

5: vgi = 𝜔 × vg−1i + a1 × r1 × (xpb − xgi )+ a2 × r2 × (xgb − xgi )
6: ygi = xti + vgi , i = 1, 2,… ,N.
7: Compute the objective function values of new population set of solu-
tions, [f(y1), f(y2), … , f(yN)].
8: if f(yi) < f(xi) then
9: xi = yi
10: else
11: xi = xi
12: end if
13: g = g+ 1
14: end while

2.1. Differential Evolution

DE is one of themost popular EAs that was first proposed by Rainer
Storn and Kenneth Price for solving the Chebychev polynomial fit-
ting problems [36]. DE uses the idea difference to perturb their
population. DE is similar to other existing generates its population
uniformly and randomly. Then, it applies the fundamental evolu-
tionary operators include “mutation, crossover, and selection” to
perform its search process in the whole course of the optimization
process. The parameters involved in the frameworkDE includingN

(population size), F (mutation factor), andCR (crossover ratio) and
can settle with different procedures [35,59,69,78–83]. Crossover is
the main source of exploration, the mutation is used for exploita-
tion purposes, and selection operators imposed selection pressure
for survival of fittest individuals in order to evolve the population.

In DE [35,36,84], vi is a mutant vector for each ith individual
of current solutions size N by employing the following mutation
strategies:

1. DE/rand/1:

vi = xi + F × (xr1 − xr2 ), i ≠ r1 ≠ r2 (6)

2. DE/best/1:

vi = xb + F × (xr1 − xr2 ) (7)

3. DE/rand-to-best/1:

vi = xi + F × (xr1 − xr2 ) + F × (xb − xr
i
) (8)

4. DE/current-to-best/1:

vi = xi + F × (xr1 − xr2 ) + F × (xb − xi) (9)

where xr1 −xr2 is the difference of two different randomly cho-
sen solutions, xi is the current ith solution, xb is the best individ-
ual of the in current generation of population evolution, and F
is the scaling factor in the interval [0, 2] that controls the dif-
ference of variation in populations. Mutation plays a vital role
in exploitation that is applied in combination with crossover in
the framework of the DE algorithm [83,85].

2.1.1. Crossover operation

A crossover is a procedure to exchange information among the pre-
vious and current population to produce a new population. It is
normally applied for the exploration of different valuable regions of
search space aiming at to maintain diversity among the population
for further evolution. In DE, the crossover operator applied on each
ith mutant vector denoted by ui in combination with ith solution of
the previous population.

ui = {v
i, if rand ≤ CR ∥ j = jrand;
xi, Otherwise; (10)

where rand is an arbitrary random number and CR ∈ [0, 1] is the
crossover probability.

2.1.2. Selection operation

The selection operation is conducted among parent solutions xi and
trial solutions ui on their objective function values as under:

xi,g+1 = {u
(i,g), if f(u(i,g)) < f(x(i,g));

x(i,g), otherwise;
(11)

where xi,g+1 is the set of solutions for the next generation of the pop-
ulation. DE algorithm employsmutation strategies to pr provide the
best optimal solutions in order to avoid the occurrence of prema-
ture convergence during its search process of population evolution.
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2.2. Particle Swam Optimization

PSO algorithm was first proposed by James Kennedy and Russell
Eberhart [38]. PSO was mainly inspired by the social behaviors
and interaction of swarm as encountered in nature likewise animal
herds, bird flocking, and schooling of fish. It uses a swarm of insects
while performing the search process and eachmember of the group
is called particle [86]. Due to its simple search mechanism, compu-
tational efficiency, and easy implementation, PSO has successfully
tackled many optimization problems. Each Particle of PSO utilizes
their personal best experience and the global experience of their
neighbors to adaptively adjust its velocity v and position vector x in
order to explore and exploit the search space of the problem at hand
during population evolution. Moreover, each particle has a mem-
ory, remembering the best position of the search space it has ever
visited. Thus, its movement is an aggregated acceleration towards
its best previously visited position and towards the best particles of
a topological neighborhood [87,88]. The algorithmic framework of
PSO is hereby outlined in Algorithm 2.

where N is the size of the swarm, n is the dimension of the
search Space, vi represents the velocity, 𝜔 is inertia weight param-
eter xpb is the personal best and xgb is the global best of the
swarm, Mg denotes maximum generations allowed for evolving
the initial set of solutions or particles as generated uniformly
and randomly within bounds of search space as outlined in the
Algorithm 2.

3. BENCHMARK FUNCTIONS AND
EXPERIMENTAL RESULTS

In this research work, we assess the performance of the pro-
posed ameliorated ensemble strategy-based EA with dynamic
resources allocations by using 29 benchmark functions recently
designed for the special session of IEEE-CEC. As like other exist-
ing benchmark functions, they are playing contemporary trends
in design and assessment of novel search algorithms. The charac-
teristics of the used benchmark functions are hereby explained in
Table 1.

3.1. Computing Platform and Experimental
Settings

All experiments were performed on a computer with Intel Core i5−
6200 CPU, 2.40GHz and 4G RAM, under Windows 10 pro, 64 bit
OS. The proposed algorithm and all other existing algorithms used
in the comparative analysis were implemented inMATLABR2017b
programming environment. To obtain the quantity of variability,
all benchmark functions solving with randomized algorithms need
multiple executions to solve at hand problems and approximate
their solutionswith reasonable statistics. Themultiple runs of simu-
lations regarding the stochastic nature algorithms are advised in the
existing literature of EC from 10 to 50. In this paper, experimental
results are gathered by executing all algorithms including (a) PSO,
(b) DE algorithm, (c) proposed ameliorated ensemble strategy-
based EA with 10 independent runs of executions with different
random seeds. The Matlab command rand(state, sum(100 ∗ clock))
has been used in the carried out experiments.

3.2. Parameters Settings

In our carried out experiment, we have settled different parame-
ters as the lower bound xl = −100, upper bound xu = 100 for the
used benchmark functions, N = 100 is the size of initially gener-
ated set of solutions, n = 10, 30, 50 are the different dimensions
of the search space, Mt = n × 1000 are the maximum number of
function evaluations, r1 and r2 are the two uniformly distributed
random numbers, vt is the current velocity of the particle, xt is the
current position of the particle, 𝜔 = 0.729 is the inertia factor,
where 𝜔 ∈ [0.8, 1.2], a1 and a2 are the two acceleration constants
or acceleration coefficients that usually lie between 1 and 4, how-
ever, we have used a1 = a2 = 1.7 and 𝛼 = 𝛾 = 0.9. The loudness of
the bats decreases due to an increase in their pulse rate as they get
closer to their prey, like At−1

i → 0, rti → r0i as t → ∞. The initial
loudness is A0 ∈ [1, 2] and the initial emission rate is r0 ∈ [0, 1].
In our experiments, the parameters used in the 14-23-steps of the
Algorithm 1 were settled according to r0 = 0.1, A0 = 0.9, fmin = 0,
fmax = 2 and 𝛼 = 𝛾 = 0.9 for the purpose to examine the algo-
rithmic behavior of the proposed ensemble-based EA. The value of
𝜍 = 0.02were settled in Algorithm 1 make active and switch on the
constituent algorithm based on their previous performance in the
case of their worst situation during the whole course of optimiza-
tion process.

3.3. Characteristics of Benchmark
Functions and Discussion Over
Experimental Results

Benchmark functions might determine strict rules on the termina-
tion conditions to execute the suggested algorithm and establish a
fair comparison against some existing algorithms. The same budget
of function evaluations,N× n were allocated to the suggested algo-
rithm Ensemble Strategy Based Evolutionary Algorithm (ESEA) to
establish comparison against the existing algorithms likewise the
BA and PSO to be carried out our experiment by using benchmark
functions designed for the special issue of IEEE-CEC’17 [63].

In Table 1,UF stand for unimodal functions,MF denotes themulti-
modal functions, CF refer to Composition Functions, SRF abbrevi-
ated for shifted rotated functions, and HF represents hybrid func-
tions. Benchmark functions, f1- f3 are unimodal functions, f4- f10
are simple multi-modal functions, f11- f20 are hybrid functions and
f21- f30 are composition functions.

Tables 2 and 3 clearly exhibit that the proposed ESEA algorithm has
performed much better than PSO and DE, and it has tackled each
benchmark functions more effectively, especially, F2, F4, F5, F8,
F10, F11, F12, F14, F15, F16, F17, F18, F19, F22, F23, F25, and F29 keep-
ing theirminimum(best) objective function values. The constituent
algorithm, namely, PSO has performed better than DE in terms of
minimum function values for the problems like F1, F7, F13, and F26.
On the other hand, DE has found better results than PSO by solving
benchmark functions F9 and F27 in terms of best objective func-
tion values. Similarly, PSO and ESEA have produced good results in
terms of minimum (best) objective function values for dealing with
F21, F24, and F28.The numerical results for the problems refer to
F6 and F20 are almost same. The average objective function values
approximated by the proposed ESEA aremuch better than PSO and
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Table 1 Features of the 2017 IEEE congress on evolutionary computing (IEEE-CEC’17) benchmark functions.

No Objective Function Optimal Solution

UF 1 Shifted and Rotated Bent Cigar Function 100
2 Shifted and Rotated Sum of Different Power Function* 200
3 Shifted and Rotated Zakharov Function 300

SMF 4 Shifted and Rotated Rosenbrocks Function 400
5 Shifted and Rotated Rastrigins Function 500
6 Shifted and Rotated Expanded Scaffers F6 Function 600
7 Shifted and Rotated Lunacek BiRastrigin Function 700
8 Shifted and Rotated Non-Continuous Rastrigins Function 800
9 Shifted and Rotated Levy Function 900
10 Shifted and Rotated Schwefels Function 1000

HF 11 Hybrid Function 1 (N = 3) 1100
12 Hybrid Function 2 (N = 3) 1200
13 Hybrid Function 3 (N = 3) 1300
14 Hybrid Function 4 (N = 4) 1400
15 Hybrid Function 5 (N = 4) 1500
16 Hybrid Function 6 (N = 4) 1600
17 Hybrid Function 6 (N = 5) 1700
18 Hybrid Function 6 (N = 5) 1800
19 Hybrid Function 6 (N = 5) 1900
20 Hybrid Function 6 (N = 6) 2000

CF 21 Composition Function 1 (N = 3) 2100
22 Composition Function 2 (N = 3) 2200
23 Composition Function 3 (N = 4) 2300
24 Composition Function 4 (N = 4) 2400
25 Composition Function 5 (N = 5) 2500
26 Composition Function 6 (N = 5) 2600
27 Composition Function 7 (N = 6) 2700
28 Composition Function 8 (N = 6) 2800
29 Composition Function 9 (N = 3) 2900
30 Composition Function 10 (N = 3) 3000

Table 2 Numerical results supplied by our proposed ESEA versus DE and PSO by solving F1 to F15 of CEC 2017 in ten dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

DE 154.696 5369.28 1253.6 1068.1 0.285587
F01 100 PSO 100.4 12740.8 2081.43 2590.86 0.162900

ESEA 100.431 12740.8 1969.4 2242.69 0.331035
DE 15392.6 72912.9 40244.8 13288.6 0.312764

F02 200 PSO 14938.1 69107.2 36731.5 11503.8 0.191857
ESEA 200 200 200 0 0.358209
DE 701.114 3571.32 1851.96 594.792 0.288490

F03 300 PSO 300 300 300 1.17436e− 09 0.167251
ESEA 300 300 300 1.13687e− 14 0.330349
DE 404.989 406.559 406.069 0.331792 0.288698

F04 400 PSO 400.021 467.83 405.114 9.22678 0.165401
ESEA 400.006 467.083 404.556 9.06866 0.332131
DE 506.096 512.537 509.484 1.64061 0.350939

F05 500 PSO 502.985 540.793 518.788 9.31158 0.222609
ESEA 500.995 513.93 505.961 2.78701 0.391999
DE 600 600 600 4.54747e− 14 0.542958

F06 600 PSO 600 600 600 7.41501e− 06 0.369663
ESEA 600 600 600 1.98997e− 07 0.560691
DE 715.605 724.133 720.49 2.03324 0.362580

F07 700 PSO 704.975 736.155 721.538 5.22767 0.238948
ESEA 712.009 725.145 718.931 3.26071 0.413509
DE 806.246 814.161 809.799 1.59694 0.355887

F08 800 PSO 804.975 833.829 814.205 6.36076 0.229105
ESEA 800.995 811.939 805.336 2.27276 0.401266
DE 900 900 900 0 0.373708

F09 900 PSO 900 900.454 900.019 0.0708882 0.244400
ESEA 900 900.544 900.014 0.0776607 0.420489
DE 1222.4 1701.28 1473.43 101.522 0.403186

(Continued)



418 W. K. Mashwani et al. / International Journal of Computational Intelligence Systems 14(1) 412–437

Table 2 Numerical results supplied by our proposed ESEA versus DE and PSO by solving F1 to F15 of CEC 2017 in ten dimension. (Continued)

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F10 1000 PSO 1130.13 1923.48 1557.9 202.483 0.262548
ESEA 1000.31 1770.37 1228.97 166.742 0.445938
DE 1101.21 1103.9 1102.88 0.643498 0.320476

F11 1100 PSO 1101.07 1138.52 1111.44 8.74652 0.196038
ESEA 1100.1 1110.7 1104.11 2.68184 0.366345
DE 27912.1 476347 187129 106891 0.336839

F12 1200 PSO 1817.37 43785.9 13053 10138.9 0.212372
ESEA 1720.46 40038.7 10339.4 8455.91 0.431194
DE 1316.36 5738.27 2209.94 990.152 0.332796

F13 1300 PSO 1311.97 26450.3 8829.74 7596.47 0.212558
ESEA 1373.23 20484.6 7064.61 5085.88 0.362542
DE 1403.23 1446.72 1417.69 9.73851 0.365937

F14 1400 PSO 1404.68 1502.45 1451.65 21.2507 0.247850
ESEA 1400.22 1426.94 1405.83 5.16453 0.409165
DE 1504.54 1593.93 1523.52 22.0173 0.302490

F15 1500 PSO 1501.07 2791.9 1596.91 190.258 0.179000
ESEA 1500.14 1536 1504.18 5.0723 0.357709

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.

Table 3 Numerical results furnished by our proposed ESEA versus DE and PSO by solving F16 to F30 of CEC 2017 in ten dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F16 1600 PSO 1600.09 2019.55 1800.7 139.618 0.207083
ESEA 1600.08 1977.27 1702.79 105.03 0.382809
DE 1700.43 1703.35 1701.39 0.548401 0.494150

F17 1700 PSO 1701.62 1845.67 1739.97 28.1929 0.357664
ESEA 1700 1760.18 1708.53 15.0084 0.538816
DE 1894.49 3808.99 2558.39 418.242 0.327526

F18 1800 PSO 1830.64 34654.8 7531.12 8418.07 0.205330
ESEA 1802.78 16117.8 3995.87 3301.19 0.385206
DE 1900.41 2096.6 1926.76 38.9099 1.320215

F19 1900 PSO 1902.71 4210.75 2057.89 368.142 1.194307
ESEA 1900.05 1946.63 1906.38 8.66452 1.377728
DE 2000 2000.31 2000.01 0.043713 0.500983

F20 2000 PSO 2000 2153.44 2046.57 54.9448 0.361641
ESEA 2000 2021.31 2001.16 3.03203 0.524198
DE 2215.98 2317.74 2260.46 35.0718 0.508035

F21 2100 PSO 2200 2344.38 2294.99 50.4192 0.372101
ESEA 2200 2319.15 2252.45 54.6317 0.549255
DE 2255.8 2301.61 2297.64 9.93793 0.606281

F22 2200 PSO 2212.85 2314.19 2299.8 19.497 0.487455
ESEA 2200 2302.72 2293.06 24.8818 0.647195
DE 2607.86 2615.29 2611.89 2.00407 0.667432

F23 2300 PSO 2610.2 2693.28 2632.82 15.2394 0.512993
ESEA 2606.04 2635.57 2616.15 7.33072 0.691292
DE 2608.29 2748.51 2709.12 40.8449 0.684418

F24 2400 PSO 2500 2824.9 2732.41 87.5749 0.555982
ESEA 2500 2772.92 2712.52 85.4086 0.732236
DE 2899.24 2944.34 2912.07 10.3212 0.571223

F25 2500 PSO 2897.76 2948.33 2920.83 23.3652 0.454348
ESEA 2897.74 2949.51 2924.8 22.9795 0.610618
DE 2779.72 2951.62 2915.09 28.4165 0.747483

F26 2600 PSO 2600 3170.52 2917.18 87.984 0.606484
ESEA 2800 3061.65 2904.95 49.2865 0.782874
DE 3089.09 3090.37 3089.61 0.250117 0.777527

F27 2700 PSO 3088.58 3199.97 3117.61 29.7043 0.644963
ESEA 3089.31 3187.38 3101.84 14.1845 0.824549
DE 3172.27 3402.69 3230.32 57.2878 0.695014

F28 2800 PSO 3100 3476.94 3296.04 147.356 0.559124
ESEA 3100 3446.48 3241.6 148.445 0.748309
DE 3149.6 3178.83 3163.24 6.34192 0.669195

F29 2900 PSO 3141.99 3322.68 3204.98 44.0286 0.546565
ESEA 3136.75 3207.31 3170.62 16.614 0.718650

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.
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DE as listed in the second column of Tables 2 and 3. The standard
deviation statistics of the proposed ESEA algorithm are also much
better than PSO and DE algorithm in solving most of the bench-
mark functions. The maximum values of the ESEA regarding each
benchmark function, especially, F2, F3, F4, F5, F7, F8, F10, F12, F15,
F16, F19, F22, and F26 are quite reasonable as compared to the com-
petitor. Based on these experimental results, one can easily judge
that the proposed algorithm has obtained much promising experi-
mental results by solving almost all benchmark functions efficiently
in ten dimension [63].

Tables 4 and 5 summarizes the numerical results incurred by our
proposed ESEA algorithm while solving each benchmark func-
tion of the IEEE-CEC’17 test suite [63] with thirty decision vari-
ables. The first column of Tables 4 and 5 present the best objective
function values approximated by ESEA algorithm in comparison
with PSO and DE Algorithm with the same parameter settings and
resources allocations. The benchmark functions used in our carried

out experiments, namely, F1, F5, F6, F8, F9, F10, F13, F14, F19, F20,
F21, F23, F24, F25, and F29 are efficiently tackled by ESEA in their
ten independent runs of simulations to establish a fair comparison
among all used algorithms. As compared to the DE algorithm, the
experimental results of the PSO better in solving benchmark func-
tions, namely, F5, F7, F8, F10, F11, F12, F13, F14, F15, F16, F18, F19,
F20 F21, F24, F25, F26, F28, and F29. Likewise on the benchmark
functions, namely, F2, F9, F17, F23, and F27, DE has offered com-
paratively better experimental results against PSO. Similarly, com-
pared to DE, PSO has solved the benchmark functions, F26 and
F28 more efficiently and effectively. As recorded in the second col-
umn of Tables 4 and 5, the average function values of the PSO, DE
are less effective as compared to the proposed ESEA algorithm by
solving each problem in thirty dimensions. The third column of the
same tables gathers the evolution in standard deviation concerning
PSO, DE, and ESEA algorithms for each IEEE-CEC’17 benchmark
function [63]. Themaximum function values provided by ESEA for

Table 4 Numerical results provided by our proposed ESEA versus DE and PSO by solving F1 to F15 of CEC 2017 in thirty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

DE 2343.5 15217.6 7603.63 3358.95 0.583198
F01 100 PSO 116.029 8.45767e+ 09 1.56863e+ 09 1.88461e+ 09 0.429356

ESEA 100.11 20941.8 3777.7 5219.27 0.623945
DE 106830 282080 201559 37131.8 0.510951

F02 200 PSO 130585 340982 207974 43592.4 0.413869
ESEA 200 200 200 5.68434e− 15 0.664858
DE 84987.5 161136 124259 17148.4 0.590673

F03 300 PSO 5207.41 15630.3 9995.55 2096.24 0.555953
ESEA 5932.04 19834.2 10564.5 3265.49 0.662882
DE 489.974 510.857 493.62 3.66188 0.590970

F04 400 PSO 411.475 1600.76 638.146 265.737 0.522777
ESEA 403.997 537.632 478.475 26.9481 0.664474
DE 632.141 679.413 657.292 10.7419 0.775978

F05 500 PSO 558.702 707.944 634.038 30.4231 0.671594
ESEA 546.763 687.315 610.744 37.8276 0.847156
DE 600 600 600 5.29326e− 05 1.360746

F06 600 PSO 603.945 642.926 620.009 10.4469 1.246342
ESEA 600 603.85 600.287 0.722317 1.407526
DE 873.015 910.584 894.079 8.89461 0.793153

F07 700 PSO 791.393 1077.12 900.225 53.0693 0.693528
ESEA 853.577 922.68 890.75 16.2467 0.863758
DE 937.397 975.232 958.309 9.6358 0.803981

F08 800 PSO 868.652 997.996 920.6 26.8934 0.699017
ESEA 841.788 963.422 900.857 31.5793 0.870075
DE 935.076 1129.4 989.141 43.3545 0.799237

F09 900 PSO 1040.56 6864.33 2406.06 1479.61 0.697380
ESEA 900 908.634 901.659 1.81279 0.871768
DE 6361.91 7425.29 6983.52 219.832 0.945862

F10 1000 PSO 2897.84 6379.85 4593.4 706.574 0.811053
ESEA 4592.78 7524.32 6402.58 680.21 1.002238
DE 1258.45 1411.07 1335.13 28.9163 0.677599

F11 1100 PSO 1165.22 1361.83 1238.11 47.4266 0.551924
ESEA 1125.73 1293.3 1198.22 41.2607 0.712712
DE 7.13614e+ 06 2.37832e+ 07 1.43974e+ 07 3.84999e+ 06 0.793601

F12 1200 PSO 236450 1.98698e+ 08 1.04516e+ 07 3.31395e+ 07 0.638339
ESEA 35979.1 1.00722e+ 07 481964 1.39824e+ 06 0.807422
DE 79082.1 1.70393e+ 06 883763 429893 0.710579

F13 1300 PSO 1740.94 4.44085e+ 06 102730 619752 0.562704
ESEA 1590.3 62329.4 13706.6 12446.7 0.727566
DE 14076.6 398348 119518 71838.1 0.923934

F14 1400 PSO 2279.49 139668 32435 37598.6 0.782475
ESEA 1761.1 72486.6 24322 19041.1 0.963656
DE 39715 324880 131667 69389.6 0.653166

F15 1500 PSO 1704.74 42993.9 8694.26 8521.17 0.525389
ESEA 1576.21 42915.9 9495.27 9333.96 0.691918

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.
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Table 5 Numerical results gathered by our proposed ESEA versus DE and PSO by solving F16 to F30 of CEC 2017 in thirty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

DE 2183.79 2918.36 2530.69 161.685 0.782739
F16 1600 PSO 2106.02 3562.08 2725.97 300.672 0.642358

ESEA 1743 2959.96 2388.39 242.962 0.831094
DE 1854.94 2119.54 1964.43 58.8926 1.297625

F17 1700 PSO 1890.39 2605.69 2188.25 179.483 1.086634
ESEA 1760.47 2490.67 1971.61 166.249 1.285133
DE 260549 2.28682e+ 06 1.02937e+ 06 461361 0.731590

F18 1800 PSO 42585.3 4.0285e+ 06 487282 669296 0.608598
ESEA 40290.4 1.08407e+ 06 297521 238943 0.794658
DE 26559.5 277855 120705 58586.8 3.735985

F19 1900 PSO 2111.67 56536.2 10839.5 10558.7 3.572121
ESEA 1949.69 55269.5 11044.8 11730.9 3.763173
DE 2143.53 2463.83 2286.22 71.8191 1.331557

F20 2000 PSO 2182.79 2888.39 2415.88 160.795 1.161222
ESEA 2048.54 2482.94 2220.46 96.0979 1.368786
DE 2434.78 2480.64 2461.53 8.85573 1.834007

F21 2100 PSO 2352.85 2539.18 2439.07 36.1701 1.430537
ESEA 2346.9 2447.8 2394.96 25.8825 1.621051
DE 3178.16 5888.01 4022.64 562.158 1.833734

F22 2200 PSO 2300 7554.14 4478.78 2111.1 1.658826
ESEA 2300 5894.4 2371.38 503.191 1.844883
DE 2780.52 2833.63 2807.88 11.3247 2.032975

F23 2300 PSO 2806.36 3156.27 2995.46 83.7882 1.884781
ESEA 2729.95 2891.11 2795.12 40.9749 2.071151
DE 2979.53 3035.24 3011.75 11.351 2.300292

F24 2400 PSO 2935.24 3581.27 3189.14 114.375 2.128731
ESEA 2875.06 3098.07 3000.81 51.8501 2.371857
DE 2887.48 2888.19 2887.84 0.179793 1.940677

F25 2500 PSO 2884.38 3280.15 2931.32 76.9693 1.800011
ESEA 2883.44 2950.29 2896.84 17.9471 1.989600
DE 4994.93 5412.17 5223.82 100.247 2.517564

F26 2600 PSO 2802.32 7569.71 5621.88 1541.49 2.342270
ESEA 2800 6597.46 4454.28 1165.03 2.522929
DE 3211.92 3223.21 3218.38 2.66827 2.824495

F27 2700 PSO 3218.52 3479.01 3343.57 65.1078 2.669393
ESEA 3219.65 3357.48 3279.43 35.2231 2.861232
DE 3236.32 3291.99 3262.33 13.3343 2.421336

F28 2800 PSO 3205.88 4174.21 3352.32 193.343 2.271840
ESEA 3100.02 3257.96 3206.72 37.8344 2.460567
DE 3675.48 4081.97 3877.38 87.2055 1.974353

F29 2900 PSO 3482.47 4572.83 3927.22 243.893 1.785192
ESEA 3316.6 4007.26 3620.86 152.786 1.978978

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.

each problem are much competitive as compared to PSO and DE
Algorithm, especially in the case of F1, F2, F4, F5, F7, F8, F11, F12,
F13, F14, F16, F18, F20, F21, F22, F23, F24, F26, F28, and F29. On the
other hand, PSO has got better results in terms of maximum func-
tion values for the problem, F3, F5, F8, F10, F11, F12, F13, F14, F15,
F18 , F19, and F21 as compared to DE algorithm. However, the max-
imum function values of DE algorithm for the functions, F1, F2, F4,
F6, F7, F9, F16, F17, F20, F22, F23, F24, F25, F26, F27, F28, and F29
are comparatively better than PSO during ten independent runs of
population evolution with different random seeds.

Tables 6 and 7 offer the numerical results accumulated by the pro-
posed ESEA algorithm in terms of the minimum function values,
average function values, standard deviation values, and maximum
function values by solving each benchmark functions with fifty
decision variables [63]. ESEA has efficiently tackled almost all test
problems, especially, F1, F2, F3, F4, F6, F8, F9, F11, F12, F13, F14,
F15, F16, F17, F18, F20, F21, F22, F23, F24 , F25, F26, F28, and F29 as
compared to their counterparts. As a constituent algorithm of the

proposed algorithm, DE has performed better than PSO and found
promising experimental results for the benchmark functions of the
IEEE-CEC’17 [63], namely, F3, F5, F7, F8, F10, F11, F12, F13, F15,
F16, F17, F18, F19, F20, F21, F22, F23, F26, F27, and F29. The average
function values of the ESEA for the benchmark functions F2, F4, F9,
F11, F12, F13, F14, F15, F16, F17, F18, F19, F20, and F22 and also stan-
dard deviation values for the same functions are much better than
PSO andDE. As for as the maximum values are concerned, PSO for
problems including F3, F5, F8, F10, F11, F14, F15, F16, F18, F19, F20,
F21, and F22 is better than DE algorithm for the same benchmark
functions.

Tables 8 and 9 provides the numerical results of the proposed
algorithm versus GA by solving each benchmark function in ten
dimensions. Tables 10 and 11 includes the numerical results of each
benchmark function with thirty decision variables. The numerical
results obtained by proposed ESEA versus GA by solving F1 to F29
benchmark functions in fifty dimensions are hereby summarized in
Tables 12 and 13. All results gathered in these tables were obtained
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Table 6 Numerical results accumulated by our proposed ESEA versus DE and PSO by solving F1 to F15 of CEC 2017 in fifty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

DE 36046.6 2.0793e+ 07 3.72693e+ 06 4.4923e+ 06 1.637273
F01 100 PSO 970452 4.09775e+ 10 1.59622e+ 10 8.95246e+ 09 1.426690

ESEA 103.918 1.34257e+ 08 2.63524e+ 06 1.87993e+ 07 1.809686
DE 198609 464021 337500 57817.6 1.180289

F02 200 PSO 229215 527323 352243 54964.4 0.843248
ESEA 200 200.369 200.011 0.0544288 1.260103
DE 201456 325286 285716 26406.1 1.728365

F03 300 PSO 38033.5 112860 69877.4 18196.3 1.467334
ESEA 35595.3 119072 70252.6 17748.3 1.805110
DE 569.263 656.565 628.633 19.3177 1.734794

F04 400 PSO 571.555 6421.59 2285.39 1446.39 1.441616
ESEA 428.758 628.568 536.584 56.7989 1.812784
DE 841.223 914.623 877.926 16.2365 2.195264

F05 500 PSO 617.221 899.984 791.344 54.5483 1.945801
ESEA 631.334 927.262 818.512 76.1552 2.266826
DE 600.056 600.087 600.071 0.00673945 3.672042

F06 600 PSO 619.56 665.687 639.984 7.84557 3.051529
ESEA 600 602.888 600.212 0.500449 2.496372
DE 1097.93 1163.1 1135.75 14.3139 1.472860

F07 700 PSO 976.723 1508.27 1193.14 109.155 1.300345
ESEA 1091.64 1166.59 1132.51 16.13 1.555495
DE 1125.68 1203.9 1177.14 15.9981 1.485604

F08 800 PSO 996.027 1234.89 1102.58 56.4642 1.314049
ESEA 947.253 1227.19 1107.12 73.4285 1.525953
DE 2402.16 4456.02 3213.54 480.236 1.552365

F09 900 PSO 3083.85 27022.8 13967.2 7487.37 1.378557
ESEA 901.528 3899.49 1082.77 442.689 1.594404
DE 12321.8 13773.9 13236.2 374.854 1.708856

F10 1000 PSO 5687.71 9511.81 7415.06 881.436 1.501783
ESEA 10757.5 13691.7 12485.3 630.207 1.741799
DE 1910.13 2904.34 2338.26 251.749 1.271392

F11 1100 PSO 1235.06 1571.44 1362.03 68.9334 1.104600
ESEA 1188.17 1398.72 1263.8 44.3493 1.313783
DE 1.26926e+ 08 3.80466e+ 08 2.28579e+ 08 5.69729e+ 07 1.480879

F12 1200 PSO 1.40256e+ 06 1.45961e+ 10 1.37373e+ 09 2.58693e+ 09 1.283814
ESEA 462507 1.22911e+ 07 2.8871e+ 06 2.13282e+ 06 1.511272
DE 725002 6.05199e+ 06 3.0167e+ 06 1.36119e+ 06 1.300963

F13 1300 PSO 2158.22 5.12002e+ 08 2.6656e+ 07 1.03773e+ 08 1.125402
ESEA 1587.47 24790.2 6587.37 5518.93 1.334661
DE 254821 2.33906e+ 06 1.30353e+ 06 516312 1.662164

F14 1400 PSO 43345.6 811632 251465 164150 1.532055
ESEA 18985.4 777017 135860 130431 1.739088
DE 76740.9 977009 357016 192177 1.257321

F15 1500 PSO 2005.14 26734.7 10673.1 6840.36 1.085667
ESEA 1792.52 20190.8 9067.54 6602.38 1.300832

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.

Table 7 Numerical results accumulated by our proposed ESEA versus DE and PSO by solving F16 to F30 of CEC 2017 in fifty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

DE 3736.19 4687.75 4284.34 195.447 1.360924
F16 1600 PSO 2372.06 4501.18 3427.63 462.177 1.179998

ESEA 1972.19 4068.59 3082.1 427.816 1.392159
DE 2761.79 3475.29 3182.58 161.092 2.137903

F17 1700 PSO 2521.44 4068.33 3258.49 331.26 1.959108
ESEA 2112.2 3142.54 2763.91 234.666 2.159728
DE 3.67699e+ 06 1.55985e+ 07 8.29535e+ 06 3.09203e+ 06 1.365837

F18 1800 PSO 418451 9.67081e+ 06 3.14843e+ 06 2.01038e+ 06 1.200877
ESEA 321613 6.91886e+ 06 2.12064e+ 06 1.51407e+ 06 1.406279
DE 32237.5 445791 168709 77543.1 6.217998

F19 1900 PSO 2839.89 358985 29598.5 51952 6.135213
ESEA 4829.68 41806 16337.8 8610.9 6.499750
DE 2726.59 3552.38 3230.45 165.601 2.339555

F20 2000 PSO 2469.07 3673.13 3121.47 308.106 2.142325
ESEA 2183.41 3253.79 2729.21 244.342 2.612191
DE 2618.97 2716.85 2682.26 18.5522 3.426479

(Continued)
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Table 7 Numerical results accumulated by our proposed ESEA versus DE and PSO by solving F16 to F30 of CEC 2017 in fifty dimension. (Continued)

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F21 2100 PSO 2469.32 2788.7 2632.18 57.1423 3.103253
ESEA 2452.01 2754.03 2582.1 75.9738 3.319823
DE 12888.1 15415.1 14862.5 506.515 3.969959

F22 2200 PSO 2601.02 11797.1 9550.01 1376.43 3.890069
ESEA 2300 15343.1 11676 4743.5 3.795784
DE 3055.58 3139.2 3107.97 16.9574 4.318263

F23 2300 PSO 3036.15 3838.95 3459.93 150.119 4.251395
ESEA 2928.53 3274.04 3090.59 92.1445 6.612321
DE 3252.74 3332.06 3303.24 16.2321 4.575222

F24 2400 PSO 3289.05 4120.71 3739.28 180.829 4.429763
ESEA 3062.97 3690.59 3365.42 133.769 4.647092
DE 3043.43 3079.88 3054.93 8.90644 4.322516

F25 2500 PSO 3050.52 6602.35 4086.67 900.366 4.149483
ESEA 2961.15 3113.21 3057.16 34.3966 4.384233
DE 7094.28 7732.14 7477.59 138.581 5.294658

F26 2600 PSO 3293.14 12464.5 9825.3 2000.47 5.097603
ESEA 2900 10283.5 7193.82 2234.38 5.317807
DE 3377.84 3493.66 3437.76 22.3263 6.096795

F27 2700 PSO 3322.31 5142.76 4250.21 336.362 5.910171
ESEA 3357.4 4077.81 3691.17 168.706 6.153214
DE 3311.01 3391.35 3342.5 16.9807 5.407784

F28 2800 PSO 3414.96 6822.45 5137.51 917.433 5.231028
ESEA 3264.88 3412.13 3317.75 31.0122 5.438561
DE 4451.39 5201.76 4930.68 148.3 3.853938

F29 2900 PSO 4206.03 6201.02 5012.37 413.17 3.642380
ESEA 3474.48 5387.16 4343.42 402.245 3.850753

PSO, particle swarm optimization; DE, differential eveloution; CEC, congress on evolutionary computing.

Table 8 Numerical results provided by our proposed ESEA versus GA by solving F1 to F15 of CEC 2017 in ten dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F01 100 GA 112.092 6089.61 1676.9 1452.9 0.127179
ESEA-II 100.005 12037.6 1590.48 2494.76 0.238215

F02 200 GA 200 200.003 200 0.00050849 0.160300
ESEA-II 200 200 200 2.94792e− 13 0.285582

F03 300 GA 345.22 7294.83 1536.46 1222.11 0.126667
ESEA-II 305.7 3155.48 1096.46 718.423 0.235733

F04 400 GA 400.011 407.172 405.925 1.41251 0.125888
ESEA-II 400.432 406.981 406.004 1.19663 0.235002

F05 500 GA 502.985 523.879 511.629 4.90388 0.135319
ESEA-II 502.985 517.909 508.409 3.46527 0.245941

F06 600 GA 600 600 600 3.37708e− 07 0.219071
ESEA-II 600 600 600 0 0.341698

F07 700 GA 712.493 732.097 720.244 4.79181 0.153117
ESEA-II 712.377 727.625 718.803 3.44615 0.270635

F08 800 GA 801.99 820.894 809.872 4.47999 0.155578
ESEA-II 802.985 818.633 808.286 3.90871 0.269864

F09 900 GA 900 900.974 900.065 0.211771 0.144278
ESEA-II 900 900.003 900 0.000541231 0.259670

F10 1000 GA 1125.72 2264.87 1614.76 279.236 0.184973
ESEA-II 1013.6 2013.93 1475.29 238.52 0.302425

F11 1100 GA 1100.1 1114.05 1106.67 3.16052 0.133612
ESEA-II 1100.89 1113.65 1104.64 2.27661 0.249511

F12 1200 GA 7653.31 5.68181e+ 06 806456 1.22143e+ 06 0.156797
ESEA-II 1422.05 1.03694e+ 06 137324 244413 0.271253

F13 1300 GA 1318.38 25228.3 8493.43 6348.77 0.151822
ESEA-II 1325.92 31550.8 7784.58 6584.7 0.267060

F14 1400 GA 1415.71 21307.7 3738.48 3588.45 0.154964
ESEA-II 1408.24 9809.97 3117.73 2346.15 0.278408

F15 1500 GA 1506.45 12759.5 3628.02 2906.48 0.150104
ESEA-II 1501.52 10003.9 2905.3 2088.73 0.263929

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.
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Table 9 Numerical results provided by our proposed ESEA versus GA by solving F16 to F29 of CEC 2017 in ten dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F16 1600 GA 1600.29 1838.93 1655.38 71.5908 0.160117
ESEA-II 1600.51 1840.26 1632.16 52.9978 0.277952

F17 1700 GA 1700.33 1781.25 1718.05 16.4145 0.183127
ESEA-II 1700.02 1759.52 1708.69 10.8647 0.303991

F18 1800 GA 1884.09 35113.3 11884.4 9293.88 0.156321
ESEA-II 1877.01 37737.9 9278.55 8821.38 0.276295

F19 1900 GA 1905.54 22851.4 6401.07 4872.72 0.359799
ESEA-II 1918.89 16530.9 4546.27 3604.3 0.497721

F20 2000 GA 2000 2033.17 2008.22 9.87318 0.197561
ESEA-II 2000 2020.24 2001.63 3.9204 0.323643

F21 2100 GA 2202.46 2326.05 2285.75 47.8996 0.301348
ESEA-II 2200.03 2321.12 2289.07 44.8485 0.437779

F22 2200 GA 2228.69 2306.26 2299.41 10.1576 0.339447
ESEA-II 2300 2301.69 2300.28 0.49146 0.490457

F23 2300 GA 2603.21 2628.1 2611.59 4.61267 0.392353
ESEA-II 2604.21 2620.5 2611.41 4.18425 0.565490

F24 2400 GA 2500 2758.83 2733.23 48.02 0.375891
ESEA-II 2500 2764.68 2728.64 57.9942 0.513558

F25 2500 GA 2898.27 2951.49 2935.63 20.4537 0.390659
ESEA-II 2897.74 2951.18 2933.58 21.5788 0.532507

F26 2600 GA 2800 3072.87 2920.22 43.2593 0.446788
ESEA-II 2600 3001.18 2903.14 48.6392 0.602823

F27 2700 GA 3090.38 3103.02 3096.13 2.95396 0.516454
ESEA-II 3089.52 3099.24 3094.35 2.80492 0.671058

F28 2800 GA 3100 3446.48 3300.48 136.51 0.447005
ESEA-II 3100 3411.82 3303.15 129.128 0.599055

F29 2900 GA 3138.03 3227.28 3173.29 21.001 0.374510
ESEA-II 3133.85 3227.59 3164.73 20.7597 0.519463

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.

Table 10 Numerical results provided by our proposed ESEA versus GA by solving F1 to F16 of CEC 2017 in thirty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F01 100 GA 1152.5 1.37974e+ 07 1.50593e+ 06 3.1845e+ 06 0.660831
ESEA-II 120.244 46288.3 5892.95 7677.1 1.119098

F02 200 GA 204.38 897.573 363.515 141.441 0.974057
ESEA-II 200 1103.86 242.53 132.417 1.509185

F03 300 GA 4377.59 25141 11831.7 4593.96 0.702093
ESEA-II 5015.47 33382.6 13701.5 5823.17 1.095244

F04 400 GA 432.685 580.831 511.665 27.4456 0.689760
ESEA-II 404.091 516.448 489.816 22.3533 1.093285

F05 500 GA 519.357 584.538 551.245 15.2413 0.792540
ESEA-II 530.509 597.441 556.28 16.1532 1.202547

F06 600 GA 600 600.025 600.001 0.00366595 1.266414
ESEA-II 600 600 600 2.68326e− 08 2.063278

F07 700 GA 756.267 853.569 802.344 28.5348 0.870851
ESEA-II 758.122 833.369 789.968 16.8456 1.292511

F08 800 GA 823.457 879.466 852.081 15.0641 0.943852
ESEA-II 830.844 894.541 854.773 14.8042 1.375917

F09 900 GA 905.076 1531.37 981.632 148.67 0.819799
ESEA-II 900 2460.8 942.989 222.265 1.226116

F10 1000 GA 2641.81 4744.32 3714.75 508.623 1.221028
ESEA-II 2741.09 5608.5 3763.92 561.007 1.683116

F11 1100 GA 1129.39 1748.55 1264.03 117.54 0.751172
ESEA-II 1107 1514.34 1180.45 85.0489 1.159543

F12 1200 GA 33714.9 8.60836e+ 06 2.06336e+ 06 1.68071e+ 06 0.923895
ESEA-II 83450 4.529e+ 06 1.10473e+ 06 943579 1.355424

F13 1300 GA 1362.76 158093 18349.1 25320.6 0.817558
ESEA-II 1388.7 40937.8 13713.3 10575.3 1.240687

F14 1400 GA 9260.58 2.21574e+ 06 532464 509412 0.984816
ESEA-II 12807.7 1.47819e+ 06 313357 337765 1.411275

F15 1500 GA 1580.19 34975.7 6815.7 7319.85 0.814190
ESEA-II 1525.6 42730.3 7829.12 9214.97 1.213920

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.



424 W. K. Mashwani et al. / International Journal of Computational Intelligence Systems 14(1) 412–437

Table 11 Numerical results provided by our proposed ESEA versus GA by solving F16 to F29 of CEC 2017 in thirty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F16 1600 GA 1850.63 2974.61 2483.18 296.023 0.920448
ESEA-II 1752.19 3182.87 2479.49 275.516 1.335441

F17 1700 GA 1711.36 2482 1987.21 189.304 1.157793
ESEA-II 1729.76 2410.57 2003.46 160.278 1.603197

F18 1800 GA 52969.6 3.30024e+ 06 588413 531371 0.846876
ESEA-II 58428.6 7.34934e+ 06 819487 1.14578e+06 1.275329

F19 1900 GA 1917.99 48445.9 8580.92 7914.14 2.719499
ESEA-II 2067.76 56432 10527 10987 3.303746

F20 2000 GA 2032.83 2764.99 2377.22 198.368 1.309053
ESEA-II 2009.59 2849.64 2336.61 189.388 1.749268

F21 2100 GA 2323.63 2428.27 2359.67 20.4686 2.386408
ESEA-II 2325.35 2406.13 2352.77 16.0219 2.929541

F22 2200 GA 2300 5222.57 2359.58 408.934 2.704526
ESEA-II 2300 6754.23 2447.79 751.223 3.321357

F23 2300 GA 2660.07 2771.96 2702.89 22.9293 3.246358
ESEA-II 2667.51 2760.95 2707.43 19.7795 3.889651

F24 2400 GA 2839.98 2935.08 2874.17 22.8881 3.110545
ESEA-II 2851.75 2925.55 2878.95 18.0297 3.736883

F25 2500 GA 2885.07 2937.98 2900.59 14.02 3.339694
ESEA-II 2884.32 2926.54 2890.27 7.7786 3.966824

F26 2600 GA 3763.12 4568.42 4113.23 180.621 3.958625
ESEA-II 3782.61 4772.88 4206.64 236.07 4.389339

F27 2700 GA 3202.4 3240.34 3222 7.78126 4.586867
ESEA-II 3201.57 3238.95 3213.29 7.0289 4.916931

F28 2800 GA 3208.95 3317.92 3252.6 24.3448 3.920140
ESEA-II 3162.21 3271.66 3205.44 15.9687 4.248548

F29 2900 GA 3361.51 4052.14 3626.01 159.987 2.797537
ESEA-II 3329.41 3843.38 3557.78 141.63 3.452291

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.

Table 12 Numerical results provided by our proposed ESEA versus GA by solving F1 to F15 of CEC 2017 in fifty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F01 100 GA 116565 1.55105e+ 08 1.35536e+ 07 2.74012e+ 07 1.851306
ESEA-II 100.825 12213.3 2510.19 2728.08 2.692427

F02 200 GA 712.758 3583.32 1735.1 735.877 1.409840
ESEA-II 200 891.383 274.888 164.6 2.967594

F03 300 GA 25304 64592.3 41461.5 9241.66 1.856108
ESEA-II 22612.7 95402 46528.9 13041.9 2.599555

F04 400 GA 552.507 731.424 634.296 44.6463 1.904860
ESEA-II 428.513 611.987 502.177 49.7562 2.616350

F05 500 GA 554.344 778.794 651.423 65.8744 2.142100
ESEA-II 561.193 659.166 604.102 23.3479 2.920949

F06 600 GA 600 600.214 600.022 0.0369354 3.961551
ESEA-II 600 600.008 600 0.00117649 4.535922

F07 700 GA 797.821 1112.63 907.66 85.0347 2.323571
ESEA-II 811.637 905.344 850.87 26.8966 3.086783

F08 800 GA 859.698 1081.86 951.47 64.2085 2.611588
ESEA-II 862.217 948.58 901.296 20.3518 3.347141

F09 900 GA 973.003 12006.3 2015.82 1651.15 2.200571
ESEA-II 900.544 6716.28 1551.85 1237.53 2.982360

F10 1000 GA 6805.89 10056.3 8347.59 796.9 3.388132
ESEA-II 4758.78 8517.51 6628.49 818.51 4.203645

F11 1100 GA 1252.29 3127.15 1767.51 426.836 2.000565
ESEA-II 1129.84 3057.88 1535.09 468.012 2.876479

F12 1200 GA 2.98513e+06 4.00603e+ 07 8.67578e+ 06 5.93632e+ 06 2.506063
ESEA-II 269098 5.78315e+ 06 1.74482e+ 06 1.01614e+ 06 3.366186

F13 1300 GA 2114.08 76667.6 9874.46 11518.2 2.139729
ESEA-II 1373.96 31868.4 4932.98 5252.12 2.932518

F14 1400 GA 131365 4.14154e+ 06 1.36249e+ 06 1.08968e+ 06 2.740196
ESEA-II 121994 1.68917e+ 06 539011 377582 3.532500

F15 1500 GA 1629.11 22060.9 9566.43 6747.35 2.161552
ESEA-II 1587.07 19471.5 8893.16 5390.16 2.936606

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.
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Table 13 Numerical results provided by our proposed ESEA versus GA by solving F16 to F29 of CEC 2017 in fifty dimension.

Problem No Optimum Algorithm Best Worst Mean St. Dev. CPU Time/Run(s)

F16 1600 GA 2476.27 3851.28 3225.95 349.568 2.450315
ESEA-II 2354.19 3996.37 3375.01 367.313 3.220540

F17 1700 GA 2290.91 3580.5 2925.46 320.594 3.148421
ESEA-II 2136.73 3690.03 2873.87 303.226 3.894396

F18 1800 GA 78965.7 1.34741e+ 07 3.62359e+ 06 2.68292e+ 06 2.292391
ESEA-II 232543 1.06487e+ 07 2.56396e+ 06 2.20091e+ 06 3.029270

F19 1900 GA 3882.44 43071.3 20632.3 10304.2 7.431792
ESEA-II 4603.18 38583.1 18561.2 8814.16 8.391807

F20 2000 GA 2196.66 3510 2955.11 269.56 3.617867
ESEA-II 2341.88 3620.78 2943.93 313.621 4.359299

F21 2100 GA 2356.43 2575.52 2460.5 69.6128 7.220507
ESEA-II 2347.12 2500.96 2409.55 28.5521 8.674117

F22 2200 GA 2305.55 12101.9 9907.33 1812.67 8.481901
ESEA-II 6542.18 10969.5 8688.09 945.373 9.049164

F23 2300 GA 2769.95 3032.08 2843.09 62.0126 10.131182
ESEA-II 2788.62 2898.83 2844.46 26.4369 10.861602

F24 2400 GA 2968.36 3299.47 3045.29 89.4193 9.730596
ESEA-II 2954.21 3064.47 3002.21 27.9304 10.493888

F25 2500 GA 3072.08 3203.05 3124.8 30.611 11.160622
ESEA-II 2960.76 3109.66 3053.51 36.4146 11.448251

F26 2600 GA 4376.67 6186.06 4920.24 396.294 12.497063
ESEA-II 4401.31 5537.7 4859.08 274.355 13.109032

F27 2700 GA 3302.58 3530.29 3434.49 52.595 14.539892
ESEA-II 3247.35 3464.74 3336.11 45.5723 16.866424

F28 2800 GA 3388.9 3540.68 3448.02 33.5245 13.425890
ESEA-II 3280.21 3324 3309.19 7.28352 14.927486

F29 2900 GA 3430.61 4547.15 3871.33 262.686 8.394708
ESEA-II 3259.05 4421.54 3795.76 245.301 9.860898

PSO, particle swarm optimization; GA, genetic algorithm; CEC, congress on evolutionary computing.

by employing a GA to replace the PSO as a constituent algorithm
in the framework of the designed ameliorated algorithm ensemble
algorithm denoted by ESEA-II.

The second column of the Tables 8–13 include the known optimal
solution of each used benchmark function denoted by F1 to F29.
The 4th column of the aforementioned tables gathered the best opti-
mal solution found by GA and the proposed algorithm denoted by
ESEA-11. The 5th columnof the above same tables provide theworst
objective function values of each benchmark function. Similarly,
6th column of each table includes the average objective function
values and 7th column of each table standard deviation in objec-
tive function values by executing both GA and ESEA-II with fifty-
one different random seeds to solve each benchmark function. The
smaller values gathered in all tables represent better results of the
corresponding algorithms. The last column of each table presents
the average Central processing unit (CPU) time elapsed by the pro-
posed algorithm and each competitor algorithm.

Figure 2 displays the evolution in minimum objective function val-
ues concerning ESEA, PSO, andDE algorithm for benchmark func-
tion, F1 − F5 solved in different dimensions. The first panel is for
dimension n = 10, the 2nd panel is for n = 30 and the 3rd one is
for n = 50. These figures, clearly exhibit that the convergence abil-
ity of the proposed ESEA algorithm is much better than PSO and
DE algorithm while converging toward the known optimal value as
listed in the last column of Table 1 as comprising the characteristics
of F1 to F5 benchmark functions [63].

Figure 3 demonstrates the convergence graph of the ESEA, PSO,
and DE algorithm by solving the benchmark functions from F6 to
F10 in different search dimensions. The first panel is for F6 to F10

with dimension n = 10, the 2nd panel is with respect to n = 30,
and the 3rd one is for F6- F10 with n = 50. These figures demon-
strate the convergence ability of the proposed ESEA algorithm ver-
susPSO andDE algorithmwhilemoving toward the known optimal
value as listed in the last column of Table 1 for F1 to F5 benchmark
functions [63].

The evolutions in the minimum objective function values, when
applying ESEA, PSO, and DE algorithms over benchmark function,
F11 to F15 are given in Figure 4. The first panel is for n = 10,
the 2nd panel is for n = 30, and the 3rd one is for n = 50.
These figures clearly exhibit that the convergence ability of the pro-
posed ESEA algorithm is much better than PSO and DE algorithms
while marching toward the known optimal value as listed in the last
column of Table 1 as comprising the characteristics of F11 to F15
benchmark functions [63].

The convergence graphs displayed by ESEA, PSO, and DE algo-
rithm by solving benchmark functions likewise F16 to F20 in differ-
ent dimensions are given in Figure 5. The first panel is with respect
to dimensionn = 10, the 2nd panel is with respect ton = 30, and the
3rd one is with respect to n = 50. These figures, clearly exhibit that
the convergence ability of the proposed ESEA algorithm is much
better than PSO and DE algorithm in term of converging toward
the known optimal value as listed in the last column of Table 1 that
mainly describe the key features of F16 to F20 benchmark functions
[63].

The convergence speed toward the known optimal value of the
benchmark functions denoted by F17 − F25 with respect to ESEA,
PSO, and DE are included in Figure 6. The first panel contains con-
vergence curves of F17 − F25 in n = 10, the 2nd panel comprising
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Figure 2 Evolution in the best function values of panel is for problems with fifty dimension.
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Figure 3 Evolution in the best function values of panel is for problems with fifty dimension.



428 W. K. Mashwani et al. / International Journal of Computational Intelligence Systems 14(1) 412–437

Figure 4 Evolution in the best function values of panel is for problems with fifty dimension.
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Figure 5 Evolution in the best function values of panel is for problems with fifty dimension.
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Figure 6 Evolution in the best function values of panel is for problems with fifty dimension.
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Figure 7 Evolution in the best function values of panel is for problems with fifty dimension.
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Figure 8 Evolution in the average function values of panel is for problems with fifty dimension.
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Figure 9 Comparison of best function values versus optimal values of benchmark functions panel is for problems with fifty dimension.

the convergence of the F17 − F25 in n = 30, and the 3rd panel pro-
vide the convergence graph of the problems including F17 − F25 in
n = 50 dimension. These figures, clearly exhibit that the conver-
gence ability of the proposed ESEA algorithm is much better than
PSO and DE algorithm while converging toward the known opti-
mal value as listed in the last column of Table 1 as comprising the
characteristics of F17 to F25 benchmark functions [63].

Figure 7 presents the visual convergence graph of the ESEA, PSO,
and DE algorithm while solving the benchmark functions from F26
to F29 in different search dimensions. The first panel is with respect
to solving F26 to F29 in n = 10 dimension, the 2nd panel is with
respect to n = 30, and the 3rd one for F26- F29 with n = 50. These
figures, demonstrate the convergence ability of the proposed ESEA
algorithm versus PSO and DE algorithm while moving toward the
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known optimal value as listed in the last column of Table 1 for F26
to F29 benchmark functions [63].

In Figure 8, the evolution in the average objective function value
displayed by ESEA-II versusGAwhile solving benchmark functions
denoted by F1 to F5. The 1st panel in the 8 for F1 to F5 in ten dimen-
sion, 2nd panel by solving F1 to F5 in thirty dimension, and 3rd panel
is for the same functions in fifty dimension.

Figure 9 presents comparison of best function values versus optimal
values of benchmark functions F1 to F29 in n = 10, 30, and 50
dimensions which are solved by DE, PSO, and ESEA. The 1st panel
is designated for the mentioned problem with ten dimension, 2nd
panel attributes problems with thirty dimension, and 3rd panel deal
with problems with fifty dimension.

The numerical results as summarized in all tables indicate the
consistency of the proposed ESEA algorithm while solving large-
scale global optimization problems having had continuous search
space. We have also performed the statistical analysis by employing
Wilcoxons rank-sum test with 𝜆 = 0.05 of freedom as commonly
used in the existing literature of evolutionary computing, in order to
establish a fair comparison between the proposed ESEA algorithm
versus two well established constituent algorithms including the
PSO and DE algorithm. After statistical investigation, we awarded
the suggested algorithm first rank, PSO got the second position, and
DE was declared third by solving most of the benchmark functions
in terms of fast convergence toward their respective known optimal
solution.

4. CONCLUSION

In the last two decades, EC has played an authoritative role in solv-
ing various complex optimization and search problems. A family of
EAs under the umbrella of the EC field has many advantages and
various distinguishing features as compared to existing traditional
mathematical programming techniques while solving complicated
optimization problems. EAs have the ability of a collective learning
approach, self-adaptation, robustness, and particularly no need for
derivative information to conduct their search process. EAs work
on a uniformly and randomly generated set of solutions and have
been successfully applied to many real-world problems that posed
in different disciplines of engineering technologies, business com-
munities, commercial applications. The combined use of different
learning techniques might be useful in alleviating the shortcom-
ings of the various baseline EAs in the form of hybridization or
fusion of these techniques. Hybrid EAs have a substantial impor-
tance in attaining global optimal solutions for the problem at hand
as compared to single strategy-based EAs. This paper proposes an
ensemble strategy-based EA to solve large-scale global optimiza-
tion problems with complicated search space. The proposed algo-
rithm so-called ESEAhas employed some existingEAas constituent
algorithms based on dynamic resources allocation procedure. The
constituent algorithms include the PSO, DE algorithm, BA and
TLBA, and GA to evolve its population. Promising simulations
results have been found by the proposed algorithm over a series of
benchmark functions for most of the benchmark functions as com-
pared PSO and DE, and GAs. This good algorithmic behavior of
the suggested algorithm is attributed to the intelligent and adaptive
strategy of distributed procedure. The proposed algorithm is much

flexible and can easily be adapted to a parallel computing network
for finding the solution of complicated real-world problems in less
computation time. Furthermore, multiple search operators can be
assumed in the constituent algorithms in the framework of the pro-
posed algorithm keeping in view the fact that different problems
suit different search operators.

In the future, we intend to further investigate the algorithmic behav-
ior of the suggested algorithm upon more complicated benchmark
functions and real-world optimization problems.
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