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a b s t r a c t

A new method for improving the optimization performance of a state-of-the-art differential evolution
(DE) variant is proposed in this paper. The technique can increase the exploration by adopting the
long-tailed property of the Cauchy distribution, which helps the algorithm generate a trial vector with
great diversity. Compared to the previous approaches, the proposed approach perturbs a target vector
instead of a mutant vector based on a jumping rate. We applied the proposed approach to LSHADE-RSP
ranked second place in the CEC 2018 competition on single objective real-valued optimization. A set
of 30 different and difficult optimization problems is used to evaluate the optimization performance of
the improved LSHADE-RSP. Our experimental results verify that the improved LSHADE-RSP significantly
outperformed not only its predecessor LSHADE-RSP but also several cutting-edge DE variants in terms
of convergence speed and solution accuracy.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

A population-based metaheuristic optimization method called
volutionary algorithms (EAs) is designed based on Darwin’s the-
ry of natural selection. EAs generate a set of initial candidate so-
utions and update them iteratively with artificially designed evo-
utionary operators. As compared to traditional search algorithms,
As are global, robust, and can be applied to any problem.
It is important to establish a balance between exploration and

xploitation to improve the optimization performance of EAs.
atej et al. [1] stated that ‘‘Exploration is the process of visiting
ntirely new regions of a search space, whilst exploitation is the
rocess of visiting those regions of a search space within the
eighborhood of previously visited points’’. If an EA has too strong
xploration, it might not be beneficial from existing candidate
olutions [2]. On the other hand, if an EA has too strong ex-
loitation, the probability of finding an optimal solution might
e decreased [2]. Many researchers have investigated a number
f approaches for balancing the two cornerstones [1].
Differential evolution (DE) proposed by Storn and Price [3,

] is one of the most successful EAs to deal with mathemati-
al optimization. DE distributes its candidate solutions over the
earch boundaries of an optimization problem and updates them
teratively with vector difference based evolutionary operators.
E has two main advantages over other EAs: 1) it has a simple
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E-mail address: cwan@gist.ac.kr (C.W. Ahn).
ttps://doi.org/10.1016/j.knosys.2020.106628
950-7051/© 2020 Elsevier B.V. All rights reserved.
structure and a few control parameters, and 2) the effective-
ness of DE has been demonstrated on various real-world prob-
lems [5,6]. Among numerous DE variants, L-SHADE variants [7–
18] frequently perform very well on various optimization prob-
lems. LSHADE-RSP [17] was recently proposed and ranked second
place in the CEC 2018 competition on single objective real-valued
optimization.

Although LSHADE-RSP has shown excellent performance, it
has the following problem: LSHADE-RSP uses a rank-based selec-
tive pressure scheme, which increases the greediness and boosts
the convergence speed. However, it may cause premature con-
vergence in which all the candidate solutions fall into the local
optimum of an optimization problem and cannot escape from
there [19–22]. Although LSHADE-RSP uses a setting for increasing
the number of pbest individuals in an effort to mitigate the
problem, it may not be sufficient. In other words, LSHADE-RSP
may fail to achieve exploration and exploitation.

In this paper, we proposed a new method for improving the
optimization performance of LSHADE-RSP. The technique per-
turbs a target vector with the Cauchy distribution based on a
jumping rate, which helps the algorithm generate a trial vector
with great diversity. Therefore, the technique can increase the
probability of finding an optimal solution by adopting the long-
tailed property of the Cauchy distribution. In the literature of DE,
some researchers have demonstrated the effectiveness of using
the Cauchy distribution in the phase of the recombination [23–
27]. The novelty of the proposed approach lies in the perturba-

tion of a target vector instead of a mutant vector. We named

https://doi.org/10.1016/j.knosys.2020.106628
http://www.elsevier.com/locate/knosys
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he combination of LSHADE-RSP and the proposed approach as
LSHADE-RSP.

We carried out experiments to evaluate the optimization
erformance of the proposed algorithm on the CEC 2017 test
uite [28]. Our experimental results verify that the proposed
lgorithm significantly outperformed not only its predecessor
SHADE-RSP but also several state-of-the-art DE variants in terms
f convergence speed and solution accuracy. The proposed al-
orithm can be applied to various real-world problems, such as
ommunity detection [29–31], influence maximization [32], and
obust control [33].

The rest of this paper is organized as follows: We introduce
he background of this paper in Section 2. In Section 3, we review
he relevant literature to know, especially for L-SHADE variants.
n Section 4, the details of the proposed algorithm is explained.
e describe the experimental setup in Section 5. We present

he experimental results and discussion in Section 6. Finally, we
onclude this paper in Section 7.

. Background

.1. Differential evolution

Since it was introduced, DE [3,4] has received much attention
ecause of simplicity and applicability. At the beginning of an
ptimization process, DE generates a set of NP initial candidate
olutions as follows.

g = (x1,g , x2,g , . . . , xNP,g ) (1)

here Pg denotes a population at generation g . Each candidate
olution denoted by xi,g = (x1i,g , x

2
i,g , . . . , x

D
i,g ) is a D-dimensional

ector at generation g . DE updates the candidate solutions itera-
ively with vector difference based evolutionary operators, such
s mutation, crossover, and selection, to search for the global op-
imum of an optimization problem. The mutation and crossover
perators create a set of NP offspring, and the selection operator
reates a population for the next generation by comparing the
itness value of a candidate solution and that of its corresponding
ffspring. DE returns the current best solution when it reaches
he maximum number of generations Gmax or function evaluations
FEmax.

.1.1. Initialization
At the beginning of an optimization process, DE distributes its

andidate solutions over the search boundaries of an optimization
roblem with the initialization operator. Each candidate solution
s initialized as follows.
j
i,0 = xjmin + randji · (x

j
max − xjmin) (2)

here xmin = (x1min, x
2
min, . . . , x

D
min) and xmax = (x1max, x

2
max, . . . ,

xDmax) denote the lower and upper search boundaries of an opti-
mization problem, respectively. Also, randji denotes a uniformly
distributed random number between [0, 1].

2.1.2. Mutation
A mutant vector at generation g vi,g is created in the mutation

operator. The six frequently used classical mutation strategies are
listed as follows.

• DE/rand/1:
vi,g = xr1,g + F · (xr2,g − xr3,g )
• DE/rand/2:

vi,g = xr1,g + F · (xr2,g − xr3,g )+ F · (xr4,g − xr5,g )
• DE/best/1:

v = x + F · (x − x )
i,g best,g r1,g r2,g

2

• DE/best/2:
vi,g = xbest,g + F · (xr1,g − xr2,g )+ F · (xr3,g − xr4,g )
• DE/current-to-best/1:

vi,g = xi,g + F · (xbest,g − xi,g )+ F · (xr1,g − xr2,g )
• DE/current-to-rand/1:

vi,g = xi,g + K · (xr1,g − xi,g )+ F · (xr2,g − xr3,g )

here r1, r2, r3, r4, r5 denote mutually different random indices
ithin {1, 2, . . . ,NP}, which are also different from i. Moreover,
best,g denotes the current best candidate solution. Furthermore,
denotes a scaling factor, and K denotes a uniformly distributed

andom number between [0, 1].

.1.3. Crossover
A trial vector at generation g ui,g is created in the crossover

perator. The binomial crossover frequently used creates a trial
ector as follows.

j
i,g =

{
v
j
i,g if randji < CR or j = jrand

xji,g otherwise
(3)

here jrand denotes a random index within {1, 2, . . . ,D}. Also, CR
denotes a crossover rate. The exponential crossover creates a trial
vector as follows.

uj
i,g =

{
v
j
i,g if j = ⟨n⟩D, ⟨n+ 1⟩D, . . . , ⟨n+ L− 1⟩D

xji,g otherwise
(4)

where n denotes a random index within {1, 2, . . . ,D}, and L
denotes the number of elements, which can be calculated as
follows.

L = 0
DO { L = L+ 1 }
WHILE ((randji < CR) AND (L < D))
Also, ⟨·⟩D denotes the modulo of D.

2.1.4. Selection
DE creates a population for the next generation with the

selection operator. The selection operator compares the fitness
value of a candidate solution (xi,g ) and that of its corresponding
offspring (ui,g ) and picks the better one in terms of solution
accuracy as follows.

xi,g+1 =
{

ui,g if f (ui,g ) ≤ f (xi,g )
xi,g otherwise (5)

where f (x) denotes an optimization problem to be minimized.

2.2. Other population-based stochastic optimization methods

This subsection presents the relevant literature of other
population-based stochastic optimization methods for single ob-
jective real-valued optimization.

2.2.1. Particle swarm optimization
Particle swarm optimization (PSO) [34,35] is a popular swarm

intelligence technique for multidimensional real-valued func-
tions, inspired by animals’ collective behavior, such as the flocks
of birds and the schools of fish. The population of PSO has N
particles. Each particle can memorize its location and velocity
and update them at each generation based on its best experience
(location and velocity) and the best particle experience. This
process is repeated until any one of the termination criteria
is met. PSO has attracted researchers’ attention because of its
advantages, such as simple structure and fast convergence speed.
Numerous studies on PSO have been conducted on the following
aspects: algorithm structure, parameter selection, and topological
structure [36].
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Fig. 1. The four different PDFs of the Cauchy distribution.

2.2.2. Estimation of distribution algorithms
Estimation of distribution algorithms (EDAs) [37–40] are one

f the successful EAs, which refines a probability model itera-
ively. The population of EDAs has N candidate solutions. After
valuating the initial candidate solutions, EDAs select the pbest
andidate solutions and construct a probability model with them.
nce the model is constructed, the algorithms create a popula-
ion for the next generation by sampling the model’s probability
istribution. This process is repeated until any one of the termi-
ation criteria is met. Unlike most other EAs, EDAs can provide
n explicit probability distribution after the optimization pro-
ess, which reveals much information about the problem being
olved. Numerous studies on EDAs have been conducted on the
ollowing aspects: time continuation, sporadic and incremental
odel building, and incorporating problem-specific knowledge
nd learning from experience [41].

.3. Analysis of Cauchy distribution

The Cauchy distribution is a family of continuous probability
istributions, which is stable and has a probability density func-
ion (PDF), which can be expressed analytically. As compared to
he Gaussian distribution, the Cauchy distribution has a higher
eak and a longer tail. The Cauchy distribution has two param-
ters: the location parameter x0 and the scale parameter γ . The

Cauchy distribution has a short and wide PDF if the scale param-
eter is high, while a tall and narrow PDF if the scale parameter
is low. The PDF of the Cauchy distribution with x0 and γ can be
defined as follows.

f (x; x0, γ ) =
1

πγ [1+ ( x−x0
γ

)2]
=

1
π

[
γ

(x− x0)2 + γ 2

]
(6)

Additionally, the cumulative distribution function of the
Cauchy distribution with x0 and γ can be defined as follows.

F (x; x0, γ ) =
1
π
arctan

(
x− x0

γ

)
+

1
2

(7)

Fig. 1 shows the four different PDFs of the Cauchy distribution.

3. Literature review

Since it was introduced, many researchers have developed
new methods for DE, such as

• Adaptive parameters with single mutation strategy DE algo-
rithms [42–50],
• Adaptive parameters with multiple mutation strategy DE

algorithms [51–61],
3

• Hybrid DE algorithms [23–27,62–67],
• DE algorithms with sampling explicit probabilistic mod-

els [68–70].

For more detailed information, please refer to the following
papers [5,6,71,72].

Among numerous DE variants, L-SHADE variants [7–18] fre-
quently perform very well on various optimization problems.
JADE [7] proposed by Zhang and Sanderson is considered to
be the origin of L-SHADE variants. JADE uses a new mutation
strategy DE/current-to-pbest/1 with an external archive. The new
mutation strategy is the generalization of a classical mutation
strategy DE/current-to-best/1, and the external archive supplies
the progress of an evolutionary process. These modifications im-
prove the exploration of the algorithm. JADE also uses a learning
process-based adaptive parameter control to adjust the control
parameters F and CR automatically. In the experiments, JADE
outperformed several algorithms, including jDE [42], SaDE [51],
and PSO [73].

Tanabe and Fukunaga proposed SHADE [8], an enhancement
to JADE. The main difference between SHADE and JADE is that
SHADE utilizes historical memories, which store the average of
successfully evolved individuals’ control parameters F and CR
to adjust the control parameters F and CR automatically. In the
experiments, SHADE outperformed several algorithms, including
CoDE [53], EPSDE [52], and dynNP-DE [43]. Tanabe and Fuku-
naga later proposed L-SHADE [9], an enhancement to SHADE.
The main difference between L-SHADE and SHADE is that L-
SHADE utilizes linear population size reduction (LPSR), which
gradually reduces the population size as a linear function to es-
tablish a balance between exploration and exploitation. In the ex-
periments, L-SHADE outperformed several algorithms, including
NBIPOP-ACMA-ES [74] and iCMAES-ILS [75].

Brest et al. proposed an improved version of L-SHADE called
iL-SHADE [10]. iL-SHADE updates historical memories µF and
µCR by calculating the average of old and new values. iL-SHADE
also gradually reduces the p value of DE/current-to-pbest/1 as
a linear function. iL-SHADE was ranked third place in the CEC
2016 competition on single objective real-valued optimization.
Brest et al. later proposed an improved version of iL-SHADE called
jSO [11]. jSO uses a new mutation strategy DE/current-to-pbest-
w/1, which assigns a lower scaling factor Fw at the early stage of
an evolutionary process and a higher scaling factor Fw at the late
stage of an evolutionary process. jSO was ranked second place
in the CEC 2017 competitions on single objective real-valued
optimization.

Awad et al. proposed LSHADE-EpSin [12] based on L-SHADE,
which utilizes a new ensemble sinusoidal approach for tuning
the scaling factor F in an adaptive manner. The new ensem-
ble sinusoidal approach is the combination of two sinusoidal
waves whose objective is to establish a balance between ex-
ploration and exploitation. LSHADE-EpSin also utilizes a random
walk at the late stage of an evolutionary process. Awad et al.
proposed L-convSHADE [13] based on L-SHADE, which utilizes a
new crossover operator based on covariance matrix adaptation
with Euclidean neighborhood for rotation invariance. Awad et al.
later proposed LSHADE-cnEpSin [14], which is the combination of
LSHADE-EpSin and L-convSHADE with two major modifications:
(1) a new ensemble sinusoidal approach with a learning process-
based adaptive parameter control and (2) a new crossover op-
erator based on covariance matrix adaptation with Euclidean
neighborhood for rotation invariance. Finally, Awad et al. pro-
posed EsDEr-NR [15] based on LSHADE-EpSin, which gradually
reduces the population size with a niching-based approach.

Mohamed et al. proposed LSHADE-SPACMA [16], an enhance-
ment to L-SHADE, which is a hybrid algorithm between LSHADE-
SPA [16] and a modified version of CMA-ES [76]. LSHADE-SPA
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ses a new semi-parameter control for tuning the scaling factor
in an adaptive manner. The modified version of CMA-ES under-
oes the phase of the crossover, which improves the exploration
f the algorithm.
Yet et al. propose mL-SHADE [18], an enhancement to L-

HADE, in which three major modifications are made: (1) a ter-
inal value for the control parameter CR is excluded, (2) a poly-
omial mutation strategy is included, and (3) a perturbation for
istorical memories is included. These modifications improve the
xploration of the algorithm.

. Proposed algorithm

This section describes an improved LSHADE-RSP called
LSHADE-RSP, which employs a modified recombination operator,
hich calculates a perturbation of a target vector with the Cauchy
istribution.

.1. Mutation strategy

The proposed algorithm uses a new mutation strategy DE/
urrent-to-pbest/r [17]. The strategy is designed based on a rank-
based selective pressure scheme [77], which proportionally se-
lects two donor vectors xr1,g and xr2,g with respect to the fitness
alue. The higher the ranking of a candidate solution has, the
ore opportunity it will be selected. The strategy can be defined
s follows.

• DE/current-to-pbest/r:
vi,g = xi,g + Fw · (xpbest,g − xi,g)+ F · (xpr1,g − x̃pr2,g)

here

w =

{ 0.7 · F if 0 ≤ NFE < 0.2 · NFEmax
0.8 · F if 0.2 · NFEmax ≤ NFE < 0.4 · NFEmax
1.2 · F otherwise

here xpbest,g denotes one of the top 100p% individuals with
∈ (0, 1]. Also, xpr1,g denotes a random donor vector from a

opulation based on rank-based probabilities, and x̃pr2,g denotes
random donor vector from a population based on rank-based
robabilities or from an external archive. The probability of the
th individual being selected can be calculated as follows.

ri =
Ranki∑NPg

j=1 (Rankj)
(8)

where

Ranki = k · (NPg − i)+ 1 (9)

where k denotes a rank greediness factor. Additionally, LSHADE-
RSP uses a setting for increasing the number of pbest individuals,
which can be calculated as follows.

p = 0.085 ·
(
1+

NFE
NFEmax

)
(10)

.2. Linear population size reduction

The proposed algorithm uses linear population size reduction
LPSR) [9] to establish a balance between exploration and ex-
loitation. The idea behind LPSR is to use a higher population
ize at the beginning of an optimization process and gradually
educe it as a linear function. At the end of each generation, LPSR
alculates the population size for the next generation NPg+1 as
follows.

NPg+1 = round
[
NPinit −

NES
·

(
NPinit − NPfin

)]
(11)
NESmax

4

where NPinit and NPfin denote the initial and final population sizes,
respectively. If the next population size NPg+1 is smaller than
the current one NPg , the worst NPg − NPg+1 candidate solutions
with respect to the fitness value are discarded. For the initial and
final population sizes, LSHADE-RSP uses NPinit = round

(
sqrt(D) ∗

log(D) ∗ 25
)
and NPfin = 4.

.2.1. Adaptive parameter control
The proposed algorithm uses a learning process-based adap-

ive parameter control [11] to adjust the control parameters F and
R automatically. Each candidate solution has its control parame-
ers Fi,g and CRi,g . At each generation, the control parameters Fi,g
nd CRi,g are calculated as follows.

i,g = rndci(MF ,r , 0.1) (12)

Ri,g = rndni(MCR,r , 0.1) (13)

where rndci and rndni denote the Cauchy and Gaussian distribu-
tions, respectively. Also, MF ,r and MCR,r denote randomly selected
values from historical memories µF and µCR, respectively. The
scaling factor is recalculated if Fi,g ≤ 0 or truncated to 1 if
Fi,g > 1. The crossover rate is first truncated to [0, 1]. After that,
the crossover rate is modified as follows.

CRi,g =

{ 0.7 if CRi < 0.7 and NFE < 0.25 · NFEmax
0.6 if CRi < 0.6 and NFE < 0.5 · NFEmax
CRi,g otherwise

The historical memories µF and µCR store the successfully
evolved candidate solutions’ control parameters. The capacity of
the historical memories is H . At the beginning of an optimization
process, all the entries, except the last one, of the memory µF
are initialized to 0.3. Similarly, all the entries, except the last one,
of the memory µCR are initialized to 0.8. The last entry of the
memories µF and µCR always keep 0.9 during the optimization
process. After the selection operator, the successfully evolved
candidate solutions’ control parameters are stored in SF and SCR.
Then, one of the entries of the memories is updated as follows.

MF ,k =

{
meanWL(SF ) if SF ̸= ∅
MF ,k otherwise (14)

MCR,k =

{
meanWL(SCR) if SCR ̸= ∅
MCR,k otherwise (15)

wheremeanwWL denotes the weighted Lehmer mean, which takes
into consideration the improvement in fitness values between
candidate solutions and their corresponding offspring.

4.3. Cauchy perturbation

LSHADE-RSP [17] uses a rank-based selective pressure scheme,
which tends to select higher ranking candidate solutions as donor
vectors. Therefore, the scheme can increase the greediness, which
can boost the convergence speed. However, the scheme may
decrease the solution accuracy because of premature convergence
in which all the candidate solutions fall into the local optimum of
an optimization problem and cannot escape from there [19–22].
Although LSHADE-RSP uses a setting for increasing the number of
pbest individuals, it may not be sufficient to compensate for the
increased greediness.

To improve the exploration property of EAs, many researchers
have developed new methods. Among them, using a long-tailed
stable distribution, such as the Cauchy or Lévy distribution, in
the phase of the recombination is one of the popular ones. By
using a long-tailed stable distribution, EAs can generate candidate
solutions over large distances, which can improve the exploration
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Fig. 2. This figure illustrates the behavior of the modified recombination oper-
tor with DE/rand/1/bin. For simplicity of explanation, we chose DE/rand/1/bin
nstead of DE/current-to-pbest/r. As we can see from the figure, the modified
E/rand/1/bin can explore larger feasible regions than the original DE/rand/1/bin.
his is because the modified DE/rand/1/bin perturbs a target vector, which
ncreases the number of possible locations for its corresponding trial vector
ignificantly.

roperty. In the literature of DE, some researchers have demon-
trated the effectiveness of using a long-tailed stable distribution
n the phase of the recombination [25–27]. This motivated us to
evise a modified recombination operator for LSHADE-RSP.
The idea behind the modified recombination operator is sim-

le. When creating a trial vector, the operator first perturbs a
arget vector with the Cauchy distribution. After that, the oper-
tor creates a trial vector by recombining the perturbed target
ector and its corresponding mutant vector. Therefore, a much
ifferent trial vector can be created by adopting the long-tail
roperty of the Cauchy distribution. The novelty of the proposed
pproach lies in the perturbation of a target vector instead of
mutant vector. Fig. 2 illustrates the behavior of the modified

ecombination operator with DE/rand/1/bin.
As we mentioned earlier, the modified recombination operator

s an extension of the recombination operator of LSHADE-RSP. The
riginal operator can be defined as follows.

j
i,g =

⎧⎪⎨⎪⎩
xji,g + Fw · (x

j
pbest,g − xji,g ) if randji < CR or j = jrand

+F · (xjpr1,g − x̃jpr2,g )
xji,g otherwise
(16)

5

here xjpbest,g denotes the jth component of one of the top 100p%
ndividuals with p ∈ (0, 1]. Also, xjpr1,g denotes the jth component
of a random donor vector from a population based on rank-based
probabilities, and x̃jpr2,g denotes the jth component of a random
onor vector from a population based on rank-based probabilities
r from an external archive. The modified operator can be defined
s follows.

j
i,g =

⎧⎪⎨⎪⎩
xji,g + Fw · (x

j
pbest,g − xji,g ) if randji < CR or j = jrand

+F · (xjpr1,g − x̃jpr2,g )
rndc ji (x

j
i,g , 0.1) otherwise

(17)

here rndc ji denotes the Cauchy distribution.
The proposed algorithm alternately applies one of the two

ecombination operators according to the jumping rate pj. When
creating a trial vector, the proposed algorithm applies the original
operator if a random number is higher than or equal to the rate.
Otherwise, the proposed algorithm applies the modified operator.

Algorithms 1 and 2 show the pseudo-code of the proposed al-
gorithm. Since the proposed algorithm is an extension of LSHADE-
RSP, it retains its predecessor’s setting values, except for the
jumping rate pj. For example, similar to LSHADE-RSP, the pro-
posed algorithm initializes the historical memories µF and µCR
.3 and 0.8 at the beginning of an optimization process, respec-
ively. The proposed algorithm introduces the jumping rate pj for
he modified recombination operator. As shown in Section 6, the
roposed algorithm works best with pj ∈ [0.15, 0.35]. The pro-

posed algorithm uses pj = 0.2 in all the following experiments.

5. Experimental setup

5.1. System configuration

All the following experiments were performed on Windows
10 Pro 64 bit of a PC with AMD Ryzen Threadripper 2990WX @
3.0 GHz. The proposed and comparison algorithms were devel-
oped in the C++ programming language with Visual Studio 2019
64 bit.

5.2. Test algorithms

We used the following test algorithms for the comparative
analysis.

• iLSAHDE-RSP: the proposed algorithm.1
• LSHADE-RSP [17]: ranked the second place in the CEC 2018

competition on single objective optimization.2
• jSO [11]: ranked the second place in the CEC 2017 competi-

tion on single objective optimization.3
• L-SHADE [9]: ranked the first place in the CEC 2014 compe-

tition on single objective optimization.4
• SHADE [8]: ranked the fourth place in the CEC 2013 compe-

tition on single objective optimization.5
• JADE [7]: the origin of L-SHADE variants.
• EDEV [59]: a multi-population-based DE variant.6
• MPEDE [58]: a multi-population-based DE variant.7

1 https://github.com/gry-kiu/iLSHADE-RSP.
2 https://github.com/P-N-Suganthan/CEC2018.
3 https://github.com/P-N-Suganthan/CEC2017-BoundContrained.
4 https://ryojitanabe.github.io/publication.
5 https://ryojitanabe.github.io/publication.
6 https://github.com/P-N-Suganthan/CODES.
7 https://github.com/P-N-Suganthan/CODES.

https://github.com/gry-kiu/iLSHADE-RSP
https://github.com/P-N-Suganthan/CEC2018
https://github.com/P-N-Suganthan/CEC2017-BoundContrained
https://ryojitanabe.github.io/publication
https://ryojitanabe.github.io/publication
https://github.com/P-N-Suganthan/CODES
https://github.com/P-N-Suganthan/CODES
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Algorithm 1: iLSHADE-RSP
Input : Objective function f (x), lower bound xmin, upper bound

xmax, maximum number of function evaluations NFEmax,
and jumping rate pj

utput: Final best objective value f (xbest,Gmax )
/ Initialization
et function evaluation NFE ← 0;
et generation g ← 1;
nitialize population Pg = (x1,g , · · · , xNP,g ) randomly;
et archive A← ∅;
et all elements in —F to 0.3;
et all elements in —CR to 0.8;
/ Iteration
hile None of termination criteria is satisfied do
// Recombination operator
Set SF ← ∅, SCR ← ∅;
for i = 0; i < NP; i = i+ 1 do

Assign Fi,g , CRi,g using Algorithm 2;
if randi ≤ pj then

ui,g ← the modified operator using Eq. (17);
else

ui,g ← the original operator using Eq. (16);
end

end
// Selection operator
for i = 0; i < NP; i = i+ 1 do

if f (ui,g) ≤ f (xi,g) then
xi,g+1 ← ui,g;
xi,g → A;
Fi,g → SF , CRi,g → SCR;

else
xi,g+1 ← xi,g;

end
end
Shrink Pg+1 by discarding worst solutions;
Shrink A by discarding random solutions;
Update —F , —CR;

p← 0.085 ·
(
1+ NFE

NFEmax

)
;

g ← g + 1;
end

• CoDE [53]: a composite DE variant.
• EPSDE [52]: an ensemble DE variant.8
• SaDE [51]: a self-adaptive DE variant.9
• dynNP-DE [43]: a self-adaptive DE variant.

The algorithms are six L-SHADE variants, two multi-populat-
on-based DE variants, and four well-known classical DE vari-
nts. Regarding the control parameters associated with the test
lgorithms, we used the values recommended by the authors of
ach paper. As we mentioned earlier, the proposed algorithm
ntroduces the jumping rate pj for the modified recombination
operator and uses pj = 0.2 in all the following experiments. Ex-
cept for the jumping rate, the proposed algorithm uses the same
values for the control parameters as its predecessor LSHADE-RSP.

5.3. Test functions

To compare the proposed and comparison algorithms exper-
imentally, we carried out experiments on the CEC 2017 test

8 https://github.com/P-N-Suganthan/CODES.
9 https://github.com/P-N-Suganthan/CODES.
6

Algorithm 2: Parameter Assignment
Select ri from [1,H] randomly;
if ri = H then

MF ,ri ← 0.9;
MCR,ri ← 0.9;

end
Fi,g ← rndci(MF ,ri , 0.1);
if g < 0.6 · NFEmax and Fi,g > 0.7 then

Fi,g ← 0.7
end
if MCR,ri < 0 then

CRi,g ← 0;
else

CRi,g ← rndni(MCR,ri , 0.1);
end
if g < 0.25 · NFEmax then

CRi,g ← max(CRi,g , 0.7);
else

if g < 0.5 · NFEmax then
CRi,g ← max(CRi,g , 0.6);

end
end

suite [28] in 10, 30, 50 and 100 dimensions. The CEC 2017 test
suite has 30 different and difficult optimization problems, such as
three unimodal test functions (F1-F3), seven simple multimodal
test functions (F4-F10), ten expanded multimodal test functions
(F11-F20), and ten hybrid composition test functions (F21-F30). A
function is said to be unimodal if it has no local optima, while a
function is said to be multimodal if it has multiple local optima.

According to the experimental setups of the test suite, the
maximum number of function evaluations NFEmax was set to
10, 000 · D. Moreover, the search boundaries of the test suite
were set to [−100, 100]D. Furthermore, all the experimental re-
sults were obtained by 51 runs independently. For more detailed
information, please refer to the following papers [28].

5.4. Performance metrics

5.4.1. Function error value
The function error value (FEV) is utilized to assess the test

algorithm’s accuracy. The FEV is the difference between the final
best objective value of a test algorithm and the global optimum
of an optimization problem, which can be defined as follows.

FEV = f (xbest,Gmax )− f (x∗) (18)

where f (x) denotes an objective function. Also, xbest,Gmax and x∗
denote the final best objective value and the global optimum,
respectively.

5.4.2. Statistical test
We utilized the Wilcoxon rank-sum test and the Friedman

test with Hochberg’s post hoc for the comparative analysis. The
former is used to test the statistical significance of two test algo-
rithms, while the latter is used to test the statistical significance
of multiple test algorithms [78].

6. Experimental results and discussion

In this section, we present the experimental results and dis-
cussion on the CEC 2017 test suite in 10, 30, 50, and 100 dimen-
sions.

https://github.com/P-N-Suganthan/CODES
https://github.com/P-N-Suganthan/CODES
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T
M

i
s

able 1
eans and standard deviations of FEVs of test algorithms on CEC 2017 test suite in 10 dimension.

iLSHADE-RSP LSHADE-RSP jSO L-SHADE SHADE JADE EDEV
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) =
F2 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 1.23E−09 (4.12E−09) =
F3 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) =
F4 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) =
F5 1.29E+00 (8.03E−01) 1.29E+00 (9.39E−01) = 1.83E+00 (8.74E−01) − 2.46E+00 (9.21E−01) − 2.64E+00 (7.38E−01) − 3.48E+00 (8.39E−01) − 4.68E+00 (9.38E−01) −
F6 2.91E−14 (5.02E−14) 1.56E−14 (3.96E−14) = 0.00E+00 (0.00E+00) + 0.00E+00 (0.00E+00) + 2.24E−15 (1.60E−14) + 8.94E−14 (4.74E−14) − 2.89E−12 (8.26E−12) −
F7 1.20E+01 (6.28E−01) 1.18E+01 (4.92E−01) = 1.21E+01 (6.40E−01) = 1.20E+01 (7.14E−01) = 1.29E+01 (7.39E−01) − 1.37E+01 (8.66E−01) − 1.54E+01 (1.28E+00) −
F8 1.56E+00 (8.02E−01) 1.37E+00 (9.32E−01) = 2.01E+00 (7.82E−01) − 2.61E+00 (8.56E−01) − 2.55E+00 (8.80E−01) − 3.59E+00 (9.42E−01) − 5.37E+00 (1.19E+00) −
F9 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) =
F10 4.01E+01 (7.47E+01) 2.18E+01 (4.56E+01) = 4.67E+01 (5.92E+01) = 2.96E+01 (4.19E+01) = 5.85E+01 (5.46E+01) − 7.73E+01 (5.30E+01) − 2.12E+02 (7.48E+01) −
F11 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 1.01E−01 (4.11E−01) = 7.72E−01 (8.91E−01) − 2.36E+00 (6.89E−01) − 2.11E+00 (6.85E−01) −
F12 3.55E−01 (2.09E−01) 3.71E−01 (1.63E−01) = 2.89E+00 (1.68E+01) = 3.11E+01 (5.22E+01) − 9.18E+01 (7.31E+01) − 9.22E+01 (7.82E+01) − 1.06E+02 (8.74E+01) −
F13 3.19E+00 (2.39E+00) 3.25E+00 (2.39E+00) = 2.91E+00 (2.46E+00) = 3.74E+00 (2.14E+00) = 3.39E+00 (2.44E+00) = 4.32E+00 (3.06E+00) = 5.75E+00 (2.06E+00) −
F14 1.95E−02 (1.39E−01) 1.56E−01 (3.65E−01) = 1.17E−01 (3.24E−01) = 2.23E−01 (4.39E−01) − 1.96E−01 (2.14E−01) − 8.75E−01 (4.51E−01) − 1.16E+00 (5.09E−01) −
F15 2.14E−01 (2.25E−01) 2.00E−01 (2.26E−01) = 3.46E−01 (1.94E−01) − 1.57E−01 (2.01E−01) = 2.50E−01 (1.46E−01) = 4.72E−01 (1.91E−01) − 6.73E−01 (3.17E−01) −
F16 5.12E−01 (2.51E−01) 5.52E−01 (3.04E−01) = 5.36E−01 (2.72E−01) = 2.84E−01 (1.47E−01) + 5.26E−01 (1.82E−01) = 1.46E+00 (7.72E−01) − 2.93E+00 (1.42E+00) −
F17 6.29E−01 (4.22E−01) 6.49E−01 (4.42E−01) = 3.59E−01 (3.22E−01) + 1.29E−01 (1.43E−01) + 3.69E−01 (2.07E−01) + 5.02E−01 (2.31E−01) = 1.85E+00 (7.46E−01) −
F18 1.78E−01 (1.96E−01) 2.06E−01 (2.18E−01) = 2.35E−01 (2.13E−01) = 2.56E−01 (2.12E−01) = 5.85E−01 (2.81E+00) = 5.02E−01 (6.57E−01) − 1.97E+00 (4.83E+00) −
F19 1.24E−02 (9.75E−03) 1.03E−02 (1.05E−02) = 1.03E−02 (1.19E−02) = 8.84E−03 (9.37E−03) = 6.01E−02 (2.12E−01) − 4.75E−02 (2.27E−02) − 1.29E−01 (9.10E−02) −
F20 4.22E−01 (1.63E−01) 4.53E−01 (1.57E−01) = 3.18E−01 (1.59E−01) + 0.00E+00 (0.00E+00) + 1.84E−02 (7.41E−02) + 1.07E−07 (3.84E−07) + 1.84E−02 (7.41E−02) +
F21 1.16E+02 (3.77E+01) 1.16E+02 (3.76E+01) = 1.36E+02 (4.98E+01) = 1.41E+02 (5.07E+01) − 1.27E+02 (4.29E+01) − 1.51E+02 (4.88E+01) − 1.13E+02 (3.47E+01) =
F22 1.00E+02 (0.00E+00) 1.00E+02 (0.00E+00) = 9.89E+01 (7.76E+00) = 1.00E+02 (0.00E+00) = 9.64E+01 (1.80E+01) = 9.60E+01 (1.70E+01) = 7.59E+01 (4.20E+01) +
F23 3.01E+02 (1.64E+00) 2.95E+02 (4.22E+01) = 3.02E+02 (1.74E+00) = 3.03E+02 (1.56E+00) − 3.03E+02 (1.59E+00) − 3.05E+02 (1.47E+00) − 3.06E+02 (1.31E+00) −
F24 2.49E+02 (1.16E+02) 2.53E+02 (1.09E+02) = 2.67E+02 (1.03E+02) = 3.18E+02 (5.17E+01) − 2.79E+02 (9.13E+01) = 2.90E+02 (8.16E+01) − 2.24E+02 (1.18E+02) =
F25 4.07E+02 (1.80E+01) 4.00E+02 (8.82E+00) = 4.09E+02 (1.94E+01) = 4.12E+02 (2.13E+01) = 4.17E+02 (2.27E+01) − 4.18E+02 (2.28E+01) − 4.07E+02 (1.82E+01) =
F26 3.00E+02 (0.00E+00) 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 2.94E+02 (4.20E+01) = 3.00E+02 (0.00E+00) =
F27 3.86E+02 (2.67E+00) 3.90E+02 (4.28E−01) − 3.90E+02 (3.85E−01) − 3.90E+02 (4.01E−01) − 3.90E+02 (1.40E+00) − 3.89E+02 (5.66E−01) − 3.89E+02 (9.00E−01) −
F28 3.08E+02 (3.92E+01) 3.14E+02 (6.03E+01) = 3.28E+02 (8.53E+01) = 3.40E+02 (1.02E+02) = 3.91E+02 (1.38E+02) − 3.63E+02 (1.22E+02) = 3.00E+02 (0.00E+00) =
F29 2.34E+02 (3.56E+00) 2.34E+02 (2.97E+00) = 2.36E+02 (3.19E+00) = 2.34E+02 (2.54E+00) = 2.43E+02 (6.32E+00) − 2.44E+02 (5.07E+00) − 2.49E+02 (5.39E+00) −
F30 3.84E+02 (3.29E+01) 3.95E+02 (0.00E+00) − 2.49E+04 (1.75E+05) − 1.64E+04 (1.14E+05) − 4.20E+02 (2.74E+01) − 3.26E+04 (1.60E+05) − 1.16E+03 (1.43E+03) −

+/=/− 0/28/2 3/22/5 4/17/9 3/12/15 1/10/19 2/10/18

MPEDE CoDE EPSDE SaDE dynNP-DE
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 1.72E+02 (4.59E+02) − 3.18E−05 (2.96E−05) − 0.00E+00 (0.00E+00) = 9.18E+02 (2.22E+03) − 0.00E+00 (0.00E+00) =
F2 1.88E−01 (1.34E+00) − 2.33E−06 (1.68E−06) − 4.77E−08 (1.17E−07) − 1.12E−04 (5.93E−04) − 1.39E−14 (9.55E−14) =
F3 3.87E−06 (2.51E−05) − 4.27E−02 (7.38E−02) − 0.00E+00 (0.00E+00) = 8.14E−11 (4.00E−10) − 0.00E+00 (0.00E+00) =
F4 4.19E−02 (2.81E−01) − 3.43E−04 (1.97E−04) − 0.00E+00 (0.00E+00) = 7.57E−02 (5.28E−01) − 1.72E−01 (1.90E−01) −
F5 8.21E+00 (1.53E+00) − 8.32E+00 (1.72E+00) − 4.25E+00 (1.17E+00) − 4.12E+00 (1.01E+00) − 6.41E+00 (3.56E+00) −
F6 5.56E−05 (2.25E−05) − 8.05E−14 (5.25E−14) − 0.00E+00 (0.00E+00) + 1.34E−14 (3.71E−14) = 0.00E+00 (0.00E+00) +
F7 1.99E+01 (1.63E+00) − 2.10E+01 (3.05E+00) − 1.54E+01 (1.45E+00) − 1.62E+01 (1.30E+00) − 2.18E+01 (5.34E+00) −
F8 8.60E+00 (2.26E+00) − 9.12E+00 (1.89E+00) − 4.66E+00 (1.30E+00) − 4.63E+00 (1.12E+00) − 7.19E+00 (3.61E+00) −
F9 7.52E−11 (8.70E−11) − 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 9.86E−11 (6.50E−10) − 0.00E+00 (0.00E+00) =
F10 4.06E+02 (9.26E+01) − 4.02E+02 (1.18E+02) − 1.79E+02 (8.55E+01) − 1.70E+02 (8.52E+01) − 2.90E+02 (2.61E+02) −
F11 3.41E+00 (6.36E−01) − 5.61E−01 (6.85E−01) − 1.80E+00 (1.06E+00) − 2.19E+00 (1.35E+00) − 3.25E−01 (4.67E−01) −
F12 3.64E+04 (1.20E+05) − 2.03E+03 (1.09E+03) − 2.22E+02 (2.07E+02) − 8.25E+03 (2.49E+04) − 1.15E+00 (3.00E+00) =
F13 1.03E+02 (9.72E+01) − 8.48E+00 (3.12E+00) − 5.32E+00 (2.76E+00) − 4.16E+00 (3.43E+00) = 2.08E+00 (2.33E+00) =
F14 1.08E+01 (2.33E+00) − 6.52E−05 (2.81E−04) − 3.03E−01 (3.94E−01) − 4.96E−01 (5.37E−01) − 4.68E−01 (5.75E−01) −
F15 3.75E+00 (6.97E−01) − 5.22E−01 (3.15E−01) − 2.92E−01 (4.64E−01) = 3.52E−01 (3.97E−01) = 1.32E−01 (1.83E−01) =
F16 5.91E+00 (2.34E+00) − 6.40E−01 (3.42E−01) = 8.34E−01 (4.22E−01) − 1.91E+00 (1.08E+00) − 3.38E−01 (2.33E−01) +
F17 1.28E+01 (2.76E+00) − 2.68E−01 (2.02E−01) + 1.68E−01 (1.77E−01) + 6.29E−01 (3.93E−01) = 5.71E−01 (6.45E−01) +
F18 9.83E+01 (1.30E+02) − 4.56E−01 (2.36E−01) − 7.12E+00 (9.67E+00) − 3.81E−01 (5.38E−01) − 5.97E−02 (1.30E−01) +
F19 2.19E+00 (4.34E−01) − 5.18E−02 (2.58E−02) − 3.48E−03 (5.60E−03) = 2.05E+01 (6.17E+00) − 7.61E−03 (9.57E−03) +
F20 2.21E+00 (9.06E−01) − 3.06E−02 (9.37E−02) + 1.10E−01 (1.63E−01) + 1.83E−02 (6.04E−02) + 1.59E−01 (1.91E−01) +
F21 1.24E+02 (3.00E+01) − 1.46E+02 (5.54E+01) − 1.61E+02 (5.34E+01) − 1.33E+02 (4.63E+01) − 1.21E+02 (4.29E+01) =
F22 9.83E+01 (1.19E+01) = 8.16E+01 (4.07E+01) − 9.07E+01 (2.86E+01) = 9.70E+01 (1.52E+01) = 7.54E+01 (4.29E+01) =
F23 3.09E+02 (1.72E+00) − 3.09E+02 (2.25E+00) − 3.06E+02 (1.48E+00) − 3.06E+02 (1.18E+00) − 3.06E+02 (2.06E+00) −
F24 2.65E+02 (8.54E+01) − 2.83E+02 (1.03E+02) − 3.10E+02 (6.99E+01) − 2.23E+02 (1.10E+02) = 2.23E+02 (1.17E+02) =
F25 4.03E+02 (1.46E+01) = 4.00E+02 (9.02E+00) = 4.20E+02 (2.29E+01) − 4.08E+02 (1.87E+01) = 3.98E+02 (0.00E+00) =
F26 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) =
F27 3.89E+02 (5.02E−01) − 3.88E+02 (1.03E+00) − 3.90E+02 (1.75E+00) − 3.90E+02 (7.79E−01) − 3.89E+02 (9.23E−01) −
F28 3.00E+02 (0.00E+00) = 3.00E+02 (0.00E+00) = 3.31E+02 (8.95E+01) = 3.01E+02 (5.85E+01) = 3.00E+02 (0.00E+00) =
F29 2.55E+02 (6.25E+00) − 2.50E+02 (6.93E+00) − 2.46E+02 (3.72E+00) − 2.42E+02 (9.24E+00) − 2.31E+02 (2.76E+00) +
F30 4.34E+03 (4.90E+03) − 1.03E+03 (5.21E+02) − 3.27E+04 (1.60E+05) − 6.82E+02 (6.40E+02) − 4.01E+02 (8.43E+00) −

+/=/− 0/4/26 2/5/23 3/9/18 1/9/20 7/13/10

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP using the
Wilcoxon rank-sum test with α = 0.05 significance level.
Table 2
Friedman test with Hochberg’s post hoc for test algorithms on CEC 2017 test suite in 10 dimension.

Algorithm Average ranking z-value p-value Adj. p-value (Hochberg) Sig. Test statistics

1 iLSHADE-RSP 4.15

2 LSHADE-RSP 4.42 −2.86.E−01 7.75.E−01 7.75.E−01 No N 30
3 jSO 5.30 −1.24.E+00 2.17.E−01 8.67.E−01 No Chi-Square 76.90
4 L-SHADE 5.23 −1.16.E+00 2.45.E−01 7.34.E−01 No df 11
5 SHADE 6.12 −2.11.E+00 3.46.E−02 1.73.E−01 No p-value 5.85.E−12
6 JADE 7.05 −3.12.E+00 1.84.E−03 1.10.E−02 Yes Sig. Yes
7 EDEV 7.35 −3.44.E+00 5.87.E−04 4.11.E−03 Yes
8 MPEDE 9.97 −6.25.E+00 4.15.E−10 4.57.E−09 Yes
9 CoDE 7.87 −3.99.E+00 6.54.E−05 5.89.E−04 Yes
10 EPSDE 7.62 −3.72.E+00 1.96.E−04 1.57.E−03 Yes
11 SaDE 7.90 −4.03.E+00 5.62.E−05 5.62.E−04 Yes
12 dynNP-DE 5.03 −9.49.E−01 3.43.E−01 6.85.E−01 No
6.1. Comparative analysis

We present the comparative analysis of the test algorithms
n this subsection. Tables 1, 3, 5, and 7 present the means and
tandard deviations of the FEVs of the test algorithms in 10, 30,
7

50, and 100 dimension, respectively. In the tables, the symbols
‘‘+", ‘‘=", and ‘‘-" denote that the corresponding algorithm has
statistically better, similar or worse performance compared to the
proposed algorithm, respectively. Moreover, Tables 2, 4, 6, and
8 present the results of the Friedman test with Hochberg’s post
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able 3
eans and standard deviations of FEVs of test algorithms on CEC 2017 test suite in 30 dimension.

iLSHADE-RSP LSHADE-RSP jSO L-SHADE SHADE JADE EDEV
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 1.67E−15 (4.62E−15) 8.35E−16 (3.37E−15) = 2.78E−16 (1.99E−15) = 2.78E−16 (1.99E−15) = 1.36E−14 (3.98E−15) − 1.42E−14 (1.27E−29) − 2.78E−16 (1.99E−15) =
F2 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 2.78E−15 (8.53E−15) = 5.59E−13 (1.01E−12) − 3.61E−13 (5.66E−13) − 1.05E+13 (6.16E+13) −
F3 2.56E−14 (2.85E−14) 1.89E−14 (2.70E−14) = 7.80E−15 (1.97E−14) + 5.57E−15 (1.71E−14) + 7.25E−14 (2.58E−14) − 9.43E+03 (1.54E+04) − 4.98E+03 (1.28E+04) =
F4 2.27E+01 (7.02E−01) 5.86E+01 (5.74E−14) − 5.86E+01 (5.74E−14) − 5.87E+01 (7.70E−01) − 3.62E+01 (2.98E+01) = 4.88E+01 (2.39E+01) − 5.16E+01 (2.09E+01) −
F5 7.89E+00 (2.38E+00) 7.11E+00 (2.09E+00) = 8.85E+00 (1.91E+00) = 6.77E+00 (1.60E+00) = 1.91E+01 (3.29E+00) − 2.63E+01 (4.00E+00) − 3.41E+01 (4.74E+00) −
F6 5.77E−08 (1.34E−07) 6.04E−09 (2.71E−08) = 7.38E−09 (2.77E−08) = 2.69E−09 (1.92E−08) = 2.41E−08 (1.53E−07) = 2.38E−13 (4.70E−14) − 1.29E−11 (6.60E−11) −
F7 4.08E+01 (3.42E+00) 3.95E+01 (2.50E+00) + 3.96E+01 (2.10E+00) + 3.77E+01 (1.42E+00) + 4.90E+01 (3.56E+00) − 5.46E+01 (4.02E+00) − 6.13E+01 (4.25E+00) −
F8 7.93E+00 (2.39E+00) 7.38E+00 (2.28E+00) = 8.85E+00 (2.36E+00) = 7.24E+00 (1.59E+00) = 2.08E+01 (2.86E+00) − 2.64E+01 (3.83E+00) − 3.17E+01 (5.62E+00) −
F9 0.00E+00 (0.00E+00) 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 0.00E+00 (0.00E+00) = 6.04E−14 (5.75E−14) − 3.51E−03 (1.75E−02) = 1.75E−03 (1.25E−02) =
F10 1.90E+03 (3.46E+02) 1.92E+03 (3.31E+02) = 1.64E+03 (3.36E+02) + 1.49E+03 (1.51E+02) + 1.78E+03 (2.79E+02) + 1.92E+03 (2.15E+02) = 2.40E+03 (3.23E+02) −
F11 3.41E+00 (5.57E+00) 2.62E+00 (2.23E+00) = 4.13E+00 (8.72E+00) = 2.88E+01 (2.81E+01) − 2.50E+01 (2.72E+01) − 3.68E+01 (2.65E+01) − 3.90E+01 (2.90E+01) −
F12 1.20E+02 (7.85E+01) 9.51E+01 (7.16E+01) = 2.17E+02 (1.14E+02) − 1.06E+03 (3.76E+02) − 1.42E+03 (7.73E+02) − 1.15E+03 (3.87E+02) − 1.45E+03 (1.21E+03) −
F13 1.80E+01 (4.92E+00) 1.73E+01 (5.41E+00) = 1.55E+01 (4.93E+00) + 1.72E+01 (4.75E+00) = 4.32E+01 (2.37E+01) − 4.79E+01 (5.92E+01) − 6.05E+01 (7.21E+01) −
F14 2.17E+01 (1.06E+00) 2.15E+01 (1.23E+00) = 2.24E+01 (1.21E+00) − 2.16E+01 (1.24E+00) = 3.10E+01 (6.52E+00) − 7.30E+03 (1.27E+04) − 3.46E+01 (1.44E+01) −
F15 1.08E+00 (7.50E−01) 1.13E+00 (7.73E−01) = 9.83E−01 (6.29E−01) = 3.10E+00 (1.46E+00) − 2.15E+01 (2.29E+01) − 7.71E+02 (1.82E+03) − 2.46E+01 (2.06E+01) −
F16 1.66E+01 (6.67E+00) 2.87E+01 (4.35E+01) − 7.32E+01 (7.71E+01) − 6.25E+01 (7.43E+01) − 3.09E+02 (1.34E+02) − 3.83E+02 (1.45E+02) − 4.73E+02 (1.10E+02) −
F17 3.89E+01 (7.18E+00) 3.78E+01 (7.04E+00) = 3.49E+01 (9.46E+00) + 3.31E+01 (6.94E+00) + 5.19E+01 (1.80E+01) − 7.70E+01 (3.12E+01) − 1.01E+02 (2.56E+01) −
F18 2.08E+01 (2.88E−01) 2.08E+01 (2.89E−01) = 2.08E+01 (4.08E−01) + 2.19E+01 (1.07E+00) − 9.82E+01 (7.62E+01) − 1.58E+04 (4.77E+04) − 2.12E+04 (6.72E+04) −
F19 3.31E+00 (6.06E−01) 3.49E+00 (1.08E+00) = 4.32E+00 (1.40E+00) − 5.38E+00 (1.40E+00) − 1.26E+01 (1.07E+01) − 1.27E+03 (3.62E+03) − 1.67E+01 (9.42E+00) −
F20 3.24E+01 (7.02E+00) 3.38E+01 (9.50E+00) = 3.04E+01 (8.54E+00) = 4.10E+01 (8.81E+00) − 7.80E+01 (5.02E+01) − 1.21E+02 (6.10E+01) − 1.31E+02 (5.58E+01) −
F21 2.08E+02 (2.36E+00) 2.07E+02 (2.19E+00) = 2.09E+02 (2.24E+00) − 2.07E+02 (1.49E+00) + 2.21E+02 (3.74E+00) − 2.27E+02 (5.36E+00) − 2.33E+02 (4.79E+00) −
F22 1.00E+02 (0.00E+00) 1.00E+02 (0.00E+00) = 1.00E+02 (0.00E+00) = 1.00E+02 (0.00E+00) = 1.00E+02 (0.00E+00) = 1.45E+02 (3.18E+02) = 1.00E+02 (0.00E+00) =
F23 3.50E+02 (3.29E+00) 3.51E+02 (3.47E+00) = 3.52E+02 (3.20E+00) − 3.49E+02 (2.70E+00) = 3.65E+02 (5.67E+00) − 3.74E+02 (6.00E+00) − 3.78E+02 (5.24E+00) −
F24 4.26E+02 (2.45E+00) 4.27E+02 (2.10E+00) = 4.26E+02 (2.43E+00) = 4.26E+02 (1.67E+00) = 4.37E+02 (4.98E+00) − 4.40E+02 (4.50E+00) − 4.44E+02 (4.80E+00) −
F25 3.79E+02 (0.00E+00) 3.87E+02 (0.00E+00) − 3.87E+02 (0.00E+00) − 3.87E+02 (0.00E+00) − 3.87E+02 (7.84E−01) − 3.87E+02 (0.00E+00) − 3.87E+02 (0.00E+00) −
F26 9.33E+02 (3.92E+01) 9.38E+02 (3.77E+01) = 9.35E+02 (3.60E+01) = 9.28E+02 (3.69E+01) = 1.12E+03 (1.53E+02) − 1.18E+03 (1.43E+02) − 1.27E+03 (6.27E+01) −
F27 4.79E+02 (6.51E+00) 4.98E+02 (7.29E+00) − 4.96E+02 (5.97E+00) − 5.04E+02 (5.50E+00) − 5.05E+02 (8.12E+00) − 5.03E+02 (7.56E+00) − 5.03E+02 (5.76E+00) −
F28 3.02E+02 (1.60E+01) 3.04E+02 (2.23E+01) = 3.04E+02 (2.23E+01) = 3.30E+02 (4.86E+01) − 3.42E+02 (5.80E+01) − 3.42E+02 (5.91E+01) − 3.39E+02 (5.59E+01) −
F29 4.14E+02 (2.72E+01) 4.46E+02 (1.39E+01) − 4.38E+02 (1.87E+01) − 4.34E+02 (6.46E+00) − 4.77E+02 (3.53E+01) − 4.82E+02 (3.84E+01) − 5.04E+02 (3.34E+01) −
F30 1.04E+03 (3.21E+02) 1.97E+03 (1.10E+01) − 1.97E+03 (1.05E+01) − 1.98E+03 (4.71E+01) − 2.14E+03 (1.66E+02) − 2.35E+03 (1.36E+03) − 2.55E+03 (2.81E+03) −

+/=/− 1/23/6 6/13/11 5/12/13 1/3/26 0/3/27 0/4/26

MPEDE CoDE EPSDE SaDE dynNP-DE
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 8.16E−02 (5.26E−01) = 5.03E+00 (1.77E+00) − 4.18E−15 (6.53E−15) = 6.44E+02 (1.17E+03) − 5.44E−04 (2.18E−03) −
F2 1.34E+13 (7.88E+13) − 1.30E+22 (3.78E+22) − 1.34E+12 (7.09E+12) − 2.99E+16 (2.10E+17) − 1.32E+11 (6.29E+11) −
F3 7.85E+03 (1.39E+04) = 3.15E+04 (5.59E+03) − 5.00E+03 (9.68E+03) − 7.12E+03 (1.81E+04) − 1.03E+01 (3.02E+01) −
F4 5.67E+01 (1.17E+01) − 8.25E+01 (5.37E+00) − 2.91E+01 (2.99E+01) = 4.42E+01 (4.13E+01) = 7.61E+01 (1.02E+01) −
F5 5.08E+01 (5.83E+00) − 1.22E+02 (9.30E+00) − 6.00E+01 (1.05E+01) − 3.58E+01 (5.80E+00) − 5.02E+01 (3.81E+01) −
F6 2.10E−13 (1.85E−13) = 1.01E−04 (3.17E−05) − 1.14E−13 (7.65E−29) = 1.78E−13 (5.65E−14) = 1.63E−06 (4.26E−06) −
F7 8.18E+01 (5.87E+00) − 1.77E+02 (1.24E+01) − 9.68E+01 (9.09E+00) − 7.37E+01 (7.63E+00) − 1.38E+02 (5.36E+01) −
F8 5.03E+01 (5.36E+00) − 1.27E+02 (1.06E+01) − 6.54E+01 (9.78E+00) − 3.54E+01 (5.54E+00) − 5.97E+01 (4.63E+01) −
F9 0.00E+00 (0.00E+00) = 2.05E+02 (6.54E+01) − 1.60E−01 (3.81E−01) − 1.18E+00 (1.57E+00) − 0.00E+00 (0.00E+00) =
F10 3.40E+03 (2.92E+02) − 4.64E+03 (2.54E+02) − 3.65E+03 (2.95E+02) − 2.43E+03 (2.85E+02) − 5.65E+03 (7.00E+02) −
F11 3.98E+01 (1.89E+01) − 1.09E+02 (1.83E+01) − 4.73E+01 (3.52E+01) − 2.18E+01 (1.73E+01) − 1.11E+01 (4.25E+00) −
F12 1.12E+03 (3.92E+02) − 3.53E+06 (1.08E+06) − 6.31E+03 (8.86E+03) − 4.90E+04 (9.99E+04) − 9.10E+03 (7.03E+03) −
F13 2.64E+04 (3.92E+04) − 8.67E+02 (4.65E+02) − 1.08E+03 (3.96E+03) − 3.35E+03 (8.96E+03) − 2.67E+01 (7.65E+00) −
F14 9.48E+03 (7.38E+03) − 7.19E+01 (7.68E+00) − 7.49E+01 (4.28E+01) − 1.82E+03 (5.27E+03) = 1.97E+01 (1.20E+01) =
F15 2.22E+04 (1.35E+04) − 9.21E+01 (2.18E+01) − 1.14E+02 (1.17E+02) − 4.53E+03 (8.10E+03) − 9.69E+00 (2.36E+00) −
F16 5.99E+02 (1.28E+02) − 5.87E+02 (1.34E+02) − 4.02E+02 (1.21E+02) − 3.67E+02 (1.36E+02) − 2.87E+02 (2.32E+02) −
F17 1.41E+02 (3.06E+01) − 1.03E+02 (3.52E+01) − 8.43E+01 (2.42E+01) − 7.63E+01 (1.25E+01) − 3.29E+01 (1.24E+01) +
F18 1.13E+05 (1.62E+05) − 1.13E+04 (9.46E+03) − 5.36E+02 (6.37E+02) − 5.20E+04 (7.55E+04) − 2.18E+01 (8.26E+00) −
F19 1.45E+04 (1.15E+04) − 4.09E+01 (5.71E+00) − 8.90E+01 (6.57E+01) − 9.46E+02 (3.28E+03) − 5.19E+00 (1.62E+00) −
F20 1.91E+02 (5.22E+01) − 9.07E+01 (6.49E+01) − 1.24E+02 (6.42E+01) − 1.42E+02 (5.83E+01) − 1.57E+01 (1.90E+01) +
F21 2.50E+02 (5.72E+00) − 3.25E+02 (9.45E+00) − 2.63E+02 (9.28E+00) − 2.37E+02 (4.91E+00) − 2.41E+02 (2.54E+01) −
F22 1.00E+02 (0.00E+00) = 1.99E+02 (7.06E+02) = 1.00E+02 (3.92E−01) = 1.00E+02 (0.00E+00) = 1.00E+02 (0.00E+00) =
F23 3.96E+02 (6.41E+00) − 4.63E+02 (7.91E+00) − 4.07E+02 (9.73E+00) − 3.80E+02 (5.83E+00) − 3.79E+02 (9.86E+00) −
F24 4.60E+02 (7.29E+00) − 5.55E+02 (1.16E+01) − 4.76E+02 (9.02E+00) − 4.52E+02 (7.69E+00) − 4.54E+02 (1.28E+01) −
F25 3.87E+02 (0.00E+00) − 3.87E+02 (0.00E+00) − 3.87E+02 (9.92E−01) − 3.87E+02 (0.00E+00) − 3.87E+02 (0.00E+00) −
F26 1.37E+03 (6.61E+01) − 2.10E+03 (4.67E+02) − 1.39E+03 (2.40E+02) − 1.23E+03 (2.04E+02) − 1.19E+03 (1.33E+02) −
F27 5.02E+02 (4.47E+00) − 5.11E+02 (3.89E+00) − 5.01E+02 (9.62E+00) − 5.06E+02 (5.76E+00) − 4.85E+02 (8.30E+00) −
F28 3.14E+02 (3.80E+01) = 4.39E+02 (1.94E+01) − 3.31E+02 (5.15E+01) − 3.44E+02 (5.30E+01) − 3.19E+02 (3.96E+01) −
F29 5.39E+02 (2.51E+01) − 6.65E+02 (8.67E+01) − 5.05E+02 (3.84E+01) − 4.94E+02 (4.48E+01) − 4.23E+02 (2.68E+01) −
F30 7.97E+03 (8.80E+03) − 8.92E+03 (2.63E+03) − 2.40E+03 (8.19E+02) − 8.23E+03 (6.40E+03) − 2.11E+03 (8.36E+01) −

+/=/− 0/6/24 0/1/29 0/4/26 0/4/26 2/3/25

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP using the
Wilcoxon rank-sum test with α = 0.05 significance level.
Table 4
Friedman test with Hochberg’s post hoc for test algorithms on CEC 2017 test suite in 30 dimension.

Algorithm Average ranking z-value p-value Adj. p-value (Hochberg) Sig. Test statistics

1 iLSHADE-RSP 2.85

2 LSHADE-RSP 3.47 −6.62.E−01 5.08.E−01 1.02.E+00 No N 30
3 jSO 3.40 −5.91.E−01 5.55.E−01 5.55.E−01 No Chi-Square 183.61
4 L-SHADE 3.62 −8.24.E−01 4.10.E−01 1.23.E+00 No df 11
5 SHADE 5.80 −3.17.E+00 1.53.E−03 6.12.E−03 Yes p-value 1.84.E−33
6 JADE 7.50 −4.99.E+00 5.89.E−07 3.53.E−06 Yes Sig. Yes
7 EDEV 7.53 −5.03.E+00 4.89.E−07 3.42.E−06 Yes
8 MPEDE 9.15 −6.77.E+00 1.31.E−11 1.31.E−10 Yes
9 CoDE 10.90 −8.65.E+00 5.28.E−18 5.81.E−17 Yes
10 EPSDE 8.80 −6.39.E+00 1.64.E−10 1.48.E−09 Yes
11 SaDE 8.70 −6.28.E+00 3.30.E−10 2.64.E−09 Yes
12 dynNP-DE 6.28 −3.69.E+00 2.26.E−04 1.13.E−03 Yes
hoc in 10, 30, 50, and 100 dimension, respectively. Furthermore,
Figs. 3, 4, 5, 6, and 7 provide the convergence graphs of the test
algorithms in 100 dimension.

Table 1 presents the means and standard deviations of the
EVs of the test algorithms in 10 dimension, obtained by 51
ndependent runs. As can be seen from the table, the proposed
lgorithm performs better performance than all of the other test
8

algorithms. Specifically, iLSHADE-RSP found significantly better
solutions with lower FEVs than SHADE, JADE, EDEV, MPEDE,
CoDE, EPSDE, and SaDE on more than 50 percent of the test
functions. In particular, MPEDE and CoDE were significantly out-
performed by iLSHADE-RSP on approximately 80 percent of the
test functions. As compared to its predecessor LSHADE-RSP, the
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eans and standard deviations of FEVs of test algorithms on CEC 2017 test suite in 50 dimension.

iLSHADE-RSP LSHADE-RSP jSO L-SHADE SHADE JADE EDEV
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 2.03E−14 (1.21E−14) 1.50E−14 (5.25E−15) = 1.61E−14 (6.97E−15) = 1.48E−14 (2.78E−15) = 6.18E−14 (1.02E−13) − 6.34E−14 (1.46E−13) − 4.40E−12 (2.60E−11) =
F2 9.75E−14 (3.30E−13) 6.07E−14 (9.54E−14) = 5.02E−14 (7.95E−14) = 2.62E−14 (3.63E−14) + 2.84E−09 (1.20E−08) − 1.20E−09 (3.80E−09) − 4.08E+27 (2.91E+28) −
F3 2.13E−13 (7.51E−14) 1.30E−13 (3.61E−14) + 1.21E−13 (4.36E−14) + 1.32E−13 (3.70E−14) + 2.82E−13 (1.04E−13) − 3.18E+04 (4.44E+04) − 1.74E+04 (4.16E+04) +
F4 4.76E+01 (4.52E+01) 3.70E+01 (3.38E+01) − 4.77E+01 (4.44E+01) − 7.86E+01 (5.11E+01) − 3.26E+01 (4.20E+01) = 4.26E+01 (4.90E+01) = 5.41E+01 (4.83E+01) =
F5 1.68E+01 (5.19E+00) 1.45E+01 (3.54E+00) + 1.81E+01 (3.92E+00) = 1.29E+01 (2.45E+00) + 4.48E+01 (6.17E+00) − 5.44E+01 (7.50E+00) − 6.25E+01 (7.84E+00) −
F6 7.10E−07 (1.04E−06) 2.16E−07 (3.91E−07) + 5.93E−07 (1.02E−06) = 1.22E−04 (5.10E−04) + 1.01E−05 (2.57E−05) − 3.43E−13 (5.81E−14) + 4.75E−13 (5.30E−13) +
F7 7.21E+01 (8.24E+00) 7.04E+01 (5.54E+00) = 6.95E+01 (4.66E+00) = 6.41E+01 (2.04E+00) + 9.40E+01 (6.54E+00) − 1.02E+02 (7.24E+00) − 1.14E+02 (8.62E+00) −
F8 1.71E+01 (5.65E+00) 1.60E+01 (4.54E+00) = 1.90E+01 (4.64E+00) − 1.28E+01 (2.10E+00) + 4.56E+01 (6.37E+00) − 5.36E+01 (7.35E+00) − 6.29E+01 (9.25E+00) −
F9 3.13E−14 (5.14E−14) 4.47E−15 (2.23E−14) + 1.34E−14 (3.71E−14) = 1.79E−14 (4.19E−14) = 4.99E−01 (5.22E−01) − 1.14E+00 (1.20E+00) − 1.03E+00 (1.08E+00) −
F10 4.16E+03 (6.32E+02) 4.01E+03 (5.78E+02) = 3.61E+03 (4.98E+02) + 3.21E+03 (3.05E+02) + 3.49E+03 (3.10E+02) + 3.77E+03 (2.90E+02) + 4.50E+03 (3.01E+02) −
F11 1.83E+01 (4.20E+00) 2.32E+01 (3.51E+00) − 2.78E+01 (2.97E+00) − 4.90E+01 (7.59E+00) − 1.01E+02 (2.69E+01) − 1.34E+02 (3.48E+01) − 9.08E+01 (2.58E+01) −
F12 1.50E+03 (3.25E+02) 1.59E+03 (4.62E+02) = 1.77E+03 (3.98E+02) − 2.28E+03 (4.84E+02) − 4.55E+03 (2.60E+03) − 4.39E+03 (2.44E+03) − 6.15E+03 (3.12E+03) −
F13 2.75E+01 (1.84E+01) 3.07E+01 (2.01E+01) = 3.20E+01 (2.24E+01) = 5.78E+01 (3.16E+01) − 3.65E+02 (2.69E+02) − 2.87E+02 (1.77E+02) − 5.45E+02 (1.06E+03) −
F14 2.37E+01 (2.08E+00) 2.37E+01 (1.89E+00) = 2.50E+01 (2.28E+00) − 2.95E+01 (3.15E+00) − 2.18E+02 (6.74E+01) − 7.89E+03 (4.05E+04) − 1.84E+02 (9.20E+01) −
F15 1.87E+01 (2.10E+00) 2.07E+01 (2.02E+00) − 2.32E+01 (2.51E+00) − 4.10E+01 (9.71E+00) − 3.27E+02 (1.12E+02) − 3.05E+02 (1.42E+02) − 1.86E+02 (8.93E+01) −
F16 3.15E+02 (1.44E+02) 3.30E+02 (1.69E+02) = 4.71E+02 (1.42E+02) − 3.97E+02 (1.32E+02) − 7.83E+02 (1.87E+02) − 8.80E+02 (1.76E+02) − 9.97E+02 (1.75E+02) −
F17 2.26E+02 (9.30E+01) 2.73E+02 (1.14E+02) = 3.16E+02 (1.11E+02) − 2.33E+02 (6.86E+01) = 5.06E+02 (1.20E+02) − 6.44E+02 (1.34E+02) − 6.94E+02 (1.04E+02) −
F18 2.29E+01 (1.48E+00) 2.31E+01 (1.39E+00) = 2.41E+01 (1.74E+00) − 3.78E+01 (1.08E+01) − 1.88E+02 (9.11E+01) − 1.77E+02 (1.07E+02) − 8.04E+04 (2.38E+05) −
F19 1.06E+01 (2.46E+00) 1.03E+01 (2.15E+00) = 1.37E+01 (2.69E+00) − 2.38E+01 (6.74E+00) − 1.37E+02 (4.17E+01) − 9.19E+02 (3.40E+03) − 1.04E+02 (5.16E+01) −
F20 1.30E+02 (5.18E+01) 1.53E+02 (9.32E+01) = 1.72E+02 (1.22E+02) = 2.91E+02 (8.29E+01) − 3.12E+02 (1.04E+02) − 5.25E+02 (1.37E+02) − 6.00E+02 (1.28E+02) −
F21 2.15E+02 (4.96E+00) 2.15E+02 (4.60E+00) = 2.19E+02 (2.98E+00) − 2.14E+02 (2.60E+00) = 2.45E+02 (6.61E+00) − 2.53E+02 (8.65E+00) − 2.63E+02 (1.05E+01) −
F22 1.67E+03 (2.19E+03) 2.08E+03 (2.18E+03) = 1.08E+03 (1.72E+03) = 2.24E+03 (1.78E+03) − 3.87E+03 (1.17E+03) − 3.82E+03 (1.41E+03) − 3.92E+03 (2.02E+03) −
F23 4.33E+02 (6.63E+00) 4.31E+02 (6.16E+00) = 4.31E+02 (6.55E+00) = 4.30E+02 (3.54E+00) + 4.67E+02 (8.56E+00) − 4.78E+02 (9.98E+00) − 4.91E+02 (1.19E+01) −
F24 5.09E+02 (4.29E+00) 5.09E+02 (3.51E+00) = 5.07E+02 (4.21E+00) = 5.06E+02 (2.49E+00) + 5.37E+02 (9.10E+00) − 5.41E+02 (8.68E+00) − 5.45E+02 (1.13E+01) −
F25 4.79E+02 (8.41E−01) 4.80E+02 (0.00E+00) − 4.81E+02 (3.26E+00) − 4.85E+02 (1.37E+01) − 5.30E+02 (3.71E+01) − 5.27E+02 (3.41E+01) − 5.18E+02 (3.02E+01) −
F26 1.13E+03 (4.85E+01) 1.11E+03 (5.10E+01) = 1.15E+03 (5.37E+01) − 1.13E+03 (4.86E+01) = 1.53E+03 (1.14E+02) − 1.65E+03 (1.13E+02) − 1.71E+03 (1.09E+02) −
F27 4.79E+02 (6.50E+00) 5.15E+02 (1.42E+01) − 5.08E+02 (8.94E+00) − 5.31E+02 (1.67E+01) − 5.47E+02 (1.87E+01) − 5.60E+02 (2.98E+01) − 5.57E+02 (2.86E+01) −
F28 4.53E+02 (7.30E+00) 4.60E+02 (6.86E+00) − 4.59E+02 (0.00E+00) − 4.76E+02 (2.36E+01) − 4.96E+02 (1.68E+01) − 4.95E+02 (2.59E+01) − 4.89E+02 (2.20E+01) −
F29 3.10E+02 (2.02E+01) 3.73E+02 (1.76E+01) − 3.73E+02 (1.50E+01) − 3.54E+02 (1.07E+01) − 4.74E+02 (7.32E+01) − 4.76E+02 (8.27E+01) − 5.09E+02 (8.52E+01) −
F30 5.48E+03 (6.12E+03) 6.13E+05 (4.60E+04) − 6.04E+05 (3.10E+04) − 6.68E+05 (9.38E+04) − 6.40E+05 (6.01E+04) − 6.53E+05 (7.43E+04) − 6.52E+05 (7.09E+04) −

+/=/− 4/18/8 2/11/17 9/5/16 1/1/28 2/1/27 2/2/26

MPEDE CoDE EPSDE SaDE dynNP-DE
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 5.85E−15 (7.06E−15) + 1.60E+06 (6.66E+05) − 1.57E−07 (6.34E−07) − 1.05E+03 (2.10E+03) − 3.66E+03 (3.85E+03) −
F2 1.77E+03 (1.26E+04) = 2.48E+49 (5.70E+49) − 7.43E+31 (2.73E+32) − 9.25E+30 (5.12E+31) − 1.32E+31 (7.65E+31) −
F3 2.47E+04 (4.05E+04) − 1.02E+05 (1.08E+04) − 6.49E+03 (1.04E+04) − 7.48E+03 (2.03E+04) − 4.13E+03 (2.06E+03) −
F4 7.28E+01 (4.50E+01) − 2.57E+02 (2.15E+01) − 6.68E+01 (4.85E+01) − 6.15E+01 (5.48E+01) = 7.49E+01 (5.21E+01) −
F5 9.51E+01 (9.36E+00) − 3.11E+02 (1.59E+01) − 1.91E+02 (1.99E+01) − 8.30E+01 (9.65E+00) − 1.68E+02 (1.14E+02) −
F6 1.78E−08 (7.52E−08) + 2.13E−02 (5.50E−03) − 1.14E−13 (7.65E−29) + 3.21E−05 (1.53E−05) − 9.63E−06 (9.04E−06) −
F7 1.53E+02 (1.01E+01) − 4.22E+02 (1.42E+01) − 2.42E+02 (1.45E+01) − 1.51E+02 (1.89E+01) − 3.36E+02 (5.43E+01) −
F8 9.75E+01 (9.73E+00) − 3.11E+02 (1.59E+01) − 1.88E+02 (1.46E+01) − 8.70E+01 (1.06E+01) − 1.91E+02 (1.18E+02) −
F9 3.69E−01 (6.34E−01) − 2.22E+03 (4.67E+02) − 2.29E+00 (4.36E+00) − 4.73E+00 (1.04E+01) − 2.12E−02 (6.92E−02) =
F10 6.40E+03 (3.83E+02) − 9.70E+03 (3.04E+02) − 8.47E+03 (5.81E+02) − 4.93E+03 (4.41E+02) − 1.12E+04 (4.21E+02) −
F11 6.93E+01 (1.05E+01) − 2.09E+02 (1.89E+01) − 1.18E+02 (6.24E+01) − 1.97E+02 (1.22E+02) − 3.76E+01 (5.95E+00) −
F12 9.67E+03 (7.94E+03) − 7.03E+07 (1.58E+07) − 1.09E+04 (1.95E+04) − 2.95E+06 (2.14E+06) − 9.27E+04 (5.88E+04) −
F13 4.86E+03 (1.91E+04) − 4.02E+04 (3.01E+04) − 4.64E+03 (5.64E+03) − 2.36E+03 (3.80E+03) − 1.52E+02 (1.52E+02) −
F14 3.96E+04 (5.60E+04) − 2.38E+02 (1.03E+02) − 3.18E+02 (2.11E+02) − 5.51E+04 (7.61E+04) − 3.95E+01 (7.35E+00) −
F15 6.54E+03 (1.06E+04) − 1.82E+03 (9.54E+03) − 3.57E+02 (1.70E+02) − 1.65E+03 (3.16E+03) − 2.86E+01 (4.16E+00) −
F16 1.16E+03 (2.21E+02) − 1.50E+03 (2.56E+02) − 8.75E+02 (2.08E+02) − 9.91E+02 (2.18E+02) − 9.11E+02 (3.49E+02) −
F17 9.01E+02 (1.21E+02) − 9.28E+02 (1.60E+02) − 7.05E+02 (1.54E+02) − 6.18E+02 (1.40E+02) − 6.99E+02 (3.36E+02) −
F18 1.65E+05 (3.38E+05) − 2.66E+05 (2.14E+05) − 1.52E+05 (4.32E+05) − 1.79E+05 (3.79E+05) − 8.54E+02 (7.48E+02) −
F19 4.40E+03 (6.08E+03) − 1.66E+02 (5.10E+01) − 4.08E+02 (1.97E+03) − 2.35E+03 (4.26E+03) − 1.23E+01 (2.78E+00) −
F20 7.18E+02 (1.17E+02) − 6.95E+02 (1.57E+02) − 4.77E+02 (1.32E+02) − 5.26E+02 (1.39E+02) − 3.99E+02 (2.32E+02) −
F21 2.96E+02 (9.02E+00) − 5.13E+02 (1.59E+01) − 3.98E+02 (1.87E+01) − 2.79E+02 (1.17E+01) − 3.62E+02 (1.14E+02) −
F22 3.72E+03 (3.32E+03) − 9.69E+03 (2.45E+03) − 6.89E+03 (3.85E+03) − 4.10E+03 (2.41E+03) − 4.49E+03 (5.53E+03) =
F23 5.15E+02 (1.06E+01) − 7.36E+02 (1.62E+01) − 6.12E+02 (1.87E+01) − 5.09E+02 (1.09E+01) − 4.98E+02 (5.91E+01) −
F24 5.69E+02 (1.17E+01) − 8.38E+02 (1.67E+01) − 6.67E+02 (2.22E+01) − 5.81E+02 (1.73E+01) − 5.58E+02 (4.26E+01) −
F25 5.32E+02 (3.01E+01) − 5.81E+02 (1.82E+01) − 5.33E+02 (4.07E+01) − 5.32E+02 (3.39E+01) − 4.82E+02 (1.19E+01) −
F26 1.85E+03 (9.48E+01) − 4.16E+03 (1.54E+02) − 2.75E+03 (1.74E+02) − 1.97E+03 (1.46E+02) − 1.60E+03 (1.63E+02) −
F27 5.35E+02 (1.74E+01) − 5.64E+02 (2.53E+01) − 6.04E+02 (6.61E+01) − 5.43E+02 (2.60E+01) − 5.06E+02 (7.95E+00) −
F28 4.86E+02 (2.46E+01) − 4.79E+02 (1.56E+01) − 4.92E+02 (1.99E+01) − 4.81E+02 (2.38E+01) − 4.59E+02 (0.00E+00) −
F29 5.38E+02 (7.40E+01) − 1.04E+03 (1.34E+02) − 5.62E+02 (9.08E+01) − 4.83E+02 (9.23E+01) − 3.80E+02 (1.19E+02) −
F30 6.76E+05 (1.18E+05) − 7.20E+05 (6.89E+04) − 6.67E+05 (7.95E+04) − 6.21E+05 (5.58E+04) − 5.95E+05 (1.68E+04) −

+/=/− 2/1/27 0/0/30 1/0/29 0/1/29 0/2/28

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP using the
Wilcoxon rank-sum test with α = 0.05 significance level.
Table 6
Friedman test with Hochberg’s post hoc for test algorithms on CEC 2017 test suite in 50 dimension.

Algorithm Average ranking z-value p-value Adj. p-value (Hochberg) Sig. Test statistics

1 iLSHADE-RSP 2.47

2 LSHADE-RSP 2.63 −1.79.E−01 8.58.E−01 8.58.E−01 No N 30
3 jSO 3.12 −6.98.E−01 4.85.E−01 9.70.E−01 No Chi-Square 220.47
4 L-SHADE 3.73 −1.36.E+00 1.74.E−01 5.21.E−01 No df 11
5 SHADE 6.07 −3.87.E+00 1.10.E−04 4.41.E−04 Yes p-value 4.12.E−41
6 JADE 6.93 −4.80.E+00 1.60.E−06 8.01.E−06 Yes Sig. Yes
7 EDEV 7.43 −5.34.E+00 9.55.E−08 6.69.E−07 Yes
8 MPEDE 8.80 −6.80.E+00 1.02.E−11 8.19.E−11 Yes
9 CoDE 11.40 −9.60.E+00 8.32.E−22 9.15.E−21 Yes
10 EPSDE 9.40 −7.45.E+00 9.51.E−14 9.51.E−13 Yes
11 SaDE 8.93 −6.95.E+00 3.75.E−12 3.37.E−11 Yes
12 dynNP-DE 7.08 −4.96.E+00 7.08.E−07 4.25.E−06 Yes
proposed algorithm considerably outperformed on 2 test func-
tions and underperformed it on 0 test functions. In addition, Ta-
ble 2 presents the Friedman test with Hochberg’s post hoc, which
supports the comparative analysis in Table 1 where iLSHADE-RSP
ranked the first among the test algorithms, and the outperfor-
mance over JADE, EDEV, MPEDE, CoDE, EPSDE, and SaDE was
statistically significant.
9

The means and standard deviations of the FEVs of the pro-
posed and comparison algorithms in 30 dimension are shown in
Table 3, collected by 51 independent runs. As can be seen from
the table, the proposed algorithm performs better performance
than all of the other test algorithms. Specifically, iLSHADE-RSP
found significantly better solutions with lower FEVs than SHADE,
JADE, EDEV, MPEDE, CoDE, EPSDE, SaDE, and dynNP-DE on more
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able 7
eans and standard deviations of FEVs of test algorithms on CEC 2017 test suite in 100 dimension.

iLSHADE-RSP LSHADE-RSP jSO L-SHADE SHADE JADE EDEV
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 9.60E−09 (1.39E−08) 1.31E−10 (2.63E−10) + 9.11E−11 (2.45E−10) + 1.06E−12 (1.14E−12) + 7.79E−10 (1.28E−09) + 8.76E−10 (1.71E−09) + 7.56E−10 (1.10E−09) +
F2 2.75E+04 (1.50E+05) 6.12E+06 (4.09E+07) = 9.20E+04 (5.55E+05) + 3.54E+11 (1.35E+12) − 7.28E+24 (5.18E+25) = 1.52E+22 (1.08E+23) = 2.33E+26 (1.67E+27) +
F3 8.60E−06 (7.87E−06) 2.22E−06 (3.42E−06) + 2.07E−06 (2.92E−06) + 7.59E−07 (9.42E−07) + 7.93E−02 (5.66E−01) + 7.27E+04 (1.41E+05) + 1.04E+05 (1.58E+05) +
F4 2.00E+02 (2.43E+01) 2.00E+02 (9.41E+00) + 1.92E+02 (2.46E+01) + 1.90E+02 (2.20E+01) + 6.31E+01 (6.52E+01) + 8.91E+01 (7.17E+01) + 6.99E+01 (6.67E+01) +
F5 3.73E+01 (1.26E+01) 3.62E+01 (9.22E+00) = 4.59E+01 (8.92E+00) − 4.25E+01 (6.57E+00) − 1.42E+02 (1.97E+01) − 1.47E+02 (1.86E+01) − 1.50E+02 (1.73E+01) −
F6 3.68E−05 (2.07E−05) 2.74E−05 (1.90E−05) + 1.61E−04 (4.63E−04) = 7.59E−03 (5.44E−03) − 3.91E−02 (3.69E−02) − 1.11E−03 (2.99E−03) + 1.90E−04 (7.53E−04) +
F7 1.57E+02 (2.10E+01) 1.54E+02 (1.82E+01) = 1.56E+02 (1.19E+01) = 1.46E+02 (4.24E+00) + 2.59E+02 (1.80E+01) − 2.77E+02 (2.37E+01) − 2.69E+02 (1.76E+01) −
F8 3.70E+01 (1.39E+01) 3.53E+01 (9.66E+00) = 4.63E+01 (7.40E+00) − 4.37E+01 (4.86E+00) − 1.42E+02 (2.07E+01) − 1.45E+02 (1.91E+01) − 1.49E+02 (1.59E+01) −
F9 7.02E−03 (2.43E−02) 1.75E−03 (1.25E−02) = 3.70E−02 (8.11E−02) = 6.19E−01 (5.40E−01) − 4.39E+01 (2.85E+01) − 9.69E+01 (8.40E+01) − 6.84E+01 (4.62E+01) −
F10 1.26E+04 (1.09E+03) 1.26E+04 (1.05E+03) = 1.14E+04 (1.17E+03) + 1.07E+04 (4.65E+02) + 9.87E+03 (5.09E+02) + 1.01E+04 (5.77E+02) + 1.15E+04 (5.17E+02) +
F11 7.96E+01 (3.04E+01) 7.55E+01 (2.60E+01) = 1.08E+02 (3.18E+01) − 4.87E+02 (1.25E+02) − 1.07E+03 (2.34E+02) − 3.70E+03 (3.66E+03) − 1.47E+03 (1.77E+03) −
F12 1.66E+04 (7.34E+03) 1.35E+04 (5.12E+03) + 1.80E+04 (7.60E+03) = 1.99E+04 (8.47E+03) − 2.14E+04 (1.20E+04) = 2.20E+04 (2.38E+04) = 2.67E+04 (2.55E+04) −
F13 1.28E+02 (3.83E+01) 1.28E+02 (3.53E+01) = 1.56E+02 (3.87E+01) − 4.14E+02 (2.10E+02) − 3.69E+03 (3.81E+03) − 2.24E+03 (2.27E+03) − 2.82E+03 (2.97E+03) −
F14 4.44E+01 (4.66E+00) 4.53E+01 (6.15E+00) = 6.12E+01 (9.03E+00) − 2.51E+02 (3.72E+01) − 5.68E+02 (1.87E+02) − 6.37E+02 (2.20E+02) − 9.39E+02 (2.12E+03) −
F15 1.10E+02 (2.66E+01) 1.19E+02 (3.70E+01) = 1.60E+02 (3.66E+01) − 2.54E+02 (4.44E+01) − 3.56E+02 (1.23E+02) − 3.63E+02 (1.48E+02) − 4.78E+02 (2.93E+02) −
F16 1.56E+03 (3.07E+02) 1.70E+03 (3.45E+02) − 1.83E+03 (3.42E+02) − 1.70E+03 (2.47E+02) − 2.39E+03 (3.55E+02) − 2.53E+03 (3.23E+02) − 2.94E+03 (3.18E+02) −
F17 1.09E+03 (2.75E+02) 1.26E+03 (3.09E+02) − 1.30E+03 (2.50E+02) − 1.14E+03 (2.21E+02) = 1.80E+03 (2.30E+02) − 1.89E+03 (2.55E+02) − 2.09E+03 (2.42E+02) −
F18 1.41E+02 (2.98E+01) 1.47E+02 (2.98E+01) = 1.83E+02 (3.16E+01) − 2.34E+02 (4.76E+01) − 1.65E+03 (1.10E+03) − 1.96E+03 (1.29E+03) − 2.60E+05 (9.85E+05) −
F19 6.06E+01 (9.24E+00) 6.10E+01 (9.96E+00) = 9.91E+01 (1.90E+01) − 1.71E+02 (2.12E+01) − 1.41E+03 (1.66E+03) − 1.60E+03 (2.55E+03) − 3.13E+02 (3.23E+02) −
F20 1.28E+03 (2.17E+02) 1.66E+03 (4.26E+02) − 1.60E+03 (3.16E+02) − 2.02E+03 (2.10E+02) − 1.70E+03 (2.50E+02) − 2.10E+03 (2.77E+02) − 2.39E+03 (2.04E+02) −
F21 2.56E+02 (1.33E+01) 2.55E+02 (1.04E+01) = 2.66E+02 (7.59E+00) − 2.64E+02 (5.62E+00) − 3.67E+02 (1.74E+01) − 3.69E+02 (2.03E+01) − 3.78E+02 (2.21E+01) −
F22 1.35E+04 (1.15E+03) 1.31E+04 (1.15E+03) = 1.22E+04 (1.08E+03) + 1.15E+04 (4.97E+02) + 1.08E+04 (1.61E+03) + 1.13E+04 (5.93E+02) + 1.28E+04 (5.52E+02) +
F23 5.61E+02 (8.82E+00) 5.68E+02 (1.02E+01) − 5.67E+02 (1.36E+01) − 5.69E+02 (9.34E+00) − 6.39E+02 (1.57E+01) − 6.49E+02 (1.59E+01) − 6.73E+02 (1.62E+01) −
F24 9.03E+02 (6.82E+00) 9.02E+02 (7.36E+00) = 9.02E+02 (1.02E+01) = 9.08E+02 (7.84E+00) − 1.01E+03 (2.91E+01) − 1.02E+03 (2.35E+01) − 1.03E+03 (2.47E+01) −
F25 7.13E+02 (3.64E+01) 7.36E+02 (3.96E+01) − 7.38E+02 (3.85E+01) − 7.48E+02 (2.76E+01) − 7.66E+02 (6.51E+01) − 7.43E+02 (5.77E+01) − 7.49E+02 (5.16E+01) −
F26 3.20E+03 (9.68E+01) 3.19E+03 (9.06E+01) = 3.29E+03 (1.02E+02) − 3.28E+03 (8.52E+01) − 4.61E+03 (2.92E+02) − 4.51E+03 (2.63E+02) − 4.58E+03 (2.43E+02) −
F27 5.65E+02 (1.34E+01) 5.77E+02 (1.62E+01) − 5.85E+02 (2.04E+01) − 6.27E+02 (1.73E+01) − 7.06E+02 (3.94E+01) − 7.34E+02 (4.11E+01) − 7.26E+02 (3.81E+01) −
F28 5.24E+02 (2.28E+01) 5.23E+02 (2.14E+01) = 5.28E+02 (2.50E+01) = 5.23E+02 (2.04E+01) = 5.30E+02 (4.03E+01) = 5.31E+02 (4.76E+01) = 5.30E+02 (3.81E+01) =
F29 1.11E+03 (2.24E+02) 1.28E+03 (2.14E+02) − 1.30E+03 (2.10E+02) − 1.24E+03 (1.73E+02) − 2.13E+03 (2.80E+02) − 2.20E+03 (2.79E+02) − 2.28E+03 (2.64E+02) −
F30 1.28E+03 (3.42E+02) 2.33E+03 (1.96E+02) − 2.29E+03 (1.09E+02) − 2.42E+03 (1.54E+02) − 2.69E+03 (2.73E+02) − 4.11E+03 (1.88E+03) − 3.92E+03 (1.69E+03) −

+/=/− 5/17/8 6/6/18 6/2/22 5/3/22 6/3/21 7/1/22

MPEDE CoDE EPSDE SaDE dynNP-DE
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 2.48E−14 (1.47E−14) + 1.90E+08 (5.82E+07) − 2.96E+00 (1.60E+01) − 4.26E+03 (3.80E+03) − 5.06E+03 (4.61E+03) −
F2 3.62E+07 (2.35E+08) + 2.34E+126 (1.65E+127) − 5.92E+99 (4.23E+100) − 2.32E+58 (1.39E+59) − 1.03E+72 (7.31E+72) −
F3 1.19E+05 (1.51E+05) − 3.66E+05 (2.94E+04) − 1.04E+05 (6.28E+04) − 4.16E+04 (1.23E+05) − 1.19E+05 (1.56E+04) −
F4 4.29E+01 (5.70E+01) + 7.06E+02 (7.32E+01) − 1.45E+02 (5.14E+01) + 1.92E+02 (5.59E+01) = 2.10E+02 (1.52E+01) =
F5 2.39E+02 (1.79E+01) − 9.36E+02 (2.38E+01) − 6.59E+02 (3.34E+01) − 2.24E+02 (3.26E+01) − 4.88E+02 (2.80E+02) −
F6 1.63E−02 (1.70E−02) − 3.88E+00 (4.09E−01) − 3.73E−04 (1.23E−03) + 1.35E−04 (9.61E−04) + 2.51E−04 (2.97E−04) −
F7 3.82E+02 (3.14E+01) − 1.30E+03 (3.73E+01) − 8.04E+02 (3.69E+01) − 4.33E+02 (1.16E+02) − 8.12E+02 (2.56E+01) −
F8 2.23E+02 (3.15E+01) − 9.22E+02 (3.09E+01) − 6.47E+02 (3.47E+01) − 2.46E+02 (3.67E+01) − 5.73E+02 (2.38E+02) −
F9 9.34E+00 (6.82E+00) − 1.84E+04 (2.33E+03) − 1.23E+03 (1.05E+03) − 6.67E+02 (9.59E+02) − 1.43E+00 (1.28E+00) −
F10 1.62E+04 (5.71E+02) − 2.60E+04 (6.51E+02) − 2.44E+04 (6.92E+02) − 1.14E+04 (1.33E+03) + 2.61E+04 (7.17E+02) −
F11 6.49E+02 (2.07E+02) − 4.12E+03 (6.43E+02) − 5.98E+02 (2.93E+02) − 2.64E+03 (4.71E+03) − 1.56E+02 (3.77E+01) −
F12 3.00E+04 (1.41E+04) − 8.19E+08 (1.77E+08) − 8.85E+04 (5.73E+04) − 3.00E+06 (6.39E+06) − 4.20E+05 (1.31E+05) −
F13 2.16E+03 (1.52E+03) − 4.81E+05 (1.82E+05) − 4.25E+03 (5.16E+03) − 2.00E+03 (1.43E+03) − 2.58E+03 (3.84E+03) −
F14 1.75E+05 (6.10E+05) − 1.68E+05 (1.18E+05) − 3.51E+03 (1.65E+04) − 7.76E+05 (1.50E+06) − 4.02E+02 (2.59E+02) −
F15 2.75E+02 (4.89E+01) − 2.04E+04 (1.18E+04) − 2.40E+03 (2.84E+03) − 9.07E+02 (6.45E+02) − 7.86E+02 (1.08E+03) −
F16 3.33E+03 (4.47E+02) − 5.78E+03 (3.22E+02) − 2.88E+03 (3.96E+02) − 2.72E+03 (4.05E+02) − 4.02E+03 (1.72E+03) −
F17 2.47E+03 (3.01E+02) − 3.39E+03 (2.63E+02) − 2.25E+03 (2.35E+02) − 2.14E+03 (3.17E+02) − 3.08E+03 (1.08E+03) −
F18 6.63E+04 (3.35E+05) − 1.02E+07 (2.54E+06) − 2.19E+06 (2.51E+06) − 8.19E+05 (1.35E+06) − 8.12E+04 (4.04E+04) −
F19 5.02E+02 (2.11E+03) − 8.23E+04 (3.73E+04) − 3.12E+03 (3.38E+03) − 7.53E+02 (7.47E+02) − 2.60E+03 (3.36E+03) −
F20 2.74E+03 (2.47E+02) − 2.86E+03 (2.48E+02) − 2.27E+03 (2.52E+02) − 1.94E+03 (3.33E+02) − 3.26E+03 (9.30E+02) −
F21 4.44E+02 (2.56E+01) − 1.17E+03 (2.21E+01) − 8.89E+02 (3.67E+01) − 5.39E+02 (4.53E+01) − 7.22E+02 (2.66E+02) −
F22 1.70E+04 (2.17E+03) − 2.71E+04 (5.62E+02) − 2.53E+04 (7.80E+02) − 1.28E+04 (1.56E+03) + 2.70E+04 (6.84E+02) −
F23 7.08E+02 (1.42E+01) − 1.23E+03 (1.79E+01) − 1.02E+03 (2.58E+01) − 6.70E+02 (1.36E+01) − 7.09E+02 (1.23E+02) −
F24 1.08E+03 (2.12E+01) − 1.74E+03 (3.12E+01) − 1.47E+03 (3.56E+01) − 1.11E+03 (4.70E+01) − 9.95E+02 (9.03E+01) −
F25 7.69E+02 (5.20E+01) − 1.77E+03 (9.98E+01) − 7.93E+02 (5.84E+01) − 7.98E+02 (4.80E+01) − 7.35E+02 (4.19E+01) −
F26 4.93E+03 (2.46E+02) − 1.22E+04 (3.32E+02) − 9.23E+03 (4.25E+02) − 6.15E+03 (8.63E+02) − 4.04E+03 (2.61E+02) −
F27 6.66E+02 (2.42E+01) − 8.95E+02 (6.86E+01) − 7.56E+02 (5.17E+01) − 6.91E+02 (3.44E+01) − 5.98E+02 (1.73E+01) −
F28 5.35E+02 (3.64E+01) = 9.72E+02 (3.36E+01) − 5.50E+02 (2.55E+01) − 5.72E+02 (3.70E+01) − 5.49E+02 (2.44E+01) −
F29 2.47E+03 (2.45E+02) − 4.23E+03 (2.29E+02) − 2.53E+03 (2.90E+02) − 2.24E+03 (3.97E+02) − 1.87E+03 (7.05E+02) −
F30 3.58E+03 (1.41E+03) − 9.70E+04 (2.23E+04) − 3.52E+03 (1.30E+03) − 4.89E+03 (2.47E+03) − 3.19E+03 (1.44E+03) −

+/=/− 3/1/26 0/0/30 2/0/28 3/1/26 0/1/29

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP using the
Wilcoxon rank-sum test with α = 0.05 significance level.
Table 8
Friedman test with Hochberg’s post hoc for test algorithms on CEC 2017 test suite in 100 dimension.

Algorithm Average ranking z-value p-value Adj. p-value (Hochberg) Sig. Test statistics

1 iLSHADE-RSP 2.53

2 LSHADE-RSP 2.67 −1.43.E−01 8.86.E−01 8.86.E−01 No N 30
3 jSO 3.33 −8.59.E−01 3.90.E−01 7.80.E−01 No Chi-Square 221.94
4 L-SHADE 3.77 −1.32.E+00 1.85.E−01 5.56.E−01 No df 11
5 SHADE 5.77 −3.47.E+00 5.14.E−04 2.06.E−03 Yes p-value 2.04.E−41
6 JADE 6.67 −4.44.E+00 9.00.E−06 4.50.E−05 Yes Sig. Yes
7 EDEV 7.33 −5.16.E+00 2.52.E−07 1.51.E−06 Yes
8 MPEDE 7.73 −5.59.E+00 2.33.E−08 1.63.E−07 Yes
9 CoDE 11.87 −1.00.E+01 1.18.E−23 1.29.E−22 Yes
10 EPSDE 9.63 −7.63.E+00 2.41.E−14 2.41.E−13 Yes
11 SaDE 8.33 −6.23.E+00 4.66.E−10 3.73.E−09 Yes
12 dynNP-DE 8.37 −6.27.E+00 3.70.E−10 3.33.E−09 Yes
than 80 percent of the test functions. In particular, JADE, EDEV,
MPEDE, CoDE, EPSDE, and SaDE were not able to outperform
iLSHADE-RSP on any of the test functions. As compared to its
predecessor LSHADE-RSP, the proposed algorithm considerably
outperformed on 6 test functions and underperformed it on 1 test
functions. Additionally, Table 4 presents the Friedman test with
Hochberg’s post hoc, which supports the comparative analysis in
10
Table 3 where iLSHADE-RSP ranked the first among the test algo-
rithms, and the outperformance over SHADE, JADE, EDEV, MPEDE,
CoDE, EPSDE, SaDE, and dynNP-DE was statistically significant.

Table 5 presents the means and standard deviations of the
FEVs of the test algorithms in 50 dimension, obtained by 51
independent runs. As can be seen from the table, the proposed
algorithm performs better performance than all of the other test
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Fig. 3. Convergence graphs of test algorithms on CEC 2017 test suites in 100 dimension (F1 - F6)
lgorithms. Specifically, iLSHADE-RSP found significantly better
olutions with lower FEVs than all of the other test algorithms
xcept LSHADE-RSP on more than 50 percent of the test functions.
n particular, SHADE, JADE, EDEV, MPEDE, CoDE, EPSDE, SaDE,
nd dynNP-DE were significantly outperformed by iLSHADE-RSP
n approximately 90 percent of the test functions. As compared
o its predecessor LSHADE-RSP, the proposed algorithm consid-
rably outperformed on 8 test functions and underperformed it
n 4 test functions. In addition, Table 6 presents the Friedman
est with Hochberg’s post hoc, which supports the comparative
11
analysis in Table 5 where iLSHADE-RSP ranked the first among
the test algorithms, and the outperformance over SHADE, JADE,
EDEV, MPEDE, CoDE, EPSDE, SaDE, and dynNP-DE was statistically
significant.

The means and standard deviations of the FEVs of the pro-
posed and comparison algorithms in 100 dimension are shown in
Table 7, collected by 51 independent runs. As can be seen from
the table, the proposed algorithm performs better performance
than all of the other test algorithms. Specifically, iLSHADE-RSP
found significantly better solutions with lower FEVs than all
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Fig. 4. Convergence graphs of test algorithms on CEC 2017 test suites in 100 dimension (F7 - F12)
f the other test algorithms except LSHADE-RSP on more than
0 percent of the test functions. In particular, MPEDE, CoDE,
PSDE, SaDE, and dynNP-DE were significantly outperformed by
LSHADE-RSP on approximately 90 percent of the test functions.
s compared to its predecessor LSHADE-RSP, the proposed algo-
ithm considerably outperformed on 8 test functions and under-
erformed it on 5 test functions. Additionally, Table 8 presents
he Friedman test with Hochberg’s post hoc, which supports the
omparative analysis in Table 7 where iLSHADE-RSP ranked the
irst among the test algorithms, and the outperformance over
12
SHADE, JADE, EDEV, MPEDE, CoDE, EPSDE, SaDE, and dynNP-DE
was statistically significant.

The convergence graphs of the proposed and comparison al-
gorithms in 100 dimension are provided in Figs. 3, 4, 5, 6, and
7. Each convergence graph provides the median and interquartile
ranges (one-fourth and three-fourth) of the FEVs of the proposed
and comparison algorithms. The first part of the convergence
graphs (F1 - F6) is given in Fig. 3. The second part of the con-
vergence graphs (F7 - F12) is given in Fig. 4. The third part of the
convergence graphs (F - F ) is given in Fig. 5. The fourth part of
13 18
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Fig. 5. Convergence graphs of test algorithms on CEC 2017 test suites in 100 dimension (F13 - F18)
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he convergence graphs (F19 - F24) is given in Fig. 6. The last part of
he convergence graphs (F25 - F30) is given in Fig. 7. As can be seen
rom the figures, iLSHADE-RSP is competitive with the other test
lgorithms in terms of solution accuracy, especially for the test
unctions F5, F7 - F9, F11 - F21, and F23 - F30. In particular, iLSHADE-
SP can escape from the local optimum of the test functions F20
nd F , while the other test algorithms cannot.
30 a

13
.2. Discussion of comparative analysis

We first discuss the comparative analysis between the pro-
osed algorithm and each of the two state-of-the-art L-SHADE
ariants, LSHADE-RSP and jSO. After that, we discuss the exper-
mental results with the proposed algorithm and the other test
lgorithms.
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Fig. 6. Convergence graphs of test algorithms on CEC 2017 test suites in 100 dimension (F19 - F24)
• The performance difference between the proposed algo-
rithm and LSHADE-RSP is negligible in 10 dimension. The
proposed algorithm has only two improvements against
zero deteriorations. However, the performance difference
is much different in 30, 50, and 100 dimensions. The pro-
posed algorithm has six improvements against one deteri-
oration in 30 dimension, eight improvements against four
deteriorations in 50 dimension, and eight improvements
against five deteriorations in 100 dimension. Additionally,
we investigated the performance difference with respect
14
to the characteristics of the test functions. We found out
that the proposed algorithm has worse performance on the
unimodal (F1-F3) and some of the simple multimodal test
functions (F4-F10) but better performance on the expanded
multimodal (F11-F20) and the hybrid composition test func-
tions (F21-F30). In a word, the proposed algorithm performs
better than LSHADE-RSP on more complicated optimization
problems.
• The performance difference between the proposed algo-

rithm and jSO is negligible in 10 dimension. The proposed
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Fig. 7. Convergence graphs of test algorithms on CEC 2017 test suites in 100 dimension (F25 - F30)
algorithm has only five improvements against three dete-
riorations. However, the performance difference is much
different in 30, 50, and 100 dimensions. The proposed al-
gorithm has 11 improvements against six deteriorations in
30 dimension, 17 improvements against two deteriorations
in 50 dimension, and 18 improvements against six dete-
riorations in 100 dimension. Additionally, we investigated
the performance difference with respect to the characteris-
tics of the test functions. We found out that the proposed
algorithm has worse performance on the unimodal (F -F )
1 3

15
and some of the simple multimodal test functions (F4-F10)
but better performance on the expanded multimodal (F11-
F20) and the hybrid composition test functions (F21-F30). In a
word, the proposed algorithm performs better than jSO on
more complicated optimization problems.
• The proposed algorithm found more significantly accurate

solutions compared with the test algorithms, including L-
SHADE, SHADE, JADE, EDEV, MPEDE, CoDE, EPSDE, SaDE, and
dynNP-DE, in all the dimensions.
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pj = 0.35 pj = 0.40
MEAN (STD DEV) MEAN (STD DEV)

= 3.90E−14 (4.52E−14) − 6.05E−14 (9.22E−14) −
= 5.52E−14 (7.29E−14) = 1.27E−13 (2.28E−13) =
− 4.28E−13 (1.84E−13) − 4.87E−13 (2.28E−13) −
+ 7.08E+01 (5.44E+01) + 5.54E+01 (4.96E+01) +
= 1.53E+01 (5.10E+00) = 1.65E+01 (5.35E+00) =
− 2.11E−06 (3.76E−06) − 3.62E−06 (3.35E−06) −
= 7.63E+01 (9.80E+00) = 7.60E+01 (1.00E+01) =
= 1.67E+01 (5.28E+00) = 1.66E+01 (4.91E+00) =
= 4.47E−14 (5.62E−14) = 5.81E−14 (5.76E−14) =
= 4.20E+03 (5.26E+02) = 4.13E+03 (5.96E+02) =
= 1.82E+01 (2.74E+00) = 1.89E+01 (2.76E+00) −
= 1.39E+03 (3.50E+02) = 1.41E+03 (3.96E+02) =
= 3.09E+01 (1.73E+01) = 3.03E+01 (1.91E+01) =
= 2.36E+01 (1.82E+00) = 2.34E+01 (1.76E+00) =
= 1.84E+01 (2.14E+00) = 1.84E+01 (1.71E+00) =
= 3.48E+02 (1.32E+02) − 3.35E+02 (1.16E+02) −
= 2.36E+02 (1.06E+02) = 2.47E+02 (9.12E+01) =
= 2.25E+01 (1.32E+00) = 2.26E+01 (1.40E+00) =
= 1.07E+01 (2.43E+00) = 1.10E+01 (2.35E+00) =
= 1.23E+02 (4.14E+01) = 1.35E+02 (5.64E+01) −
= 2.15E+02 (5.17E+00) = 2.17E+02 (4.96E+00) =
= 1.70E+03 (2.13E+03) = 1.62E+03 (2.14E+03) =
= 4.33E+02 (6.92E+00) = 4.33E+02 (6.58E+00) =
= 5.10E+02 (4.31E+00) = 5.09E+02 (3.48E+00) =
= 4.79E+02 (9.51E−01) = 4.79E+02 (7.84E−01) +
+ 1.13E+03 (5.84E+01) = 1.13E+03 (5.18E+01) =
= 4.74E+02 (5.90E+00) + 4.74E+02 (8.15E+00) +
+ 4.52E+02 (4.76E−01) + 4.51E+02 (4.93E−01) +
+ 3.01E+02 (1.84E+01) = 2.99E+02 (1.61E+01) +
= 6.32E+03 (7.45E+03) = 6.26E+03 (6.91E+03) −

3/23/4 5/18/7

pj = 0.2 using the Wilcoxon rank-sum test with α = 0.05 significance
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Table 9
Means and standard deviations of FEVs of iLSHADE-RSP with different jumping rates on CEC 2017 test suite in 50 dimension.

iLSHADE-RSP

pj = 0.20 pj = 0.05 pj = 0.10 pj = 0.15 pj = 0.25 pj = 0.30
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 2.26E−14 (1.99E−14) 1.56E−14 (6.51E−15) + 1.61E−14 (6.36E−15) = 1.98E−14 (2.12E−14) = 2.65E−14 (3.32E−14) = 2.92E−14 (2.82E−14)
F2 8.13E−14 (2.21E−13) 4.29E−14 (5.25E−14) = 3.85E−13 (2.17E−12) = 6.35E−14 (1.48E−13) = 7.47E−14 (1.33E−13) = 1.55E−13 (6.30E−13)
F3 2.01E−13 (8.60E−14) 1.39E−13 (4.14E−14) + 1.66E−13 (5.98E−14) + 1.73E−13 (5.43E−14) = 2.47E−13 (9.49E−14) − 2.91E−13 (1.24E−13)
F4 6.83E+01 (5.32E+01) 5.61E+01 (4.73E+01) = 5.45E+01 (5.10E+01) = 6.55E+01 (5.32E+01) = 5.62E+01 (5.03E+01) + 6.04E+01 (5.20E+01)
F5 1.51E+01 (5.06E+00) 1.50E+01 (3.86E+00) = 1.49E+01 (3.78E+00) = 1.52E+01 (4.47E+00) = 1.56E+01 (4.96E+00) = 1.60E+01 (5.66E+00)
F6 9.98E−07 (1.80E−06) 2.61E−07 (5.54E−07) + 3.93E−07 (5.74E−07) = 5.26E−07 (9.13E−07) = 7.25E−07 (1.27E−06) = 1.22E−06 (1.53E−06)
F7 7.25E+01 (7.22E+00) 6.96E+01 (5.97E+00) + 7.15E+01 (5.70E+00) = 7.11E+01 (6.27E+00) = 7.37E+01 (8.33E+00) = 7.55E+01 (7.89E+00)
F8 1.62E+01 (4.46E+00) 1.64E+01 (5.05E+00) = 1.55E+01 (3.86E+00) = 1.56E+01 (5.44E+00) = 1.74E+01 (5.45E+00) = 1.74E+01 (5.56E+00)
F9 4.25E−14 (5.57E−14) 6.71E−15 (2.71E−14) + 2.24E−14 (4.57E−14) = 2.24E−14 (4.57E−14) = 3.58E−14 (5.34E−14) = 4.69E−14 (5.67E−14)
F10 4.23E+03 (5.00E+02) 4.13E+03 (5.09E+02) = 4.18E+03 (6.67E+02) = 4.24E+03 (6.18E+02) = 4.25E+03 (6.39E+02) = 4.19E+03 (6.33E+02)
F11 1.77E+01 (3.42E+00) 1.97E+01 (4.26E+00) − 1.75E+01 (3.65E+00) = 1.74E+01 (4.07E+00) = 1.82E+01 (3.28E+00) = 1.87E+01 (2.67E+00)
F12 1.42E+03 (4.59E+02) 1.55E+03 (4.16E+02) = 1.45E+03 (4.04E+02) = 1.43E+03 (4.25E+02) = 1.43E+03 (4.15E+02) = 1.47E+03 (4.64E+02)
F13 3.03E+01 (2.09E+01) 2.38E+01 (1.68E+01) = 2.91E+01 (2.44E+01) = 2.90E+01 (2.34E+01) = 2.99E+01 (2.42E+01) = 2.83E+01 (1.93E+01)
F14 2.36E+01 (1.88E+00) 2.40E+01 (2.17E+00) = 2.40E+01 (2.02E+00) = 2.33E+01 (2.07E+00) = 2.36E+01 (2.09E+00) = 2.34E+01 (2.00E+00)
F15 1.87E+01 (1.89E+00) 1.91E+01 (1.86E+00) = 1.97E+01 (1.61E+00) − 1.88E+01 (1.63E+00) = 1.88E+01 (2.48E+00) = 1.83E+01 (1.72E+00)
F16 2.94E+02 (1.29E+02) 3.04E+02 (1.39E+02) = 3.15E+02 (1.28E+02) = 3.19E+02 (1.37E+02) = 3.03E+02 (1.12E+02) = 3.20E+02 (1.18E+02)
F17 2.27E+02 (8.62E+01) 2.34E+02 (9.75E+01) = 2.42E+02 (1.06E+02) = 2.47E+02 (9.24E+01) = 2.29E+02 (8.94E+01) = 2.30E+02 (8.92E+01)
F18 2.26E+01 (1.27E+00) 2.27E+01 (1.27E+00) = 2.29E+01 (1.41E+00) = 2.27E+01 (1.18E+00) = 2.30E+01 (1.46E+00) = 2.27E+01 (1.49E+00)
F19 1.03E+01 (2.46E+00) 1.13E+01 (2.01E+00) − 1.06E+01 (2.31E+00) = 1.04E+01 (2.85E+00) = 1.06E+01 (2.12E+00) = 1.10E+01 (2.26E+00)
F20 1.18E+02 (4.79E+01) 1.40E+02 (7.51E+01) = 1.18E+02 (5.10E+01) = 1.17E+02 (2.78E+01) = 1.17E+02 (4.85E+01) = 1.27E+02 (4.78E+01)
F21 2.15E+02 (4.35E+00) 2.15E+02 (4.13E+00) = 2.15E+02 (3.70E+00) = 2.16E+02 (5.24E+00) = 2.16E+02 (4.93E+00) = 2.17E+02 (5.49E+00)
F22 1.86E+03 (2.25E+03) 1.91E+03 (2.21E+03) = 1.58E+03 (2.22E+03) = 1.51E+03 (2.13E+03) = 1.86E+03 (2.25E+03) = 1.31E+03 (2.01E+03)
F23 4.33E+02 (7.17E+00) 4.31E+02 (5.46E+00) = 4.33E+02 (6.28E+00) = 4.33E+02 (7.21E+00) = 4.32E+02 (6.43E+00) = 4.32E+02 (6.17E+00)
F24 5.09E+02 (4.10E+00) 5.08E+02 (3.48E+00) = 5.09E+02 (4.42E+00) = 5.09E+02 (3.67E+00) = 5.10E+02 (4.09E+00) = 5.10E+02 (4.15E+00)
F25 4.79E+02 (9.87E−01) 4.80E+02 (1.41E+00) − 4.80E+02 (7.77E−01) − 4.80E+02 (8.57E−01) = 4.79E+02 (8.08E−01) = 4.79E+02 (9.61E−01)
F26 1.13E+03 (4.73E+01) 1.15E+03 (5.73E+01) = 1.13E+03 (5.44E+01) = 1.14E+03 (5.75E+01) = 1.13E+03 (5.27E+01) = 1.12E+03 (5.25E+01)
F27 4.77E+02 (6.46E+00) 4.89E+02 (9.29E+00) − 4.83E+02 (9.11E+00) − 4.78E+02 (5.88E+00) = 4.79E+02 (7.93E+00) = 4.75E+02 (5.64E+00)
F28 4.52E+02 (3.37E−01) 4.53E+02 (6.69E−01) − 4.53E+02 (5.94E−01) − 4.52E+02 (3.82E−01) = 4.52E+02 (4.81E+00) = 4.52E+02 (4.76E−01)
F29 3.06E+02 (1.93E+01) 3.28E+02 (3.69E+01) − 3.17E+02 (2.52E+01) − 3.12E+02 (2.03E+01) = 3.04E+02 (2.04E+01) = 2.99E+02 (1.75E+01)
F30 4.19E+03 (5.95E+03) 1.76E+04 (4.90E+04) − 3.97E+03 (6.15E+03) = 2.79E+03 (3.05E+03) = 2.68E+03 (2.65E+03) = 3.79E+03 (3.31E+03)

+/=/− 5/18/7 1/24/5 0/30/0 1/28/1 4/24/2

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP with
level.
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α = 1.8 α = 2.0
MEAN (STD DEV) MEAN (STD DEV)

= 2.17E−14 (1.62E−14) = 1.92E−14 (1.23E−14) =
= 1.59E−13 (5.81E−13) = 4.46E−14 (4.84E−14) =
+ 2.20E−13 (6.41E−14) = 1.94E−13 (6.01E−14) +
= 7.00E+01 (5.30E+01) = 5.28E+01 (4.87E+01) =
= 1.36E+01 (3.66E+00) = 1.52E+01 (4.07E+00) =
= 4.05E−07 (4.82E−07) = 7.64E−07 (1.27E−06) =
= 7.17E+01 (6.10E+00) = 7.08E+01 (5.93E+00) =
= 1.46E+01 (4.78E+00) = 1.54E+01 (3.97E+00) =
= 1.79E−14 (4.19E−14) = 2.68E−14 (4.88E−14) =
+ 3.94E+03 (5.35E+02) + 3.74E+03 (6.22E+02) +
= 1.99E+01 (4.17E+00) = 2.20E+01 (3.91E+00) −
= 1.57E+03 (3.42E+02) − 1.32E+03 (3.84E+02) =
= 2.97E+01 (2.10E+01) = 3.26E+01 (1.87E+01) −
= 2.36E+01 (2.21E+00) = 2.34E+01 (1.99E+00) =
− 2.06E+01 (2.30E+00) − 2.06E+01 (1.84E+00) −
+ 3.16E+02 (1.28E+02) = 3.20E+02 (9.99E+01) =
= 2.18E+02 (8.77E+01) + 2.24E+02 (7.52E+01) =
= 2.32E+01 (1.36E+00) = 2.25E+01 (1.04E+00) =
= 1.08E+01 (2.42E+00) = 1.06E+01 (2.72E+00) =
= 1.11E+02 (3.58E+01) = 1.01E+02 (1.78E+01) +
= 2.15E+02 (4.74E+00) = 2.14E+02 (4.27E+00) =
= 1.24E+03 (1.91E+03) = 1.08E+03 (1.83E+03) =
= 4.30E+02 (6.45E+00) + 4.31E+02 (7.17E+00) =
= 5.10E+02 (3.62E+00) = 5.09E+02 (3.63E+00) =
= 4.80E+02 (7.00E−01) − 4.80E+02 (7.84E−01) −
= 1.13E+03 (6.13E+01) = 1.13E+03 (5.02E+01) =
− 5.11E+02 (1.19E+01) − 5.10E+02 (8.80E+00) −
= 4.53E+02 (4.40E−01) − 4.54E+02 (6.70E+00) −
− 3.73E+02 (1.70E+01) − 3.71E+02 (2.10E+01) −
− 5.89E+05 (3.07E+04) − 5.98E+05 (2.60E+04) −

3/20/7 3/19/8

α = 1.0 using the Wilcoxon rank-sum test with α = 0.05 significance
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Table 10
Means and standard deviations of FEVs of iLSHADE-RSP with different stability parameters on CEC 2017 test suite in 50 dimension.

iLSHADE-RSP

α = 1.0 α = 0.3 α = 0.5 α = 0.8 α = 1.3 α = 1.5
MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV) MEAN (STD DEV)

F1 2.03E−14 (1.43E−14) 2.09E−14 (1.25E−14) = 2.09E−14 (1.37E−14) = 2.03E−14 (8.64E−15) = 1.73E−14 (6.55E−15) = 2.12E−14 (1.28E−14)
F2 6.18E−14 (1.07E−13) 4.21E−11 (3.00E−10) = 1.29E−13 (6.31E−13) = 1.67E−13 (7.37E−13) = 1.25E−13 (3.92E−13) = 4.51E−14 (9.51E−14)
F3 2.29E−13 (6.66E−14) 2.17E−13 (7.92E−14) = 1.95E−13 (6.63E−14) + 2.15E−13 (1.00E−13) = 1.86E−13 (6.32E−14) + 2.01E−13 (5.92E−14)
F4 5.93E+01 (5.19E+01) 7.70E+01 (5.40E+01) − 6.12E+01 (5.24E+01) − 6.44E+01 (5.28E+01) − 5.09E+01 (4.67E+01) + 6.34E+01 (5.08E+01)
F5 1.50E+01 (5.08E+00) 1.55E+01 (4.26E+00) = 1.57E+01 (5.91E+00) = 1.69E+01 (3.98E+00) − 1.48E+01 (4.27E+00) = 1.46E+01 (4.74E+00)
F6 4.24E−07 (5.09E−07) 4.60E−07 (6.69E−07) = 5.48E−07 (8.21E−07) = 7.05E−07 (1.02E−06) = 5.25E−07 (7.93E−07) = 6.85E−07 (1.32E−06)
F7 7.33E+01 (8.29E+00) 7.45E+01 (8.12E+00) = 7.21E+01 (7.05E+00) = 7.42E+01 (9.08E+00) = 7.35E+01 (6.44E+00) = 7.14E+01 (7.06E+00)
F8 1.57E+01 (4.72E+00) 1.61E+01 (4.59E+00) = 1.57E+01 (5.85E+00) = 1.74E+01 (5.91E+00) = 1.53E+01 (4.67E+00) = 1.43E+01 (4.37E+00)
F9 4.02E−14 (5.50E−14) 2.68E−14 (4.88E−14) = 4.02E−14 (5.50E−14) = 3.58E−14 (5.34E−14) = 3.58E−14 (5.34E−14) = 2.24E−14 (4.57E−14)
F10 4.19E+03 (6.37E+02) 4.66E+03 (6.18E+02) − 4.55E+03 (6.74E+02) − 4.34E+03 (5.03E+02) = 3.92E+03 (6.17E+02) + 3.81E+03 (6.12E+02)
F11 1.84E+01 (3.32E+00) 1.91E+01 (4.69E+00) = 2.01E+01 (4.16E+00) − 1.83E+01 (3.70E+00) = 1.82E+01 (3.70E+00) = 1.96E+01 (3.99E+00)
F12 1.41E+03 (3.66E+02) 1.08E+03 (3.01E+02) + 1.26E+03 (4.28E+02) + 1.45E+03 (4.26E+02) = 1.44E+03 (3.63E+02) = 1.54E+03 (3.89E+02)
F13 2.49E+01 (1.69E+01) 2.75E+01 (2.14E+01) = 3.04E+01 (1.91E+01) = 2.58E+01 (1.63E+01) = 2.86E+01 (2.39E+01) = 2.47E+01 (1.85E+01)
F14 2.42E+01 (2.59E+00) 2.37E+01 (2.06E+00) = 2.45E+01 (1.95E+00) = 2.37E+01 (2.22E+00) = 2.36E+01 (1.95E+00) = 2.36E+01 (1.93E+00)
F15 1.80E+01 (1.55E+00) 1.86E+01 (1.92E+00) = 1.83E+01 (1.73E+00) = 1.80E+01 (1.99E+00) = 1.93E+01 (1.93E+00) − 1.97E+01 (2.06E+00)
F16 3.58E+02 (1.49E+02) 3.37E+02 (1.49E+02) = 3.48E+02 (1.26E+02) = 3.10E+02 (1.28E+02) = 3.22E+02 (1.42E+02) = 3.03E+02 (1.14E+02)
F17 2.59E+02 (1.06E+02) 2.82E+02 (1.39E+02) = 2.92E+02 (1.30E+02) = 2.53E+02 (7.98E+01) = 2.26E+02 (9.65E+01) = 2.21E+02 (8.00E+01)
F18 2.27E+01 (1.32E+00) 2.29E+01 (1.49E+00) = 2.30E+01 (1.37E+00) = 2.28E+01 (1.40E+00) = 2.29E+01 (1.71E+00) = 2.27E+01 (1.40E+00)
F19 1.04E+01 (2.15E+00) 9.22E+00 (2.37E+00) + 9.61E+00 (1.80E+00) = 1.02E+01 (1.96E+00) = 1.05E+01 (2.00E+00) = 1.15E+01 (2.67E+00)
F20 1.18E+02 (3.65E+01) 1.88E+02 (1.17E+02) − 1.53E+02 (6.84E+01) − 1.34E+02 (7.27E+01) = 1.06E+02 (3.39E+01) + 1.14E+02 (3.91E+01)
F21 2.15E+02 (5.23E+00) 2.16E+02 (4.81E+00) = 2.17E+02 (5.51E+00) = 2.16E+02 (4.97E+00) = 2.15E+02 (4.61E+00) = 2.16E+02 (4.24E+00)
F22 1.65E+03 (2.15E+03) 1.73E+03 (2.34E+03) = 1.61E+03 (2.18E+03) = 1.74E+03 (2.28E+03) = 1.80E+03 (2.24E+03) = 1.37E+03 (2.00E+03)
F23 4.34E+02 (6.62E+00) 4.34E+02 (7.70E+00) = 4.33E+02 (7.11E+00) = 4.31E+02 (8.02E+00) = 4.31E+02 (6.21E+00) + 4.31E+02 (6.96E+00)
F24 5.09E+02 (3.67E+00) 5.09E+02 (4.60E+00) = 5.09E+02 (3.73E+00) = 5.09E+02 (4.74E+00) = 5.08E+02 (3.49E+00) = 5.09E+02 (3.75E+00)
F25 4.80E+02 (1.20E+00) 4.80E+02 (1.83E+00) − 4.80E+02 (1.48E+00) − 4.79E+02 (9.18E−01) = 4.79E+02 (1.10E+00) = 4.79E+02 (6.66E−01)
F26 1.12E+03 (4.92E+01) 1.14E+03 (5.97E+01) = 1.13E+03 (5.17E+01) = 1.13E+03 (4.77E+01) = 1.13E+03 (5.25E+01) = 1.13E+03 (4.12E+01)
F27 4.79E+02 (6.08E+00) 5.00E+02 (0.00E+00) − 5.00E+02 (0.00E+00) − 4.86E+02 (1.02E+01) − 5.03E+02 (1.17E+01) − 5.08E+02 (9.27E+00)
F28 4.52E+02 (2.44E−01) 4.99E+02 (5.23E−01) − 4.97E+02 (1.89E+00) − 4.52E+02 (5.05E−01) − 4.52E+02 (3.25E−01) = 4.52E+02 (3.11E−01)
F29 3.15E+02 (2.82E+01) 3.03E+02 (1.85E+01) + 2.92E+02 (1.35E+01) + 2.98E+02 (1.70E+01) + 3.75E+02 (1.95E+01) − 3.70E+02 (1.78E+01)
F30 4.06E+03 (4.03E+03) 5.75E+02 (1.42E+02) + 1.05E+03 (3.43E+02) + 3.93E+03 (2.93E+03) = 4.08E+05 (5.34E+04) − 5.54E+05 (5.52E+04)

+/=/− 4/20/6 4/19/7 1/25/4 5/21/4 3/23/4

The symbols ‘‘+/=/−" indicate that the corresponding algorithm performed significantly better (+), not significantly better or worse (=), or significantly worse (−) compared to iLSHADE-RSP with
level.
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Note that, the experimental results with the proposed al-
gorithm and LSHADE-RSP lend weight to the effectiveness of
the modified recombination operator of the proposed algorithm,
which can increase the probability of finding an optimal solution
by adopting the long-tailed property of the Cauchy distribu-
tion, and thus, it can improve the optimization performance of
LSHADE-RSP significantly.

6.3. Analysis of iLSHADE-RSP

6.3.1. Parameter values for jumping rate
As we mentioned earlier, the proposed algorithm alternately

applies one of the two recombination operators according to
the jumping rate pj. The jumping rate determines the additional
exploration of the proposed algorithm. If the jumping rate is too
high, the modified recombination operator is applied too often,
and thus, the proposed algorithm might not be beneficial from
existing candidate solutions. On the other hand, if the jumping
rate is too low, the modified recombination operator is applied
too rarely, and thus, the additional exploration of the proposed
algorithm might be negligible. We carried out experiments to
find out appropriate parameter values for the jumping rate. Ta-
ble 9 shows the means and standard deviations of the FEVs of
the proposed algorithm with different parameter values for the
jumping rate. As can be seen from the table, the parameter values
pj ∈ [0.15, 0.35] can lead to satisfactory results.

6.3.2. Lévy perturbation
As we mentioned earlier, the proposed algorithm employs a

modified recombination operator, which calculates a perturba-
tion of a target vector with the Cauchy distribution. The Cauchy
distribution is a special case of the Lévy α-stable distribution.
Therefore, it is interesting to test the other cases of the Lévy α-
stable distribution for the modified recombination operator. The
Lévy α-stable distribution can be defined by the characteristic
function, derived by Lévy [79] and Hall [80] as follows.

logø(t) =
{
−cα
|t|{1− iβsign(t)tan πα

2 } + iµt if α ̸= 1
−c|t|{1+ iβsign(t) 2

π
log|t|} + iµt if α = 1 (19)

here

ign(t) =

{ 1 if t > 0
0 if t = 0
−1 if t < 0

(20)

The Lévy α-stable distribution denoted by Sα(β, c, µ) has four
parameters: the stability parameter α ∈ (0, 2], the skewness
parameter β ∈ [−1, 1], the scale parameter c ∈ (0,∞), and the
location parameter µ ∈ (−∞,∞). The Lévy α-stable distribution
has three special cases as follows.

• The Gaussian distribution: S2(β, 2c2, µ).
• The Cauchy distribution: S1(0, c, µ).
• The Lévy distribution: S0.5(1, c, µ).

The modified recombination operator, which calculates a per-
turbation of a target vector with the Lévy α-stable distribution
can be defined as follows.

uj
i,g =

⎧⎪⎨⎪⎩
xji,g + Fw · (x

j
pbest,g − xji,g ) if randji < CR or j = jrand

+F · (xjpr1,g − x̃jpr2,g )
Sα(0, 0.1, x

j
i,g ) otherwise

(21)

We used Chambers–Mallows–Stuck method [81–84] to gener-

ate Lévy α-stable random numbers as follows.
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Step 1. Generate a random number from the uniform distribu-
tion V ∈ [− π

2 , π
2 ] and a random number from the exponential

distribution W with mean 1.

Step 2. If α ̸= 1 then:

X = Sα,β ·
sin{α(V + Bα,β )}

{cos(V )}
1
α

·

[
cos{V − α(V + Bα,β )}

W

] (1−α)
α

(22)

where

Bα,β =
arctan(βtan πα

2 )
α

(23)

Sα,β =

{
1+ β2tan2

(πα

2

)} 1
(2α)

(24)

Step 3. If α = 1 then:

X =
2
π
·

(π

2
+ βV

)
tanV −

2
π
· βln

( π
2 WcosV
π
2 + βV

)
(25)

Step 4. If X ∼ Sα(β, 1, 0) then:

Y =
{

cX + µ if α ̸= 1
cX + 2

π
βclogc + µ if α = 1 (26)

is Sα(β, c, µ).

Table 10 shows the means and standard deviations of the FEVs
of the proposed algorithm with different stability parameters for
the Lévy α-stable distribution with the jumping rate pj = 0.2.
For simplicity’s sake, we only considered symmetric distributions.
The Lévy α-stable distribution has a short and wide PDF if the
stability parameter is high, while a tall and narrow PDF if the
stability parameter is low. As can be seen from the table, the
parameter values α = [1, 1.5] can lead to satisfactory results.
In other words, the modified recombination operator with from
the Cauchy distribution (α = 1) to the Lévy α-stable distribution
(α = 1.5) works best for the proposed algorithm. We chose
the Cauchy distribution for the modified recombination operator
because generating Cauchy random numbers is much easier than
generating Lévy α-stable random numbers.

7. Conclusion

Differential evolution is a popular evolutionary algorithm for
multidimensional real-valued functions. Like other evolutionary
algorithms, it is important for differential evolution to establish
a balance between exploration and exploitation to be success-
ful. Recently, a state-of-the-art DE variant called LSHADE-RSP
was proposed. Although it has shown excellent performance, the
greediness of LSHADE-RSP may cause premature convergence in
which all the candidate solutions fall into the local optimum of
an optimization problem and cannot escape from there.

To mitigate the problem, we have devised a modified re-
combination operator for LSHADE-RSP, which perturbs a tar-
get vector with the Cauchy distribution. Therefore, the modi-
fied recombination operator can increase the probability of find-
ing an optimal solution by adopting the long-tailed property
of the Cauchy distribution. We called the resulting algorithm
iLSHADE-RSP, which alternately applies the original and modified
recombination operators according to a jumping rate.

The proposed algorithm has been tested on the CEC 2017 test
suite in 10, 30, 50, and 100 dimensions. Our experimental results
verify that the improved LSHADE-RSP significantly outperformed
not only its predecessor LSHADE-RSP but also several cutting-
edge DE variants in terms of convergence speed and solution
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ccuracy. In particular, the proposed algorithm performs better
han the comparison algorithms on more complicated optimiza-
ion problems, such as expanded multimodal test functions and
ybrid composition test functions, in all the dimensions.
Possible directions for future work include (1) testing the

roposed algorithm for constrained optimization problems; (2)
esting the proposed algorithm for large-scale optimization prob-
ems; (3) applying the proposed algorithm to various real-world
roblems, such as community detection [29–31], influence max-
mization [32], and robust control [33].

RediT authorship contribution statement

Tae Jong Choi: Conceptualization, Methodology, Software, Val-
idation, Formal analysis, Investigation, Resources, Data curation,
Writing - original draft, Writing - review & editing, Visualiza-
tion, Funding acquisition. Chang Wook Ahn: Supervision, Project
administration.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared
to influence the work reported in this paper.

Acknowledgment

The correspondence should be addressed to Dr. Chang Wook
Ahn. This work was supported by the National Research Founda-
tion of Korea (NRF) grant funded by the Korea government (MSIT)
(No. 2020R1A2C1103138).

References

[1] M. Črepinšek, S.-H. Liu, M. Mernik, Exploration and exploitation in
evolutionary algorithms: A survey, ACM Comput. Surv. 45 (3) (2013) 1–33.

[2] A.E. Eiben, C.A. Schippers, On evolutionary exploration and exploitation,
Fund. Inform. 35 (1–4) (1998) 35–50.

[3] R. Storn, K. Price, Differential evolution–a simple and efficient heuristic for
global optimization over continuous spaces, J. Global Optim. 11 (4) (1997)
341–359.

[4] K. Price, R.M. Storn, J.A. Lampinen, Differential Evolution: A Practical
Approach to Global Optimization, Springer Science & Business Media, 2006.

[5] S. Das, P.N. Suganthan, Differential evolution: A survey of the
state-of-the-art, IEEE Trans. Evol. Comput. 15 (1) (2010) 4–31.

[6] S. Das, S.S. Mullick, P.N. Suganthan, Recent advances in differential
evolution–an updated survey, Swarm Evol. Comput. 27 (2016) 1–30.

[7] J. Zhang, A.C. Sanderson, JADE: adaptive differential evolution with optional
external archive, IEEE Trans. Evol. Comput. 13 (5) (2009) 945–958.

[8] R. Tanabe, A. Fukunaga, Success-history based parameter adaptation
for differential evolution, in: 2013 IEEE Congress on Evolutionary
Computation, IEEE, 2013, pp. 71–78.

[9] R. Tanabe, A.S. Fukunaga, Improving the search performance of SHADE
using linear population size reduction, in: 2014 IEEE Congress on
Evolutionary Computation (CEC), IEEE, 2014, pp. 1658–1665.

[10] J. Brest, M.S. Maučec, B. Bošković, iL-SHADE: Improved L-SHADE algorithm
for single objective real-parameter optimization, in: 2016 IEEE Congress
on Evolutionary Computation (CEC), IEEE, 2016, pp. 1188–1195.

[11] J. Brest, M.S. Maučec, B. Bošković, Single objective real-parameter optimiza-
tion: algorithm jSO, in: 2017 IEEE Congress on Evolutionary Computation
(CEC), IEEE, 2017, pp. 1311–1318.

[12] N.H. Awad, M.Z. Ali, P.N. Suganthan, R.G. Reynolds, An ensemble sinusoidal
parameter adaptation incorporated with l-SHADE for solving CEC2014
benchmark problems, in: 2016 IEEE Congress on Evolutionary Computation
(CEC), IEEE, 2016, pp. 2958–2965.

[13] N.H. Awad, M.Z. Ali, P.N. Suganthan, R.G. Reynolds, A.M. Shatnawi, A novel
differential crossover strategy based on covariance matrix learning with
Euclidean neighborhood for solving real-world problems, in: 2017 IEEE
Congress on Evolutionary Computation (CEC), IEEE, 2017, pp. 380–386.

[14] N.H. Awad, M.Z. Ali, P.N. Suganthan, Ensemble sinusoidal differential
covariance matrix adaptation with Euclidean neighborhood for solving
CEC2017 benchmark problems, in: 2017 IEEE Congress on Evolutionary
Computation (CEC), IEEE, 2017, pp. 372–379.
19
[15] N.H. Awad, M.Z. Ali, P.N. Suganthan, Ensemble of parameters in a si-
nusoidal differential evolution with niching-based population reduction,
Swarm Evol. Comput. 39 (2018) 141–156.

[16] A.W. Mohamed, A.A. Hadi, A.M. Fattouh, K.M. Jambi, LSHADE with
semi-parameter adaptation hybrid with CMA-ES for solving CEC 2017
benchmark problems, in: 2017 IEEE Congress on Evolutionary Computation
(CEC), IEEE, 2017, pp. 145–152.

[17] V. Stanovov, S. Akhmedova, E. Semenkin, LSHADE algorithm with rank-
based selective pressure strategy for solving CEC 2017 benchmark
problems, in: 2018 IEEE Congress on Evolutionary Computation (CEC), IEEE,
2018, pp. 1–8.

[18] J.-F. Yeh, T.-Y. Chen, T.-C. Chiang, Modified L-SHADE for single objective
real-parameter optimization, in: 2019 IEEE Congress on Evolutionary
Computation (CEC), IEEE, 2019, pp. 381–386.

[19] J.E. Baker, Adaptive selection methods for genetic algorithms, in: Pro-
ceedings of an International Conference on Genetic Algorithms and their
Applications, Hillsdale, New Jersey, 1985, pp. 101–111.

[20] K.A. De Jong, Analysis of the Behavior of a Class of Genetic Adaptive
Systems, Tech. rep., 1975.

[21] S.J. Louis, G.J. Rawlins, Syntactic analysis of convergence in genetic algo-
rithms, in: Foundations of Genetic Algorithms, Vol. 2, Elsevier, 1993, pp.
141–151.

[22] D.E. Goldberg, P. Segrest, Finite Markov chain analysis of genetic algo-
rithms, in: Proceedings of the Second International Conference on Genetic
Algorithms, Vol. 1, 1987, p. 1.

[23] T.J. Choi, J. Togelius, Y.-G. Cheong, Advanced Cauchy mutation for dif-
ferential evolution in numerical optimization, IEEE Access 8 (2020)
8720–8734.

[24] T.J. Choi, J. Togelius, Y.-G. Cheong, ACM-DE: Adaptive p-best Cauchy
mutation with linear failure threshold reduction for differential evolution
in numerical optimization, 2019, arXiv preprint arXiv:1907.01095.

[25] H. Zhang, X. Lei, C. Wang, D. Yue, X. Xie, Adaptive grid based multi-
objective Cauchy differential evolution for stochastic dynamic economic
emission dispatch with wind power uncertainty, PLoS One 12 (9) (2017).

[26] M. Ali, M. Pant, Improving the performance of differential evolution
algorithm using Cauchy mutation, Soft Comput. 15 (5) (2011) 991–1007.

[27] H. Qin, J. Zhou, Y. Lu, Y. Wang, Y. Zhang, Multi-objective differential
evolution with adaptive Cauchy mutation for short-term multi-objective
optimal hydro-thermal scheduling, Energy Convers. Manage. 51 (4) (2010)
788–794.

[28] N. Awad, M. Ali, J. Liang, B. Qu, P. Suganthan, Problem Definitions and
Evaluation Criteria for the CEC 2017 Special Session and Competition on
Single Objective Real-Parameter Numerical Optimization, Tech. Rep., 2016.

[29] Q. Cai, M. Gong, L. Ma, L. Jiao, A novel clonal selection algorithm for
community detection in complex networks, Comput. Intell. 31 (3) (2015)
442–464.

[30] L. Ma, M. Gong, H. Du, B. Shen, L. Jiao, A memetic algorithm for computing
and transforming structural balance in signed networks, Knowl.-Based Syst.
85 (2015) 196–209.

[31] L. Ma, M. Gong, J. Yan, W. Liu, S. Wang, Detecting composite communities
in multiplex networks: A multilevel memetic algorithm, Swarm Evol.
Comput. 39 (2018) 177–191.

[32] M. Gong, J. Yan, B. Shen, L. Ma, Q. Cai, Influence maximization in social
networks based on discrete particle swarm optimization, Inform. Sci. 367
(2016) 600–614.

[33] L. Ma, J. Li, Q. Lin, M. Gong, C.A.C. Coello, Z. Ming, Cost-aware robust control
of signed networks by using a memetic algorithm, IEEE Trans. Cybern.
(2019).

[34] J. Kennedy, R. Eberhart, Particle swarm optimization, in: Proceedings of
ICNN’95-International Conference on Neural Networks, Vol. 4, IEEE, 1995,
pp. 1942–1948.

[35] R. Eberhart, J. Kennedy, A new optimizer using particle swarm theory,
in: MHS’95. Proceedings of the Sixth International Symposium on Micro
Machine and Human Science, IEEE, 1995, pp. 39–43.

[36] D. Wang, D. Tan, L. Liu, Particle swarm optimization algorithm: an
overview, Soft Comput. 22 (2) (2018) 387–408.

[37] S. Baluja, Population-based Incremental Learning. A Method for Integrating
Genetic Search Based Function Optimization and Competitive Learning,
Tech. rep., Carnegie-Mellon Univ Pittsburgh Pa Dept Of Computer Science,
1994.

[38] H. Mühlenbein, G. Paass, From recombination of genes to the estimation of
distributions i. Binary parameters, in: International Conference on Parallel
Problem Solving from Nature, Springer, 1996, pp. 178–187.

[39] P. Larrañaga, J.A. Lozano, Estimation of Distribution Algorithms: A New
Tool for Evolutionary Computation, Vol. 2, Springer Science & Business
Media, 2001.

[40] M. Pelikan, D.E. Goldberg, F.G. Lobo, A survey of optimization by building
and using probabilistic models, Comput. Optim. Appl. 21 (1) (2002) 5–20.

[41] M. Hauschild, M. Pelikan, An introduction and survey of estimation of
distribution algorithms, Swarm Evol. Comput. 1 (3) (2011) 111–128.

http://refhub.elsevier.com/S0950-7051(20)30757-7/sb1
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb1
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb1
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb2
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb2
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb2
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb3
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb3
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb3
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb3
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb3
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb4
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb4
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb4
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb5
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb5
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb5
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb6
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb6
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb6
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb7
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb7
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb7
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb8
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb8
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb8
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb8
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb8
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb9
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb9
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb9
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb9
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb9
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb10
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb10
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb10
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb10
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb10
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb11
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb11
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb11
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb11
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb11
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb12
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb13
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb14
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb15
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb15
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb15
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb15
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb15
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb16
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb17
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb18
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb18
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb18
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb18
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb18
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb20
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb20
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb20
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb21
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb21
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb21
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb21
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb21
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb23
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb23
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb23
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb23
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb23
http://arxiv.org/abs/1907.01095
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb25
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb25
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb25
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb25
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb25
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb26
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb26
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb26
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb27
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb28
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb28
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb28
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb28
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb28
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb29
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb29
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb29
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb29
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb29
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb30
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb30
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb30
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb30
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb30
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb31
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb31
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb31
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb31
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb31
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb32
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb32
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb32
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb32
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb32
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb33
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb33
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb33
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb33
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb33
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb34
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb34
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb34
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb34
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb34
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb35
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb35
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb35
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb35
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb35
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb36
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb36
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb36
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb37
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb38
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb38
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb38
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb38
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb38
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb39
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb39
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb39
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb39
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb39
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb40
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb40
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb40
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb41
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb41
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb41


T.J. Choi and C.W. Ahn Knowledge-Based Systems 215 (2021) 106628
[42] J. Brest, S. Greiner, B. Boskovic, M. Mernik, V. Zumer, Self-adapting control
parameters in differential evolution: A comparative study on numerical
benchmark problems, IEEE Trans. Evol. Comput. 10 (6) (2006) 646–657.

[43] J. Brest, M.S. Maučec, Population size reduction for the differential
evolution algorithm, Appl. Intell. 29 (3) (2008) 228–247.

[44] T.J. Choi, C.W. Ahn, J. An, An adaptive Cauchy differential evolution
algorithm for global numerical optimization, Sci. World J. 2013 (2013).

[45] M. Leon, N. Xiong, Adapting differential evolution algorithms for contin-
uous optimization via greedy adjustment of control parameters, J. Artif.
Intell. Soft Comput. Res. 6 (2) (2016) 103–118.

[46] T.J. Choi, C.W. Ahn, An improved differential evolution algorithm and its
application to large-scale artificial neural networks, in: J. Phys.: Conf. Ser.,
806, (1) IOP Publishing, 2017, 012010.

[47] T.J. Choi, C.W. Ahn, Adaptive α-stable differential evolution in numerical
optimization, Nat. Comput. 16 (4) (2017) 637–657.

[48] P. Bujok, J. Tvrdík, Enhanced individual-dependent differential evolution
with population size adaptation, in: 2017 IEEE Congress on Evolutionary
Computation (CEC), IEEE, 2017, pp. 1358–1365.

[49] T.J. Choi, Y. Lee, Asynchronous differential evolution with self-adaptive
parameter control for global numerical optimization, in: MATEC Web of
Conferences, Vol. 189, EDP Sciences, 2018, p. 03020.

[50] T.J. Choi, Y.-G. Cheong, C.W. Ahn, A performance comparison of crossover
variations in differential evolution for training multi-layer perceptron
neural networks, in: International Conference on Bio-Inspired Computing:
Theories and Applications, Springer, 2018, pp. 477–488.

[51] A.K. Qin, V.L. Huang, P.N. Suganthan, Differential evolution algorithm with
strategy adaptation for global numerical optimization, IEEE Trans. Evol.
Comput. 13 (2) (2008) 398–417.

[52] R. Mallipeddi, P.N. Suganthan, Q.-K. Pan, M.F. Tasgetiren, Differential
evolution algorithm with ensemble of parameters and mutation strategies,
Appl. Soft Comput. 11 (2) (2011) 1679–1696.

[53] Y. Wang, Z. Cai, Q. Zhang, Differential evolution with composite trial vector
generation strategies and control parameters, IEEE Trans. Evol. Comput. 15
(1) (2011) 55–66.

[54] T.J. Choi, C.W. Ahn, An adaptive Cauchy differential evolution algo-
rithm with bias strategy adaptation mechanism for global numerical
optimization, J. Comput. Phys. 9 (9) (2014) 2139–2145.

[55] T.J. Choi, C.W. Ahn, An adaptive differential evolution algorithm with
automatic population resizing for global numerical optimization, in:
Bio-Inspired Computing-Theories and Applications, Springer, 2014, pp.
68–72.

[56] T.J. Choi, C.W. Ahn, An adaptive population resizing scheme for differential
evolution in numerical optimization, J. Comput. Theor. Nanosci. 12 (7)
(2015) 1336–1350.

[57] T.J. Choi, C.W. Ahn, An adaptive Cauchy differential evolution algorithm
with population size reduction and modified multiple mutation strategies,
in: Proceedings of the 18th Asia Pacific Symposium on Intelligent and
Evolutionary Systems-Volume 2, Springer, 2015, pp. 13–26.

[58] G. Wu, R. Mallipeddi, P.N. Suganthan, R. Wang, H. Chen, Differential
evolution with multi-population based ensemble of mutation strategies,
Inform. Sci. 329 (2016) 329–345.

[59] G. Wu, X. Shen, H. Li, H. Chen, A. Lin, P.N. Suganthan, Ensemble of
differential evolution variants, Inform. Sci. 423 (2018) 172–186.

[60] T.J. Choi, C.W. Ahn, Adaptive Cauchy differential evolution with strategy
adaptation and its application to training large-scale artificial neural net-
works, in: International Conference on Bio-Inspired Computing: Theories
and Applications, Springer, 2017, pp. 502–510.

[61] T.J. Choi, Y. Lee, Asynchronous differential evolution with strategy adap-
tation for global numerical optimization, in: Proceedings of the 2018 2nd
High Performance Computing and Cluster Technologies Conference, 2018,
pp. 15–18.
20
[62] S. Rahnamayan, H.R. Tizhoosh, M.M. Salama, Opposition-based differential
evolution, IEEE Trans. Evol. Comput. 12 (1) (2008) 64–79.

[63] H. Wang, Z. Wu, S. Rahnamayan, Enhanced opposition-based differential
evolution for solving high-dimensional continuous optimization problems,
Soft Comput. 15 (11) (2011) 2127–2140.

[64] S.-Y. Park, J.-J. Lee, Stochastic opposition-based learning using a beta
distribution in differential evolution, IEEE Trans. Cybern. 46 (10) (2015)
2184–2194.

[65] T.J. Choi, J. Togelius, Y.-G. Cheong, A fast and efficient stochas-
tic opposition-based learning for differential evolution in numerical
optimization, 2019, arXiv preprint arXiv:1908.08011.

[66] T.J. Choi, J. Togelius, Y.-G. Cheong, A fast and efficient stochas-
tic opposition-based learning for differential evolution in numerical
optimization, Swarm Evol. Comput. 60 (2021) 100768.

[67] T.J. Choi, J.-H. Lee, H.Y. Youn, C.W. Ahn, Adaptive differential evolution
with elite opposition-based learning and its application to training artificial
neural networks, Fund. Inform. 164 (2–3) (2019) 227–242.

[68] E. Mininno, F. Neri, F. Cupertino, D. Naso, Compact differential evolution,
IEEE Trans. Evol. Comput. 15 (1) (2010) 32–54.

[69] J.-h. Zhong, J. Zhang, SDE: a stochastic coding differential evolution for
global optimization, in: Proceedings of the 14th Annual Conference on
Genetic and Evolutionary Computation, 2012, pp. 975–982.

[70] H. Wang, S. Rahnamayan, H. Sun, M.G. Omran, Gaussian bare-bones
differential evolution, IEEE Trans. Cybern. 43 (2) (2013) 634–647.

[71] R.D. Al-Dabbagh, F. Neri, N. Idris, M.S. Baba, Algorithmic design issues
in adaptive differential evolution schemes: Review and taxonomy, Swarm
Evol. Comput. 43 (2018) 284–311.

[72] K.R. Opara, J. Arabas, Differential evolution: A survey of theoretical
analyses, Swarm Evol. Comput. 44 (2019) 546–558.

[73] I.C. Trelea, The particle swarm optimization algorithm: convergence
analysis and parameter selection, Inform. Process. Lett. 85 (6) (2003)
317–325.

[74] T. Liao, T. Stuetzle, Benchmark results for a simple hybrid algorithm on
the CEC 2013 benchmark set for real-parameter optimization, in: 2013
IEEE Congress on Evolutionary Computation, IEEE, 2013, pp. 1938–1944.

[75] B. Lacroix, D. Molina, F. Herrera, Dynamically updated region based
memetic algorithm for the 2013 CEC special session and competition on
real parameter single objective optimization, in: 2013 IEEE Congress on
Evolutionary Computation, IEEE, 2013, pp. 1945–1951.

[76] N. Hansen, The CMA evolution strategy: a comparing review, in: Towards
a New Evolutionary Computation, Springer, 2006, pp. 75–102.

[77] W. Gong, Z. Cai, Differential evolution with ranking-based mutation
operators, IEEE Trans. Cybern. 43 (6) (2013) 2066–2081.

[78] J. Demšar, Statistical comparisons of classifiers over multiple data sets, J.
Mach. Learn. Res. 7 (Jan) (2006) 1–30.

[79] P. Lévy, Sur les intégrales dont les éléments sont des variables aléatoires
indépendantes, Ann. Sc. Norm. Super Pisa Cl. Sci. 3 (3–4) (1934) 337–366.

[80] P. Hall, A comedy of errors: the canonical form for a stable characteristic
function, Bull. Lond. Math. Soc. 13 (1) (1981) 23–27.

[81] J.M. Chambers, C.L. Mallows, B. Stuck, A method for simulating stable
random variables, J. Amer. Statist. Assoc. 71 (354) (1976) 340–344.

[82] R. Weron, On the Chambers-Mallows-Stuck method for simulating skewed
stable random variables, Statist. Probab. Lett. 28 (2) (1996) 165–171.

[83] R. Weron, et al., Correction to: ‘‘On the Chambers–Mallows–Stuck Method
for Simulating Skewed Stable Random Variables’’, Tech. rep., University
Library of Munich, Germany, 2010.

[84] R. Weron, Computationally Intensive Value at Risk Calculations, Tech. rep.,
Papers/Humboldt-Universität Berlin, Center for Applied Statistics and . . . ,
2004.

http://refhub.elsevier.com/S0950-7051(20)30757-7/sb42
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb42
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb42
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb42
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb42
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb43
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb43
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb43
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb44
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb44
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb44
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb45
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb45
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb45
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb45
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb45
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb46
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb46
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb46
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb46
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb46
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb47
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb47
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb47
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb48
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb48
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb48
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb48
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb48
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb49
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb49
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb49
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb49
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb49
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb50
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb51
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb51
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb51
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb51
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb51
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb52
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb52
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb52
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb52
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb52
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb53
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb53
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb53
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb53
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb53
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb54
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb54
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb54
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb54
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb54
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb55
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb56
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb56
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb56
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb56
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb56
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb57
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb58
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb58
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb58
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb58
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb58
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb59
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb59
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb59
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb60
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb62
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb62
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb62
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb63
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb63
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb63
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb63
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb63
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb64
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb64
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb64
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb64
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb64
http://arxiv.org/abs/1908.08011
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb66
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb66
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb66
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb66
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb66
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb67
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb67
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb67
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb67
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb67
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb68
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb68
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb68
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb70
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb70
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb70
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb71
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb71
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb71
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb71
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb71
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb72
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb72
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb72
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb73
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb73
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb73
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb73
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb73
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb74
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb74
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb74
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb74
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb74
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb75
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb76
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb76
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb76
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb77
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb77
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb77
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb78
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb78
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb78
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb79
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb79
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb79
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb80
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb80
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb80
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb81
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb81
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb81
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb82
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb82
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb82
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb83
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb83
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb83
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb83
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb83
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb84
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb84
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb84
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb84
http://refhub.elsevier.com/S0950-7051(20)30757-7/sb84

	An improved LSHADE-RSP algorithm with the Cauchy perturbation: iLSHADE-RSP
	Introduction
	Background
	Differential evolution
	Initialization
	Mutation
	Crossover
	Selection

	Other population-based stochastic optimization methods
	Particle swarm optimization
	Estimation of distribution algorithms

	Analysis of Cauchy distribution

	Literature review
	Proposed algorithm
	Mutation strategy
	Linear population size reduction
	Adaptive parameter control

	Cauchy perturbation

	Experimental setup
	System configuration
	Test algorithms
	Test functions
	Performance metrics
	Function error value
	Statistical test


	Experimental results and discussion
	Comparative analysis
	Discussion of comparative analysis
	Analysis of iLSHADE-RSP
	Parameter values for jumping rate
	Levy perturbation


	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgment
	References


