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ABSTRACT

Cuckoo Search (CS) algorithm is nature inspired global optimization algorithm based on the brood par-
asitic behavior of cuckoos. It has proved to be an efficient algorithm as it has been successfully applied
to solve a large number of problems of different areas. CS employs Lévy flights to generate step size
and to search the solution space effectively. The local search is carried out using switch probability in
which certain percentages of solutions are removed. Though CS is an effective algorithm, still its perfor-
mance can be improved by incorporating the exploration and exploitation during the search process. In
this work, three modified versions of CS are proposed to improve the properties of exploration and ex-
ploitation. All these versions employ Cauchy operator to generate the step size instead of Lévy flights to
efficiently explore the search space. Moreover, two new concepts, division of population and division of
generations, are also introduced in CS so as to balance the exploration and exploitation. The proposed
versions of CS are tested on 24 standard benchmark problems with different dimension sizes and varying
population sizes and the effect of probability switch has been studied. Apart from this, the best of the
proposed versions is also tested on CEC 2015 benchmark suite. The modified algorithms have been sta-
tistically tested in comparison to the state-of-the-art algorithms, namely grey wolf optimization (GWO),
differential evolution (DE), firefly algorithm (FA), flower pollination algorithm (FPA) and bat algorithm
(BA). The numerical and statistical results prove the superiority of the proposed versions with respect to

other popular algorithms available in the literature.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

Cuckoo search (CS) algorithm (Yang & Deb, 2009) is a recently
introduced meta-heuristic algorithm and is based on the obligate
brood parasitic behavior of cuckoo species found in nature. The
algorithm starts by dividing the search process into two phases
which are a global and a local phase. In the global phase, the
formation of new nests takes place while in the local phase, re-
moval of a fraction of worst nests is followed. Here global phase
refers to the exploration where as local phase corresponds to the
exploitation. The global phase is governed by Lévy flight based
random walks rather than simple Brownian or Gaussian walks
(Pavlyukevich, 2007). The main reason for the use of Lévy flight
is because of their heavy tail, infinite mean and variance, which
helps in exploring the search space in a potentially more efficient
way. The local phase is governed by selecting two random solu-
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tions from the search space with a certain probability, which con-
trols the extent of exploitation. So overall there are three parame-
ters which control the working capability of CS algorithm (Yang &
Deb, 2009). The first parameter is the Lévy flight component which
controls the exploration search equation, second is the exploitation
or local search equation controlled by two random solutions and
third is the probability which decides the extent of exploration and
exploitation.

The CS algorithm, because of its simple structure, has gained
attraction from the research community in the recent years
and a large number of articles have been proposed to improve
its working capability such as Zhang, Wang, and Wu (2012),
Kanagaraj, Ponnambalam, and Jawahar (2013), llunga-Mbuyamba
et al. (2016), Long, Liang, Huang, and Chen (2014), Wang and
Zhong (2015) and others. A detailed discussion about the recent
advances on CS is given in Section 3. It has been found that CS
algorithm lacks proper balance between the exploration and ex-
ploitation phase and more work is required to be done to achieve
the balance (Zhang et al., 2012). Also, probability, which decides
the extent of exploration and exploitation, is a very important fac-
tor and no proper study has been done to find an appropriate value
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of this parameter. Further, a very little work has been done to test
what set of parameters gives the best performance of CS algorithm.
Most of the works done till date on CS has focused only on its
application in different domains and very limited work has been
done to improve its performance. The algorithm though is very ef-
ficient in exploring the search space; much is required to improve
its exploitative tendencies. Several other problems are also associ-
ated with CS. Those are discussed in detail in Section 3. Motivated
by these, in the current work at first we developed some new im-
proved versions of CS which have good exploration and exploita-
tion properties. A thorough sensitivity study of different parame-
ters namely probability, population size, and dimension of CS is
also conducted and parameter combinations which give the best
results for a particular set of problems are reported.

To achieve the above-said objectives, three new variants have
been proposed in Section 3 in this a new concept of division of
population and generations. By division of generations, the authors
aim to divide the population into two halves. This is done because
the exploitation is weak in CS, so it requires a better search equa-
tion which can provide better results. There are two advantages of
dividing the population into two halves. For the first half of pop-
ulation, the algorithm is able to perform extensive exploration us-
ing the original equations and for the second half of the popula-
tion, intensive exploitation can be performed using the new search
equation. Also division of population has been done to help the
members of the population to change their positions abruptly and
converge faster towards the end of iterations. And both division of
population and generations is done to achieve a balance between
exploration and exploitation phase. More discussion about how the
division of population and generation is applied is given in the
consequent subsections. For improving the exploration, instead of
using Lévy flight based random walks, Cauchy based walks are em-
ployed and to improve the exploitation of the local search, dif-
ferent searching strategies are used to evaluate the final solution.
More justification for the use of Cauchy based random walks has
been presented in subsequent subsections. Further to analyze the
performance of CS and the proposed variants experimentally, a set
of twenty-four benchmark functions (Suganthan et al., 2005) has
been used and the effects of different parameters like switching
probability, population size and dimension have been discussed.
The effect of switching probability has been analyzed by choos-
ing five different probability values and the best fit probability is
estimated. To analyze the effect of population size, three different
population sizes are used. In order to show the effect of popula-
tion size and probability, only CS and proposed variants are com-
pared and best among the proposed variants are analyzed. The
best among the proposed variants is then compared with the well-
known state of art algorithms. Also, five different dimension sizes
varying from 30 to 1000 are used for analyzing the applicabil-
ity of proposed variant on higher dimensional problems. Statistical
tests are also done to validate the end results. Further to validate
the best-proposed algorithm in solving some highly challenging
datasets, it is applied to CEC 2015 benchmark problems (Liang, Qu,
Suganthan, & Chen, 2014) and comparative study with respect to
other well-known algorithms is presented.

The article is divided into six sections and is outlined as
follows: Section 1 details about the introduction part, dealing
with the motivation, objectives, and contribution of this re-
search. Section 2 gives details of the basic CS algorithm while in
Section 3, the literature review or the related work is presented.
Section 4 outlines the proposed approaches along with their math-
ematical models and theoretical analysis. This section also presents
the complexity analysis of proposed versions. In Section 5, exten-
sive results are presented. Here detailed results with respect to the
parameters of CS and the proposed variants along with a com-
parative analysis of state-of-the-art algorithms are presented. In

the subsequent subsections of Section 5, main findings of research,
limitations and insightful implications from the proposed work are
also presented. The final Section 6 presents the concluding remarks
and future scope. The outline of the article is given in Fig. 1.

2. Cuckoo search algorithm

Cuckoo Search (CS) is a new heuristic algorithm inspired from
the obligate brood parasitic behavior of some cuckoo species as
they lay their eggs in the nests of host birds. Some cuckoos have
a specialty of imitating colors and patterns of eggs of a few cho-
sen host species. This reduces the probability of eggs being aban-
doned. If host bird discovers foreign eggs, they either abandon the
eggs or throw them away. Parasitic cuckoos choose a nest where
the host bird just lays its eggs. Eggs of cuckoo hatch earlier than
their host eggs and when it hatches, it propels the host eggs out
of the nests. Hence cuckoo chicks get a good share of food and
sometimes they even imitate the voice of host chicks to get more
food (Payne, 2005). Mostly cuckoos search food by a simple ran-
dom walk, where the random walk is a Markov chain whose next
position is based on current position and transition probability of
next position. Using Lévy flights instead of simple random walks
improve the search capabilities. Lévy flight is a random walk in
step-lengths following a heavy-tailed probability distribution (Yang
& Deb, 2009). Each cuckoo acts as a potential solution to the prob-
lem under consideration. The main aim is to generate a new and
potentially better solution (cuckoo) to be replaced with a not so
good solution. Each nest has one egg but as the problem complex-
ity increases, multiple eggs can be used to represent a set of so-
lutions. There are three basic idealized rules of CS. First rule says
that each cuckoo lays one egg and dumps it in a random nest. The
second rule is that the nest with the highest fitness will carry over
to next generations whereas the final rule defines that the number
of available host nests is kept fixed and the egg laid by cuckoo is
discovered by host bird with a probability p € [0, 1]. And depend-
ing on p, the host bird either throws the egg away or abandons
the nest. It is assumed, that only a fraction p of nests is replaced
by new nests.

Based on the three rules, the cuckoo search has been imple-
mented. To generate a new solution xl?* Ifor ith cuckoo, Lévy flight
is performed. This step is called global random walk and is given
by

X =X+ o @ Le'vy (M) (Xpest — X) (1)
The local random walk is given by:

X =x+a@H(p-€)® (x| —x) (2)

where xlf is the previous solution, o > 0 is the step size related to

problem scales and ® is entry wise multiplication. Here xg. and xf(

are randomly selected solutions and Xxp,s is the current best so-
lution. In present work, the random step length via Lévy flight is
considered due to more efficiency of Lévy flights in exploring the
search space and is drawn from a Lévy distribution having infinite
variance and mean.

A(A)sin(wA/2) 1
T sl+

Levy ~ { (5> 50 > 0) (3)

As some fractions of new solutions are generated by Lévy
flights, so the local search speeds up. Here some of the solutions
should be generated by far field randomization which will keep the
system away from getting trapped in local optimum, I" (A) is the
gamma function, p is the switch probability, ¢ is a random number
and (1 <A <3). The step length in cuckoo search is heavy-tailed
and any large step is possible due to large scale randomization.
The pseudo-code for CS is given in Algorithm 1.
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Fig. 1. Outline of the article.

3. Literature review

In this sections first of all, the background of the related work
is presented. Secondly, the detailed literature of CS with respect to
modifications and applications is discussed. Thirdly, inferences are
drawn from the literature which acts as the basis for present work
and finally, the main originalities of present work are discussed.

The fact that nature is the perfect problem solver is well known
and it has been doing so for millions of years. Biological systems
such as perception have emerged to recognize different patterns,
immune systems have evolved to eliminate foreign bodies, decision
making has been used explicitly to design robots, learning process
and others working in collaboration to solve high-end problems.
These systems depict high-level computing present in nature and
in this context, a large number of optimization algorithms have
been proposed for the past two decades. The algorithms are known
as nature inspired meta-heuristic optimization algorithms and are
finding popularity not only in engineering optimization problems
but also in fields such as the stock market for profit or loss pre-
diction, business management, finding optimal path while travel-
ing and others. The main cause of their popularity is their flex-
ibility and faster response as compared to classical optimization
techniques (Gutjahr, 2009). One more reason is that they are pop-
ulation based algorithms and don’t require an initial guess while
solving any problem. Also because of their linear nature and fewer
parameters to tune, they are found suitable even for highly com-
plex optimization problems.

Broadly, nature inspired meta-heuristic algorithms are clas-
sified into two categories namely evolutionary algorithms and
swarm intelligent algorithms. Evolutionary algorithms are based
upon the phenomena of the evolution of species. A large num-
ber of algorithms have been proposed in this context. The first
such algorithm was proposed in the late 70s and is named as
an evolutionary strategy (ES) (Rechenberg, 1978). The trend fol-
lowed and a lot of other algorithms were proposed namely ge-
netic algorithm (GA) (Holland, 1992), genetic programming (GP)
(Koza, 1992), differential evolution (DE) (Storn & Price, 1997), bio-
geography based optimization (BBO) (Simon, 2008), ant lion algo-

rithm (ALO) (Mirjalili, 2015) and others. The other group of the al-
gorithm is swarm intelligent algorithms which are based on the
social behavior of animals. These include particle swarm optimiza-
tion (PSO) (Eberhart & Kennedy, 1995), ant colony optimization
(ACO) (Dorigo, Birattari, & Stutzle, 2006), artificial bee colony (ABC)
(Karaboga & Basturk, 2007), grey wolf optimizer (Mirjalili, Mirjalili,
& Lewis, 2014), bat algorithm (BA) (Yang, 2010a), firefly algorithm
(FA) (Yang, 2010b), flower pollination algorithm (FPA) (Yang, 2012)
and bat flower pollinator (BFP) (Salgotra & Singh, 2016). All these
algorithms have proven their worth in terms of competitiveness.
When compared to evolutionary algorithms, swarm intelligent al-
gorithms are found to have some advantages. These algorithms
preserve some of the previous information over subsequent iter-
ations while evolutionary algorithms discard previous information
on the creation of new population. Also, swarm intelligent algo-
rithms require a minimal set of parameters to be tuned and hence
can be implemented easily.

CS is one such swarm intelligent algorithm introduced in the
recent past and has proved its worth in various fields of research.
Since its inception, a large number of modifications have been pro-
posed. Modified adaptive CS with division into subgroups was pro-
posed by Zhang et al. (2012). It was seen that grouping strategy
achieves a balance between exploration and exploitation tenden-
cies of CS algorithm. As the algorithm was tested only on seven
benchmark functions and that too from two different datasets, it
can be said that only functions providing better results were used
and others were neglected. CS with orthogonal learning was pro-
posed in Li, Wang, and Yin (2014). The authors discussed the ef-
fect of population size and tested the performance of proposed
variant on 23 benchmark problems. It was found that orthogonal
based learning enhances the exploration capability of CS and also
help in providing better convergence. The authors of the article
didn’t provide any discussion about the parameters of CS. Hybrid
CS with initial crossover and mutation was proposed by Kanagaraj
et al. (2013). This version aims at improving the premature conver-
gence and was applied to reliability redundancy allocation prob-
lem. Though the proposed variant provided good results no proper
analytical study about CS parameters was presented. Other modifi-
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cations include hybrid CS for knapsack problem (Feng, Wang, Feng,
& Zhao, 2014), hybrid CS with soils and wet local search algo-
rithm (Long et al., 2014), parameter adjustment with chaotic map
was introduced in Wang and Zhong (2015) and it was found that
chaotic maps improve the performance of CS. Multi-objective CS
was proposed by Yang and Deb for design optimization (Yang &
Deb, 2013), discrete CS was proposed for solving travelling sales-
man problem (Ouaarab, Ahoid, & Yang, 2014), hybrid CS with wind
driven algorithm was proposed for satellite image segmentation
(Bhandari, Singh, Kumar, & Singh, 2014), improved CS for hybrid
flow shop scheduling was proposed in Marichelvam, Prabaharan,
and Yang (2014), hybrid CS and harmony search was proposed for
numerical optimization in Wang, Gandomi, Zhao, and Chu (2016)
enhanced chaos based CS was proposed for global optimization in
Huang, Ding, Yu, Wang, and Lu (2016).

In terms of applications, CS has been applied to a wide
range of optimization problems such as CS for distributed
networks (Nguyen, Truong, & Phung, 2016), feature extraction
(Wang, Han, Shen, & Li, 2014), electrocardiogram signal water-
marking (Dey, Samanta, Yang, Das, & Chaydhuri, 2013), multi-
reservoir system (Ming, Chang, Huang, Wang, & Huang, 2015),
CS for Sudoku problem (Soto, Crawford, Galleguillos, Monfroy, &
Paredes, 2014), web search clustering (Cobos et al.,, 2014), PCB
drill path problem (Lim, Kanagaraj, & Ponnambalam, 2014), finite
impulse response fractional order differentiator design (Kumar &
Rawat, 2015), designing 1-dimensional and 2-dimensional recur-
sive filters (Sarangi, Panda, & Dash, 2014), video tracking system
(Walia & Kapoor, 2014) and other applications such as economic
load dispatch by Bindu and Reddy (2013), design of planer EBG
structures (Pani, Nagpal, Malik, & Gupta, 2013) and a brief re-
view of CS was proposed by Fister, Yang, Fister, and Fister (2014).
Other applications include embedded system design (Kumar &
Chakarverty, 2011), playing Mario game using CS (Speed, 2010),
flood forecasting (Chaowanawatee & Heednacram, 2012), Leven-
berg Marquardt based using back propagation training using CS
(Nawi, Khan, & Rehman, 2013), brain image segmentation (llunga-
Mbuyamba et al., 2016) and others. Most of these articles focus on
the problem itself without proper configuring the parameters of CS
algorithm.

3.1. Inference drawn from literature and motivation behind present
work

As seen in the section above, CS has been applied to a large
number of optimization problems. Four main inferences are drawn
from the literature. Firstly, no proper discussion about the effect of
parameters on the performance of CS was presented in most of the
cases. Secondly, most of the articles based on applications didn’t
even mention about the parameters of CS. Thirdly, effect of popu-
lation size and dimension was exploited in very few cases and no
proper justification of their analysis is presented and finally, it can
be estimated from the literature that grouping can help to improve
the performance of CS algorithm.

These inferences have motivated the authors to estimate that
dividing the population into sub-groups can improve the diver-
sity in the population and hence improve the exploration on a
whole and exploitation within the group. Also, proper values of
CS parameters should be identified for proper performance eval-
uation and effect of population and dimension should be analyzed
to check the aplicability of CS for high dimension problems.

Based on the above inference and motivation, the main contri-
butions of this research are highlighted as follows. First of all, divi-
sion of population and generations have been applied to improve
the exploration and exploitation. Secondly, Cauchy based random
walks are used instead of Lévy flight for exploring the search space.
Based on these two concepts, three different variants of CS are pro-

posed. To analyse the performance, first of all, five different prob-
ability values are used to identify the best probability value which
gives the best results. Here probability values are chosen in the
range of 0 and 1. After analyzing the best probability value, analy-
sis with three different population sizes is presented to check the
performance of CS and proposed variants for a maximum number
of function evaluations. Finally, five different dimensions are used
to test the performance of the best proposed variants on higher
dimensional problems.

In the next section, three new variants of CS are proposed to
address all the issues discussed above.

4. The proposed variants

This section is also detailed as: first, drawbacks of original CS
and reasons for the proposal of new variants are presented. Sec-
ondly, details about the modifications and how they are imple-
mented are presented. Thirdly, three versions of CS are proposed
and finally, complexity analysis of proposed versions is presented.

CS algorithm uses a combination of global explorative random
walk and local exploitative random walk which is controlled by
switching probability. Based on the switching probability, local
search becomes very intensive occurring for only one-fourth of the
time and global search is extensive taking place for around three-
fourth of the times. Also, cuckoo search follows Lévy flight behav-
ior which is far better than a simple random walk. Lévy flights
have infinite variance and mean which helps CS to explore the
search space in a better way. This advantage along with local and
global search makes CS more efficient in achieving global conver-
gences. Over the past few decades, the complexity of problems
to be optimized is increasing day by day and so do the evolu-
tionary algorithms. Wolpert and Macready proved that no algo-
rithm can be generalized for all optimization problems (Wolpert
& Macready, 1997). So, it becomes necessary to design new algo-
rithms as per particular set of problems. In this paper, local search
and global search phase of CS are modified to achieve a better po-
sition of the new cuckoo. Different variants are proposed and these
variants are based on these new ideas. Two new concepts based
on the division of generations and population are proposed. Based
on these two concepts, three new versions of CS have been pro-
posed. The first version uses enhanced global and dual division in
local search phase whereas the second version uses dual division
in global search only and in the final version, a four-fold division of
population is followed in global search phase. Here, note that the
division of generations is applied in all the three versions whereas
division of population is applied to local and global search phases.
Further, the reason for the use of above discussed ideas is given
below:

o Why division of generations and population is used: There are
two factors namely exploration and exploitation which decide
whether an algorithm is efficient or not. Exploration decides
how good an algorithm is in escaping local minima and ex-
ploitation decides its convergence properties. So, an algorithm
which can balance both this phenomenon is able to achieve
better results (Crepindek, Liu, & Mernik, 2013). For a general-
ized algorithm, the extensive global search should be followed
at the beginning of search process and as the search progresses;
more intensive exploitation should be done. So, to maintain a
balance in exploration and exploitation, division of generations
and population has been implemented. By division of genera-
tions, we mean to say that for half of the iterations a standard
equation having best explorative tendencies should be used and
for rest of the iterations more intensive exploitation should be
there. This will maintain a balance between exploration and ex-
ploitation. For the division of population, we allocate the pop-
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ulation to multiple locations or simply into smaller groups and
this process is carried out by use of different search equation
in each group. It will help the members of the population to
change their positions abruptly in the initial stages and con-
verge faster as the iterations proceed. Thus, both the modifi-
cations will add up to maintain a balance between the explo-
ration and exploitation.

e How division of generations is applied: The generations have
been divided into two halves. For the first half of the genera-
tions, Cauchy based global search is adopted and the reason for
its use has been explained in the subsequent subsection. The
local search phase follows the original equation of CS. For the
second half of the generations, division of generations is fol-
lowed. Also, to avoid repetitiveness, the first half of the gener-
ations which is same in all the three cases have not been dis-
cussed explicitly in every modification proposed. Only modifi-
cations based on the second half of generations are presented.

e How division of population is applied: The division of popula-
tion has been employed using multiple search equations. Us-
ing different division strategies, three modified versions have
been proposed. In the first version, modified global search and
dual local search is followed. By dual local search, we mean to
say that population is divided into two parts and two search
equations are used to implement this phenomenon. In the sec-
ond version, the dual search equations are employed in global
search phase. For the third version, the population is divided
into four parts and four search equations are employed to up-
date the solution.

o Cauchy based mutation operator: Though Lévy mutated step size
is good for exploring the search space, still there is more room
for a better exploration operator. So, in this context, Cauchy
based mutation operator is applied to generate step size instead
of Lévy mutation operator. The Cauchy based mutation operator
is used to generate a Cauchy distributed random number §. This
random number is then integrated in the global search equation
to generate a new solution. The first concept for such mutation
was formulated in Yao, Liu, and Lin (1999). The Cauchy density
function is given by

1. g
TE+o2
The Cauchy distribution function is given by:

1 1 )
y=5+ ﬂarctan(g) (5)

where g is the scale parameter and its value is taken as 1 and y ¢
[0, 1]. Solving Eq. (5) for the value of §, we get

5= tan( (v - %)) (6)

The above equation will generate a Cauchy distributed random
number in the range of 0 to 1. Based on this the general Eq. (2) of
the global search phase changes to

x1§+1 — Xf +a® Cauchy(5)(xf - X.[l) v

The use of Cauchy distribution because of its fatter tail, gener-
ate larger steps, which helps the algorithm in exploring the search
space in a better way. This helps the algorithm in escaping lo-
cal minima (Salgotra & Singh, 2017). This has been done because
the best solution guided difference prevents the algorithm from
exploring the search space and this may lead to premature con-
vergence. The Cauchy based mutation operator has been employed
in all the proposed versions for the first half of the iterations and
has not been discussed explicitly in every subsection. Also in the
pseudo-code of proposed versions, only the second half of the gen-
erations are presented. This is because, for the first half of the gen-
erations, the proposed versions are same as that of the basic CS

fCauchy(O,g) (8) = (4)

algorithm except for the change in Eq. (1) which is replaced by
Eq. (7).

4.1. Cuckoo Version 1.0

In this version, two modifications are proposed in the stan-
dard CS and it has been named as Cuckoo Version 1.0 (CV 1.0).
Firstly, the global pollination phase has been enhanced by taking
the mean of first three solutions from the pool of search agents.
These three solutions are generated based upon the current best
solution. The equations proposed in this regard are given by

X1 = X — A1 (Cr Xoest — X{): Xa = X; — Ag (Co Xpest — X{): X3

= X; — A3(C3 Xpest — X!) (8)
X1 +X2+X
Xnew = % (9)

Here the current best solution x,. is moved to a new location
by multiplying it with a random variable and the random solution
X; is subtracted from it to generate the new solution Xew. The ba-
sic concept for this modification has been inspired from the search
equations of GWO (Mirjalili et al., 2014). In GWO, the solution is
generated by adjusting the parameters with respect to the posi-
tion of best search agent. The same concept has been employed to
obtain new solution xpew. This new solution is then subjected to
Eq. (7) of the global search phase which leads to

X = Xy, + @ ® Cauchy (8) (Xpest — Xhew) (10)

where Ay, Ay, As and Cq, C,, C3 belongs to A and C respectively. A
and C are given by

A=2ar—aC=2rn (11)

where a is a linearly decreasing random number in the range of
[0, 2] with respect to iterations, rq and r, are two uniformly dis-
tributed random numbers in the range of [0,1]. These random
numbers rjand rpallow the search agents to reach any position
within the search space and hence increase the explorative ten-
dencies of CS algorithm.

Secondly, the local search phase is enhanced to improve the
performance of basic CS. The population, in this case, is divided
into halves and two different searching strategies are used to eval-
uate the final solution. For the first half of the population, the gen-
eral Eq. (2) of the standard CS is used and for the other half, a new
search equation is introduced. This new search equation is given by

=5 + (4 - 3) (12)

where xj‘, xt, xf and xf, are four random solutions and the new
solution will be updated based on them. Here because of the use
of same random number F (in the range of 0 to 1), the equation
becomes efficient for smaller search space. So, using the same for
second half of the population will definitely provide better results.
On a whole, the combination of Cauchy based global search and
dual local search can provide an exact balance between exploration
and exploitation of the proposed variants. The pseudo-code for CV
1.0 is given in Algorithm 2.

4.2. Cuckoo Version 2.0

For the second proposed version, division of population has
been applied for both local and global phase. Here two-fold divi-
sion has been followed in both the phases. For global search, half
of the population is updated based on the Eq. (13) and the next
half is updated based on the Eq. (9). As towards the later stages,
more exploitation is the requirement, so here the Eq. (7) has been
modified by using the difference of best solution with a random
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solution. This will create copies of the candidate solution around
the current best solution and hence will add to the exploitative
tendencies. The modified equation is given by

X = X + o @ Cauchy (8) (Xpese — XF) (13)

Both the solutions from Egs. (9) and (13) are then combined
to generate a new solution. For local search phase, Eqs. (2) and
(12) have been used to evaluate the new solution. Also for the
global search phase, Cauchy based equation will ensure extensive
exploration for the initial set of the population whereas Eq. (9) will
ensure intensive exploitation. The justification for local search
equation has been elaborated in Section 3.1. The pseudo-code for
CV 2.0 is given in Algorithm 3.

4.3. Cuckoo Version 3.0

The use of Cauchy based mutation operator in the first half of
the iterations has added to the explorative capabilities of basic CS
and it is required to maintain a balanced exploitation also. So, for
this case, in order to balance the exploitative tendencies of CS, a
four-fold division of population in the global search phase is fol-
lowed. By four-fold division, we mean that the population is di-
vided into four parts and each part is evaluated by a different
search equation. The first part is evaluated using Eq. (9), second
part by using Eq. (12), third by using Eq. (13) and the fourth equa-
tion is given by

X = x4 b.(xf - x5) (14)

where b is a uniformly distributed random number in the range
of [0, 1]. The local search phase is kept same as that of the orig-
inal CS. The four-fold division strategy will help the population to
be selected from four different smaller groups. This will add di-
versity to each group and will enhance the exploitation capabili-
ties. So here again, a balance of exploration and exploitation can
be achieved. The pseudo code for CV 3.0 is given in Algorithm 4.

4.4. Complexity analysis of proposed versions

The computational complexity of the original CS algorithm can
be given by O(n. D.tpmgx) Where n is the maximum number of iter-
ations, D is the dimension size and tpqy is the maximum number
of iterations. The main aim of providing this complexity analysis is
to analyse the basic operations of CS and the proposed versions,
and to summarize their worst case complexities. The equation is
derived based on the fact that the algorithm is initialized with a
population of size n and the dimension factor (D) decides the com-
plexity of the algorithm. For each population member, we need to
perform O(D) number of operations, resulting in O (n. D) complex-
ity. The above mentioned complexity is for a single iteration, but
in general CS runs for a number of iterations. So the total com-
plexity depends on the maximum number of iterations. This pro-
cedure gives the total complexity of CS as O(n. D.tjax). Compared
to the original CS algorithm, all the proposed versions have no ex-
tra computational burden. It is also evident from the comparison
results in Section 5 that for variable population sizes, results for all
the proposed versions along with CS algorithm change and same is
the effect of dimension size. Also, all the new parameters added to
the proposed version choose very small random values and have
no effect on the space or time complexity. Therefore, the overall
time complexity of all the proposed versions is almost same as the
original CS algorithm.

5. Result and discussion

In this section, a detailed analysis of proposed versions of CS is
presented to check whether they improve the performance of basic

CS or not. Here, an experimental study of proposed versions with
respect to standard CS is presented for benchmark test problems
and then the best among the proposed versions are compared with
state-of-the-art algorithms. This section is divided into nine con-
secutive subsections. The first subsection gives details about the
benchmark functions and the parameter settings of various algo-
rithms for experimental testing. The second subsection deals with
the first parameter that is a probability. This parameter is very im-
portant in deciding the extent of exploration and exploitation and
on a whole adds a balance between the two. So a proper value of
probability needs to be identified for the algorithm to be efficient.
From the literature, it has been found that the value of probability
mostly lies in the range of 0 to 1 and a value of 0.25 gives best
results for some problems while the value of 0.50 for others. So
here five different sets of probabilities are used and experimental
analysis is done to prove which set gives the best results. After the
selection of a particular probability, the next work is to identify
a proper population size. So in the third subsection, five different
population sizes are used and results of CS are compared with the
proposed variants. The main focus here is to use a minimal num-
ber of function evaluations and to achieve maximum output. Since
we know that the maximum number of function evaluations is
equal to the multiplication of population size and the total number
of iterations, so to keep the number of function evaluations fixed,
the total iteration count and population size are kept same for all
the algorithms. After finding the exact population size and proba-
bility for the proposed variants, the best variant is identified and
is subjected to comparative analysis with respect to other state-
of-the-art algorithms in the fourth subsection. These comparative
results are also subjected to statistical testing in the fifth subsec-
tion and best variant is identified. The best variant as obtained is
also tested on higher dimensional set to prove its worthiness in
the sixth subsection. The seventh subsection deals with another
dataset of CEC 2015 benchmark problems for further analysis of
the applicability of proposed version to highly complex benchmark
problems. Note that the statistical testing is also performed on CEC
2015 benchmark functions as well. Apart from these experimental
results, a sensititvity study of the parameters of proposed versions
has also been added in the eight subsection and finally, the sum-
mary of results is presented in final subsection. Summary of results
include the main findings of the research, insightful implications,
limitations and some future prospects. The detailed discussion is
presented in the consecutive subsections.

For performance testing, 100 runs have been performed and re-
sults are presented in terms of best of 100 runs, worst of 100 runs,
mean of 100 runs, standard deviation of 100 runs and Wilcoxon
rank-sum test for statistical analysis. Apart from this, all the algo-
rithms are experimentally tested on Dell Inspiron 1464 with In-
tel core i3 processor having 4.00GB RAM, using MATLAB version
R2016a in windows 10, x64 bit personal computer.

5.1. Test suite and parameter settings

5.1.1. Test suite

This section deals with the test suite used to validate the per-
formance of proposed versions of CS. Three types of test func-
tions namely unimodal, multimodal and fixed dimensional func-
tions are used. Twenty-four functions have been used, with eight
unimodal, ten multimodal, and five fixed dimension functions. Uni-
modal functions define how efficient an algorithm is in exploit-
ing the search space. They usually have only one global mini-
mum and are simple functions. Multimodal functions, on the other
hand, have many local minima and these are used to judge the
exploratory power in any algorithm. The third set of functions
which are fixed dimensional functions have fixed dimension size
and these functions define the consistency of any algorithm in
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Table 1
Description of test problems.

Test Problems Objective Function Search Range Optimum Value D
Unimodal Functions
Sphere function fix) = Z?:I xi2 [-100, 100] 0 30
Step function frx) = 2?:1 (|x; +0.5])? [-100, 100] 0 30
Quartic function f3(x) = leﬂ x? +random(0, 1) [-1.28, 1.28] 0 30
Tablet function fa(x) =102 + Y0 | &2 [-5, 5] 0 30
Sum of different powers fix) = Z?:l x::“ [-1,1] 0 30
function
Elliptic function fo) =20, (10%) a2 [-100, 100] 0 30
Scaffer function fr(x) = [357 V50 (sin(SODsi% )+ DPsi = /% + %2, [-100, 100] 0 30
Schwefel function fs(x) = Z?:I [x;isin(y/|x;])] [-500, 500] —418.9829 x D 30
Multimodal Functions
Ackley function fo(x) = —20exp(—0.2,/3 Y0, x2) —exp (} Y2, cos(2mx;)) +20 + e [-100. 100] 0 30
Powell function fro(x) = [-4, 5] 0 30

T8 [(xaio3 — 10%41-2)? + 5(Xai — Xa1)? + (Kai—z — 2%ai_1)* + 10(Xai_3 — X41)?]
Dixon & Price function @ =0-12+%%, i(2x? —x;_1)? [-10,10] 0 30
Zakharov function fro(x) =YL %2 + (X8, 0.5ix)2 + (X1, 0.5ix)* [-5, 10] 0 30
Cigar function fi3(x) =x2 +10000 37 | x? [-10, 10] 0 30
Griewank
Function fia = a000 Sorq 2T, cos( %) +1 [-600, 600] 0 30
Penalized 1 Function

fis = [-50, 50] 0 30

Z{10sin(ryr) + Y0 01 — D11+ 10sin? (ryi)] + (v — D2} + L, ulx;, 10,

100, 4) y; =1+ %1

k(xi —a)"x; > a
ulx,a km)={ 0 -a<xi<a
k(-x; —a)™ x; < —a

Penalized 2 Function f16 = [-50, 50] 0 30

0.1{(37x1) + Yy (% — 1)*[1+sin2 37wx; + 1]+ (xn — 1)?[1 + sin2 2rwxa) ]} +

>r,u(x;, 5, 100, 4)

k(xi —a)"x; > a
ux,a km)={ 0 -a<x<a
k(—x; —a)™ x; < —a

Rastrigin function f17(x) = 10D + Z?:, [xi2 —10cos(2mx;)] [-5.12, 5.12] 0 30
Weierstrass function fis(x) = Y2, Ykmax[gk cos (27w b (x; + 0.5))] — D YK [akcos (27w b*.0.5)]; where [-0.5, 0.5] 0 30

a=0.5, b=3, kmax=20
Fixed dimension
functions
Beale function fro(®) =[1.5—x1(1 —x2)]* +[2.25 = x1 (1 = x3)]> + [2.625 — x1 (1 = x3)|? [-4.5, 4.5] 0 2
Hartmann function 3 faox) = =31 eyexpl— 1 Aj(x; — Py)’ [0, 1] —3.86278 3
Hartmann function 6 fa®) = - Xh aexp[- 30 Ay (x; — Py)’] [0, 1] -3.32237 6
Six Hump Camel function faa (%) = (4-2.1x2 + %)xf +X1%2 + (—4 + 4x3)x3 [-5, 5] -1.0316 2
Michalewicz f3(x) = — Z’il sin(xi)sinzm(ﬁ) [0, ] —9.6601 10
Easom function foa(x) = —cosx; cosxpe(~ =) ~(-m)") [-10, 10] -1 2

finding global minima or the final best solution. The description
of test functions is given in Table 1.

5.1.2. Parameter settings

This subsection gives the details about the various algorithms
used for comparison. The algorithms used are CS, GWO, FA, DE,
BA, FPA, BFP, particle swarm optimization-gravitational search op-
timization (PSOGSA) (Mirjalili & Hashim, 2010) and the proposed
variants CV 1.0, CV 2.0 and CV 3.0. The parameter settings for
all the algorithms used for comparison purpose are obtained from

their respective papers. As far as CS and proposed versions are con-
cerned, only switch probability is to be defined. For an initial guess
the switching probability is taken randomly but after computing
the effect of probability switch (the detailed sensitivity study is
presented in Section 5.3), it has been found that a probability value
of 0.5 fits better for most of the cases. Also in order to make a fair
comparison, the original CS is executed with the same parameter
settings as done with the proposed versions. Moreover, the param-
eter values such as population size and a maximum number of it-
erations are chosen after careful testing and the present set of val-
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Table 2
Parameter settings of various algorithms.
Algorithm Parameters Values
(& Switch probability 0.5
Max Iteration 500

Stopping Criteria
CV10,CV20&CV30

Switch probability

Maximum Cycles

Stopping Criteria
GWOo a

Max Iteration

Stopping Criteria

FA Number of fireflies

Gamma (y)
Max Iteration
Stopping Criteria
DE F
CR
Max Iteration
Stopping Criteria
BA Loudness
Pulse rate
Max Iteration
Stopping Criteria
FPA
Max Iteration
Stopping Criteria
Population size
Loudness
Pulse rate

BFP

Probability switch

Max Iteration
Stopping criteria

PSOGSA Population size

Probability Switch

Max Iteration.
Linearly decreased from 2 to 0
0.5

500

Max Iteration.
Linearly decreased from 2 to 0.
500

Max Iteration.
20

1

500

Max Iteration.
0.5

0.5

500

Max Iteration.
0.5

0.5

500

Max Iteration.
0.8

500

Max Iteration.
20

0.25

0.25

0.8

500

Max Iteration.
20

C1 & C2 (weighting factors) 2

Weighting function (w) [0, 1]
Gravitational Constant (G) 1
Alpha (o) 20
Max Iteration 500

Stopping criteria

Max Iteration.

ues fit better for most of the cases. This is because lower values of
population size and iterations degrade the performance whereas
higher values improve the performance marginally but a maxi-
mum number of function evaluations increases many folds. This
point has been proved experimentally in the effect of population
subsection (Section 5.4).The various parameters selected for differ-
ent algorithms are given in Table 2. These parameters are chosen
from the existing literature of the respective algorithms. For GWO
(Mirjalili et al., 2014), parameter d, is of major concern. This pa-
rameter gives the best results for linearly decreasing values while
rest of the parameters are random numbers. For CS and proposed
variants, switch probability pg is a very important factor which de-
cides the extent of exploration and exploitation. This parameter
has been chosen after careful investigation and detailed results are
presented in the Section 5.2. For FA, there are three control param-
eters: the randomization parameter («), the attractiveness (8) and
the absorption coefficient (y). The parameters o and f are sim-
ple random numbers in the range of [0, 1] and pose little effect
on the performance of FA. These parameters generally decide the
type of random steps taken by FA in evaluating the solution. The
final parameter y is a very crucial parameter and it decides the
convergence speed of FA and its value lies in the range of 0.1-10
(Fister, Fister, Yang, & Brest, 2013). Further, in Yang (2010b,c) it has
been given that a value of ‘1’ for parameter y is suitable for most
of the cases. So for present case, y =1 is chosen. In case of DE al-
gorithm, F and CR are two major parameters and numerous stud-

ies have been proposed to find an optimal set of these parameters.
The values of these parameters generally lie in the range of [0, 1]
but Wang, Cai, and Zhang (2011) found that a high value of F=1.0
and CR=0.9, improve the exploration capabilities of DE whereas
high values of F=0.8 and low value of CR=0.2 help in improving
the exploitation capabilities. Also Draa, Bouzoubia, and Boukhalfa
(2015) estimated that a value of 0.5 for F and [0.5-0.9] for CR will
provide better results for most of the cases. So in present case,
the values of both CR and F are kept as 0.5. For BA, pulse rate
and loudness are two important parameters and in Fister, Fister,
and Yang, (2013) it has been found that a value of 0.5 for both
pulse rate and loudness performs better for most of the cases. So
in present case, it has been set to 0.5 for both loudness and pulse
rate. For FPA, probability switch is the only parameter which de-
cides the rate of exploration and exploitation or in simple terms,
probability decides the performance of FPA. In Yang (2012) it has
explicitly written that a probability value of 0.8 is best for most
of the cases and hence has been used as such in the present sce-
nario. For BFP, because of its hybrid structure, it has both the pa-
rameters of BA and FPA as important parameters, so the same cri-
terion has been followed to set the parameters as used in BA and
FPA. The original article of BFP (Salgotra & Singh, 2016) also pro-
vided proper explanation about the various parameter settings and
same has been used in present work. For the final algorithm that is
PSOGSA, the parameter setting is kept same as used by the original
article (Mirjalili & Hashim, 2010).
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Comparison of CV 1.0, CV 2.0, CV 3.0 and CS at p=0.05.

Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 27.2652 4.30E+02 1.07E+01 61.0355
CvV 1.0 3.23E-87 1.39E-70 3.51E-72 1.97E-71
CvV 2.0 2.21E-88 2.86E-72 8.05E-74 443E-73
CV 3.0 5.75E—80 4.68E—47 9.81E-49 6.42E—48
f cs 32 6.39E+02 2.00E-+02 1.07E+02
CV 1.0 0 0 0 0
CcvV 2.0 0 0 0 0
CV 3.0 0 0 0 0
fe CS 3.67E+04 4.83E+05 113E+05 6.91E+04
CV 1.0 2.83E-82 2.82E-68 6.51E-70 3.57E-69
CvV 2.0 1.18E-90 7.32E-65 7.35E—67 7.32E-66
CV 3.0 7.86E—81 5.60E—45 8.44E—47 6.01E—46
fs cs —-8.61E+03  —7.12E+03 —7.70E+03  2.60E+02
CV 1.0 —8.79E+03  —6.80E+03  —7.67E4+03  3.98E+02
Cv 20 —8.12E+03 —6.85E+03  —7.52E+03  2.75E+402
CvV 3.0 —843E+03  —6.90E+03  —7.50E+03  3.29E+02
fia (& 0.00E-00 1.55E-15 1.88E-17 1.58E-16
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
v 20 0.00E-00 0.00E-00 0.00E—-00 0.00E-00
CV 3.0 0.00E-00 0.00E—-00 0.00E-00 0.00E-00
fis cs 11798 25.0136 7.4155 4.4720
CvV 1.0 0.0093 12.1838 31391 3.3608
CcvV 2.0 0.0039 10.0282 2.3183 3.0204
CV 3.0 0.0049 16.9770 5.4412 5.6506
fie cs 18.214 2.25E+04 1.36E+03 3.61E+03
CV 1.0 0.1080 0.9222 0.4408 0.1833
Ccv 2.0 0.1072 0.5905 0.2729 0.0991
CV 3.0 0.0746 52.791 1.2674 7.0507
fiz cs 0.00E-00 3.41E-13 6.03E-15 3.54E-14
CV 1.0 0.00E-00 0.00E—-00 0.00E-00 0.00E-00
Cv 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis CS 8.4077 18.9194 13.356 1.9902
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Cv 2.0 0.00E-00 1.42E-14 0.42E-16 142E-15
CvV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fa0 (& —3.8628 —3.8628 —3.8628 1.01E-09
CV 1.0 —3.8628 —3.8628 —3.8628 411E-15
v 20 —3.8628 —3.8628 —3.8628 6.53E-15
CV 3.0 —3.8628 —3.8628 —3.8628 3.27E-15
fn cs —3.3224 —3.2032 —3.3176 0.0059
CV 1.0 —3.3224 —3.3224 —3.3224 6.38E—09
CcvV 2.0 -3.3224 —3.2032 —3.3200 7.71E-08
CV 3.0 —3.3224 —3.3224 —3.3224 0.0119
f2 cs —1.0316 -1.0316 -1.0316 1.11E-15
CvV 1.0 —-1.0316 —1.0316 -1.0316 1.07E-15
CcvV 2.0 —-1.0316 -1.0316 -1.0316 142E-15
CV 3.0 -1.0316 -1.0316 -1.0316 1.11E-15

5.2. Effect of switch probability

In the literature, it can be seen that some detailed works
have been done on evaluation of proper switch probability but no
proper justification about how the study was done is present. In
the present work, the effect of switch probability (p) has been
analyzed using different values of p. For analysis of these values,
13 benchmark functions from Table 1 are used. Here four uni-
modal (f1, f3, fs and fg), five mulit-modal (f4, f1s, fi6.f17 and fig) and
four fixed dimensional functions (f,q, f1 and f5,) are used. The pop-
ulation size of 20 and the total number of iterations of 500 are
considered for the purpose of comparison. In Tables 3, 4, 5, 6 and
7, comparison results for p=0.05, 0.25, 0.50, 0.75and 0.95 re-
spectively, are reported. The results are discussed as below:

- Comparison of Best values: From the best values of all the ta-
bles, it can be seen that for f;, CS was not able to reach
global optimum while all other proposed versions provided a
very near optimum solution with CV 2.0 providing the best
among all at p=0.75. For f, and fig CS was not able to reach
global optimum whereas all the proposed versions provided ex-

act global optimum. For fg, again CV 2.0 was found to be the
best for p=0.75. For fgall the algorithms provided competitive
results. For fi4 and fy7, all the algorithms provided exact global
optima for p=0.05, 0.25and 0.50 and for p=0.75 and 0.95, CS
was not able to achieve exact minima while for others it was
very difficult to analyse which one is the best. For fi5 and fig
CS is found to be the worst among all while all others provided
very competitive results with CV 3.0 providing best results for
fis atp=0.75 and for fig at p=0.50. For f5q, f>; and f5, all the
algorithms provided the same optimums.

Comparison of Worst values: From worst values of all the tables,
it can be said that for f; and fs; CS was found to be the worst
and all the proposed algorithms were competitive with CV 2.0
providing the best among all at p=0.75 for both the functions.
For f, and fig all the proposed versions provided exact global
optimum except CS. For fg all the algorithms provided compet-
itive results. For fi4 and f7, all the algorithms were very com-
petitive for p=0.05, 0.25 and 0.50 and for p=0.95, CS was not
able to achieve exact minima while for others it was very dif-
ficult to analyse which one is the best. For fi5 and fig CS pro-
vided the worst results and all others provided very competi-
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Table 4
Comparison of CV 1.0, CV 2.0, CV 3.0 and CS at p=0.25.
Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 1.6842 476422 10.2935 7.9390
CV 1.0 4.28E-85 3.12E-72 4.21E-74 3.14E-73
CV 2.0 2.32E-93 2.57E-69 2.92E-71 2.60E-70
CV 3.0 6.86E—80 2.58E—46 9.34E-48 2.82E-47
f cs 7 29.9300 151172 1.05E+01
CV 1.0 0 0 0 0
CcV 2.0 0 0 0 0
CV 3.0 0 0 0 0
fe cs 2.86E+03 7.08E+04 1.77E+04 1.06E+04
CV 1.0 4.50E—82 1.66E—68 4.62E-70 2.52E-69
CcV 2.0 2.18E-93 3.55E-67 7.03E-69 4.70E-68
CV 3.0 9.40E-70 1.97E—-42 2.46E—44 2.00E-43
fs cs —9.01E+03  —7.37E+03 —795E+03  2.93E+02
CV 1.0 —9.03E+03  —6.73E+03  —7.75E+03  3.84E+02
CV 2.0 —8.17E+03 —6.66E+03  —751E+03  3.12E+02
CV 3.0 —859E+03  —6.91E+03  —-7.67E+03  3.88E+02
fia cs 0.00E-00 4.40E-13 1.22E-14 6.24E—14
CcV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Cv 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis cs 1.2670 12.9524 4.8678 2.1996
CV 1.0 0.0071 6.0306 1.0298 1.7926
CV 2.0 0.0063 12.474 21431 3.1386
CV 3.0 0.0017 8.7164 1.9770 2.2416
fie cs 4.6216 1.61E+01 23.8676 19.1747
CV 1.0 0.0731 11738 0.4483 0.1986
CcV 2.0 0.0686 0.6458 0.2828 0.1279
CV 3.0 0.0369 0.6275 0.1718 0.1003
fiz cs 0.00E-00 2.38E-13 1.38E-14 4.36E-14
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CcV 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis CS 71970 16.8691 11.0874 2.0709
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fa0 cs —3.8628 —3.8628 —3.8628 5.92E-15
CcV 1.0 —3.8628 —3.8628 —3.8628 6.60E—15
Cv 2.0 —3.8628 —3.8628 —3.8628 6.63E—15
CV 3.0 —3.8628 —3.8628 —3.8628 6.70E—15
fn cs —3.3224 —3.3224 —3.3224 1.83E-04
CvV 1.0 —3.3224 —3.3224 —3.3224 1.00E-08
CV 2.0 —3.3224 —3.3224 -3.3224 5.84E-08
CV 3.0 —3.3224 —3.3224 —3.3224 1.61E-07
f cs -1.0316 -1.0316 -1.0316 1.11E-15
CvV 1.0 -1.0316 —-1.0316 -1.0316 1.09E-15
CcV 2.0 -1.0316 —-1.0316 -1.0316 1.48E-15
CV 3.0 -1.0316 -1.0316 -1.0316 1.11E-15

tive results with CV 1.0 providing best results for fj5 at p=0.95
and CV 3.0 for fig at p=0.50. For f,;, the results of CS and CV
3.0 deviated to some extent from global optima at p=0.95 and
for f59 and f,, all the algorithms provided the same optimums.
Comparison of Mean values: It can be seen from the tables that
mean values give almost the same results as given by the best
and worst cases. Also for mean values of CS only, it gives worst
mean value at p=0.05 while at p=0.25, 0.50 and 0.75 the re-
sults are best and again for p=0.95, the results become worse
except for f14 and f;7, where best values at p = 0.05. For fixed di-
mension function f,;, the mean value is not exactly the global
optima for p=0.95 and for other cases all fixed dimensional
functions provide exact global optima. The results for all the
proposed variants don’t deviate much for any value of p.

Comparison of standard deviation values: From the standard de-
viation section in the tables, it can be seen that for f; and f5
CV 2.0 provides the best results at p=0.95. For f5, fi4, fi7 and
f1g CS provides the worst results while from the proposed vari-
ants, all the proposed variants provide the exact zero standard
deviation. For fg the results are competitive. For fisand fig, CV
1.0 provides best result at p=0.95 and CV 3.0 at p=0.50 re-

spectively. For all the fixed dimension problems that is for f,q,
f>1 and f5; CS is found to be highly competitive for all the cases
but still CV, 1.0 was found to be the best among all. Also for
these functions, it should be noted here that CV 1.0 provided
best results for all the values of p.

Inference drawn: Overall from the results of all the five tables,
it can be seen that for most of the cases, the performance of
CS is worst for p=0.05 while for p=0.25, 0.50 and 0.75 its per-
formance is better and for p=0.95, the results degrade. This
proves that performance of CS depends upon the value of p
but when we compare it with the proposed versions, there is
either no change in performance or is modest. Hence, we can
say that the proposed techniques have no effect of p on their
performance.

5.3. Effect of population

In meta-heuristic algorithms, it has been seen that the number
of function evaluations depends on the population size and itera-
tions. For a fixed number of iterations, smaller is the population
size, less is the number of function evaluations required to achieve
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Table 5

Comparison of CV 1.0, CV 2.0, CV 3.0 and CS at p=0.50.
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Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 2.2151 14.0305 6.2216 2.4490
CV 1.0 4.66E—86 4.96E-73 6.74E-74 4.96E-73
Ccv 2.0 9.61E-93 8.23E-72 1.30E-72 8.23E-72
CV 3.0 1.28E-73 3.78E-48 4.84E-49 3.78E-48
f cs 9 36 16.9700 5.1902
CV 1.0 0 0 0 0
Ccv 2.0 0 0 0 0
CV 3.0 0 0 0 0
fe CS 4.72E+03 3.17E4+04 1.42E+04 5.44E+03
CV 1.0 8.70E-83 3.71E-68 7.55E-70 4.25E-69
Ccv 2.0 7.88E—87 7.66E—68 8.38E-70 7.68E—69
CvV 3.0 1.68E—69 1.39E-41 1.84E-43 1.44E—42
fs cs —8.82E+03  -7.33E+03  —-8.18E+03  2.77E+02
CV 1.0 —9.07E+03  —7.21E+03 —7.97E+03  3.95E+02
Ccv 20 —8.37E+03  —6.78E+03  —7.52E+03  3.42E+02
CvV 3.0 —9.17E+03 —705E+03  —794E+03  3.80E+02
fia cs 4.44E-16 5.70E-08 1.26E-09 6.94E-09
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CcvV 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis cs 1.4688 11.167 3.6256 1.2798
CV 1.0 0.0063 8.9164 0.2786 1.1849
Ccv 2.0 0.0076 13.901 2.6156 3.5781
CV 3.0 0.0024 4.2793 0.1813 0.5352
fis cs 2.0356 8.6997 7.7810 4.6404
CV 1.0 0.1574 0.9189 0.4142 0.1548
Ccv 2.0 0.0872 1.4004 0.2930 0.1470
CV 3.0 0.0298 0.3737 0.1420 0.0793
fi7 CS 2.50E-10 5.67E-11 6.13E-12 2.90E-11
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Ccv 20 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CvV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis cs 71719 15.7463 11.6801 1.5381
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Ccv 20 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CvV 3.0 0.00E-00 2.13E-14 2.13E-16 213E-15
fa0 cs —3.8628 —3.8628 —3.8628 3.61E-13
CV 1.0 —3.8628 —3.8628 —3.8628 6.40E—15
v 20 —3.8628 —3.8628 —3.8628 6.65E—15
CV 3.0 —3.8628 —3.8628 —3.8628 4.09E-13
fn cs —3.3224 —3.3223 —3.3224 6.31E-06
CV 1.0 —3.3224 —3.3224 —3.3224 1.11E-08
Ccv 2.0 —3.3224 —3.3224 —3.3224 3.72E-08
CV 3.0 —3.3224 —3.3224 —3.3224 3.01E-07
fa CS —-1.0316 -1.0316 -1.0316 1.25E-15
CV 1.0 —-1.0316 —1.0316 -1.0316 8.42E-14
Ccv 2.0 -1.0316 —-1.0316 -1.0316 7.93E-15
CV 3.0 -1.0316 -1.0316 -1.0316 1.76E-15

the global optima and greater is the population size more are the
function evaluations. Here five set of population sizes namely 20,
40, 60, 80 and 100 are used to analyze the effect of population
on the performance of CS and the proposed approaches. The to-
tal number of iterations is kept fixed at 500. As seen in the pre-
vious section, the value of p=0.25, 0.50 and 0.75 provides com-
parable results for CS algorithm. For the proposed version, the
value of p has no effect on their performance. So, in this sec-
tion we have used p=0.50 as the standard value for analysing
the effect of population. Thirteen test functions from Table 1 are
selected to check the effect of population size on the perfor-
mance of proposed variants and the standard CS. These functions
are unimodal (f1, f3, f4 and f), multimodal (fy, f13, fi5.f16 and fi1g) and
fixed dimension functions (fiq, f20, o1 and f53).

- Population size 40: In Table 8, the simulation results for pop-
ulation size 40 are presented and it can be seen that for fj,
CS is not able to attain global minima while all the proposed
versions provided very good results and among them, CV 2.0
is the best. In f; CV 1.0 provides better optimum results. For
rest of the variants, the results are competitive. For f;, CV 2.0

gives the best results while all other variants give quite com-
petitive results. For fg, CS gives the worst results while other
are still competitive. The best algorithm, in this case, is the CV
2.0. For fg, CV 1.0, CV 2.0 and CV 3.0 provide the same best and
worst and the comparison is in terms of mean and standard
deviation where CV 1.0 is found to be the best. For fi3, CV 2.0
provides the best results. For fi5 and fig it is found that CV 1.0
and CV 3.0 gave best results respectively. For fig, the values of
best, worst, mean and standard deviation are same for all the
proposed variants. Here it is difficult to comment which one is
better. For function fi9, CV 2.0 is highly competitive with CV 1.0
for best values where as in terms of worst, mean and standard
deviation, CV 1.0 is the best. So here CV 1.0 can be considered
as the best. For f,g and f,1, CV 1.0 gives the best standard devi-
ation while for f,,, CV 3.0 is the best. In this case, CS is found
to be better for no function, CV 1.0 for seven functions, CV 2.0
for five functions and CV 3.0 for three functions. So, overall CV
1.0 is found to be the best among all the proposed variants for
the population size of 40.

Population size 60: The simulation results for population size 60
are found in Table 9 and it can be seen that or f, fy, fs and fi3
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Comparison of CV 1.0, CV 2.0, CV 3.0 and CS at p=0.75.

Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 5.3774 19.6146 12.3785 3.4401
CcvV 1.0 7.80E—85 2.75E-70 1.85E-72 2.79E-71
CV 2.0 1.97E-93 1.80E—-68 2.07E-70 1.81E-69
CV 3.0 3.61E-78 6.70E—46 6.78E—48 6.70E—47
f cs 13 48 27.6000 6.4980
CvV 1.0 0 0 0 0
CcV 2.0 0 0 0 0
CV 3.0 0 0 0 0
fe cs 1.69E+04 9.62E+04 4.71E+04 1.62E+04
CV 1.0 1.32E-81 5.90E-65 5.92E-67 5.90E-66
CcV 2.0 7.79E—88 7.76E—69 8.14E-71 7.76E-70
CV 3.0 2.69E-71 1.64E-39 1.83E-41 1.65E—40
fs cs —9.52E+03  —-8.36E+03  —8.81E+03  2.14E+02
CV 1.0 —9.55E+03  —739E+03  —8.31E+03  3.75E+02
CV 2.0 —8.12E+03  —6.85E+03  —7.52E4+03  2.75E+02
CV 3.0 —-9.79E+03  —-792E+03  —8.71E+03  3.32E402
fia cs 2.19E-10 1.62E-04 5.21E-06 1.91E-05
CcV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Cv 2.0 0.00E—-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E—-00 0.00E-00
fis cs 1.1940 4.3962 2.8984 0.5593
CvV 1.0 0.0038 0.1288 0.0208 0.0141
CV 2.0 0.0071 9.6460 2.4805 3.1419
CV 3.0 0.0019 0.6402 0.0335 0.0889
fie cs 1.8313 7.6083 4.5154 1.1883
CV 1.0 0.1158 1.0545 0.4355 0.2003
CcV 2.0 0.1454 0.5364 0.2730 0.0828
CV 3.0 0.0410 0.4156 0.1220 0.0606
fiz cs 4.61E-14 1.56E—06 5.77E-08 2.25E-07
CV 1.0 0.00E-00 0.00E-00 0.00E—00 0.00E-00
CcV 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis CS 6.7923 15.7841 11.3448 1.3619
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 2.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 7.10E-15 7.10E-17 7.10E-16
fa0 cs —3.8628 —3.8628 —3.8628 1.89E-08
CcV 1.0 —3.8628 —3.8628 —3.8628 1.96E-14
Cv 2.0 —3.8628 —3.8628 —3.8628 6.66E—15
CV 3.0 —3.8628 —3.8628 —3.8628 6.28E-10
fn cs —3.3224 —3.3224 —3.3224 2.61E-06
CvV 1.0 —3.3224 —3.3224 —3.3224 6.53E-09
CV 2.0 -3.3224 -3.3224 —3.3224 1.48E-07
CV 3.0 —3.3224 —3.3224 —3.3224 6.04E—07
f cs -1.0316 -1.0316 -1.0316 1.38E-12
CvV 1.0 -1.0316 —-1.0316 —1.0316 1.58E-13
CcV 2.0 -1.0316 —-1.0316 —-1.0316 1.18E-15
CV 3.0 -1.0316 -1.0316 -1.0316 8.00E-12

CV 2.0 provides the best results in terms of best, worst, mean
and even standard deviation. In f; CV 1.0 provides better opti-
mum results. For rest of the variants, the results are compet-
itive. For fg, CV 1.0, CV 2.0 and CV 3.0 provide the same best
and worst and the comparison is in terms of mean and stan-
dard deviation. In this case, CV 1.0 is found to be the best. For
fis and fig it is found that CV 1.0 gave best results. For fig, the
values of best, worst, mean and standard deviation are exactly
zero for all the proposed variants and no one can be termed as
the best. For fig, CV 1.0 is better. For f5¢ and f5;, CV 1.0 gives
the best standard deviation and for fy;, CV 3.0 gives the best
results. In this case, CV 1.0 for eight functions, CV 2.0 for five
functions, CV 3.0 for two functions and CS is not better for any
function. So, overall CV 1.0 is found to be the best among all
the proposed variants for the population size of 60.

Population size 80: The results for this case are presented in
Table 10. For most of the functions, the results are similar to
that of the previous case of population size 60. For this case,
CV 1.0 is better for eight functions, CV 2.0 for five functions, CV
3.0 for two functions and CS for none. Hence again CV 1.0 is
better for this population size also.

- Population size 100: Simulation results for population size 100
are presented in Table 11. Here also the results are similar to
population size 60. For this case, we find that CS is found to
be better for none, CV 1.0 for eight functions, CV 2.0 for five
functions and CV 3.0 for two functions. This case also shows
that CV 1.0 is better for 100 population size.

Inference drawn: It can be seen from the Table 5, 8, 9, 10 and
11 that for variable population size, the change in the results
is large for 20 population size and as we move towards higher
population sizes, the change is only moderate. This change is
seen in only some of the unimodal and multi-modal functions
namely f, fy, fs, and fi3. But for rest of the test functions, there
are modest changes in the results. Overall, we can say that the
results don’t vary too much and thus any population size can
be taken as standard population size. Here for a fixed num-
ber of iterations, if we double the population size, the num-
ber of function evaluations also doubles. So, we can say that
if the number of iterations is 500 and population size is 20,
the number of function evaluations will be 10,000, for popula-
tion size of 40, maximum number of function evaluations be-
comes 20,000 and for the other three cases of 60, 80 and 100
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Table 7
Comparison of CV 1.0, CV 2.0, CV 3.0 and CS at p=0.95.
Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 84.0617 2.95E+02 1.47E+02 42.1674
CV 1.0 1.15E-86 3.56E-70 4.33E-72 3.57E-71
CcvV 2.0 5.65E-94 1.78E-68 1.79E-70 1.78E-69
CV 3.0 2.50E-78 1.36E-43 1.37E-45 1.36E-44
f cs 69 394 2.08E+02 58.9524
CvV 1.0 0 0 0 0
Ccv 2.0 0 0 0 0
CV 3.0 0 0 0 0
fe cs 2.01E+05 1.85E+06 8.85E+05 3.53E+05
CV 1.0 1.73E-87 2.68E—68 8.57E-70 3.56E—69
Ccv 2.0 2.80E-91 710E-69 1.49E-70 8.67E-70
CvV 3.0 1.39E-76 2.24E—46 2.85E—-41 2.30E-45
fs cs -1.03E+04  -9.31E+03  -9.79E+03  2.20E+02
CV 1.0 —1.02E+04  —8.01E+03  —9.00E+03  3.73E+02
Ccv 20 —8.96E+03  —7.02E4+03  —7.59E+03  3.13E+02
Cv 3.0 —1.06E+04  —9.19E+03 —9.78E+03  2.85E+02
fia cs 5.30E-05 0.1493 0.0529 0.0550
CV 1.0 0.00E-00 0.1456 0.0058 0.0287
v 20 0.00E-00 0.00E-00 0.00E-00 0.00E-00
CV 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis cs 1.2179 3.6053 2.8151 0.5646
CvV 1.0 0.0053 0.1497 0.0215 0.0186
CcvV 2.0 0.0066 3.6824 2.4880 3.6500
CV 3.0 0.0022 1.0463 0.0214 0.0744
fie cs 41138 20.332 11.801 2.8387
CvV 1.0 0.0681 1.1885 0.4924 0.2127
Ccv 2.0 0.0947 0.7503 0.2892 0.1100
CV 3.0 0.0555 0.4843 0.1540 0.0683
fiz cs 4.35E-05 0.5578 0.0435 0.0821
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Ccv 20 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Cv 3.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
fis cs 8.8965 14.2200 11.8011 1.0094
CV 1.0 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Ccv 20 0.00E-00 0.00E-00 0.00E-00 0.00E-00
Cv 3.0 0.00E-00 710E-15 1.42E-16 1.00E-15
fa0 cs —3.8627 —3.8101 —3.8592 7.40E-03
CV 1.0 —3.8628 —3.8628 —3.8628 1.68E—14
v 20 —3.8628 —3.8628 —3.8628 6.63E—15
CV 3.0 —3.8628 —3.8627 —3.8628 1.71E-05
fn cs —3.3224 -3.3179 -3.3219 4.72E-04
CvV 1.0 —3.3224 —3.3224 —3.3224 1.84E-07
CcvV 2.0 —3.3224 -3.3223 —3.3224 3.66E-08
CV 3.0 —3.3224 -3.3217 —3.3222 9.63E-05
fa2 cs —1.0316 —1.0316 -1.0316 6.06E—08
CvV 1.0 —-1.0316 —-1.0316 -1.0316 5.04E-12
Ccv 2.0 -1.0316 —-1.0316 -1.0316 2.75E-10
CV 3.0 -1.0316 —-1.0316 -1.0316 4.21E-07

population sizes, the maximum number of function evaluations
becomes 30,000, 40,000 and 50,000, respectively. But an algo-
rithm providing best results by using a minimum number of
function evaluations is always considered as the best one. For
the present case, since all the test functions provide same com-
parative results, so we can choose a population size of 20 as
the best population size.

5.4. Comparative study

From the above discussion, it is found that CV 1.0 is the best
among all the proposed variants. It can be seen from the infer-
ences in Section 5.3 that the optimum probability switch is taken
to be 0.5 and from the inferences in Section 5.4, it is evident that
population size of 20 is the best. The reason for no change in per-
formance at higher populations is because of the division of iter-
ations and population which helps in proper exploration and ex-
ploitation of the search space, helping the algorithm in achieving
better results by employing a minimum number of function eval-
uations. Now to prove CV 1.0 to be state-of-the-art, it is compared
with well-known algorithms. The major algorithms used in this pa-

per are GWO, CS, DE, BA, FA, FPA and parameter setting for these
algorithms is given in Table 2.

The simulation results for comparison are presented in Table 12.
It can be seen from the table that for functions f; and f;; FA, GWO,
CV 1.0, CV 2.0 and CV 3.0 are able to reach near optimum results
while other algorithms got stuck in some local minima, for these
function CV 2.0 is able to find the best values but in terms of
worst, mean and standard deviation, CV 1.0 was found to be the
best. So here we can say that CV 1.0 provides the best results for
this case. For f, GWO, CV 2.0 and CV 1.0 have equal performance
and it is not evident which algorithm is best among both. For f3,
fa f5, f10, f12 and fi4 CV 1.0 is the best and GWO, CV 2.0 and CV
3.0 are only slightly competitive with respect to it. For function f5,
f13, CV 2.0 is found to be the best. For function f; fy and fig only
the proposed algorithms are able to achieve global minima and no
other algorithm is able to match their performance. For fg, FA, CV
1.0, CV 2.0 and CV 3.0 are very competitive where as others pro-
vide highly deviated solutions. For f;;, only CV 1.0 achieves global
optimal, rest of functions stuck in local minima. For fi5 and fig,
CV 1.0, CV 2.0 and CV 3.0 are competitive but for these functions,
FA provides the best results. For CV 1.0 provides the best results.
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Comparison of CV 1.0, CV 2.0, CV 3.0 and CS for population size 40.
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Function  Algorithm  Best Worst Mean Standard Deviation
fi CS 9.3303 30.5712 18.0249 3.9600
CV 1.0 5.07E-99 711E-83 712E-85 711E-84
CvV 2.0 791E-105 2.54E-86 5.14E-88  3.30E-87
CV 3.0 1.64E-87 6.93E-64 6.98E-66  6.93E-65
f3 [ 0.0675 0.2562 0.1398 0.0389
CvV 1.0 4.27E-05 0.0050 0.0010 9.27E-04
CvV 2.0 4.07E-05 0.0213 0.0024 0.0027
CV 3.0 4.33E-04 0.0310 0.0059 0.0055
fa (& 0.04530 0.1642 0.0929 0.0232
CvV 1.0 2.00E-105  7.97E-88 1.35E-89  8.39E-89
CvV 2.0 137E-107 120E-90 1.39E-92  1.20E-91
CV 3.0 3.47E-90 9.88E-67 9.89E-69  9.88E-68
fe CS 1.43E+04 6.94E+04  3.84E+04  1.05E+04
CV 1.0 1.19E-95 1.75E-80 1.87E-82 1.75E-81
Cv 2.0 539E-102 8.65E-83 8.78E-85  8.65E-84
CV 3.0 6.58E—85 3.61E-64 6.40E-66  4.21E-65
fo CS 71409 15.4349 10.6564 1.7526
CV 1.0 8.88E—16 444E-15  138E-15 1.23E-15
CV 2.0 8.88E—16 4.44E-15 1.63E-15 1.45E-15
CV 3.0 8.88E—16 444E-15  2.20E-15 1.72E-15
fi3 [ 1.79E+02 8.11E+02 3.81E+02  95.1921
CV 1.0 5.26E-100 9.97E-85  2.02E-86  1.36E—85
CvV 2.0 4.68E-106 245E-85 2.75E-87 2.45E-86
CV 3.0 4.35E-87 7.89E-65  8.68E-67  7.92E-66
fis Cs 2.1853 5.5465 3.8651 0.6468
CV 1.0 0.0013 0.1233 0.0099 0.0220
CvV 2.0 0.0028 2.2010 0.0715 0.3003
CV 3.0 0.0027 0.5215 0.0227 0.0677
fie (& 3.8000 16.3724 8.3004 2.2980
CV 1.0 0.0371 0.4395 0.1718 0.0974
CvV 2.0 0.0640 0.5447 0.1982 0.0828
CV 3.0 0.0499 0.3148 0.1518 0.0578
fis (& 12.4288 18.4737 15.6275 1.2561
CV 1.0 0 0 0 0
Cv 2.0 0 0 0 0
CV 3.0 0 0 0 0
fio (& 1.88E—16 473E-09  5.85E-11 4.73E-10
CV 1.0 2.53E-24 6.84E-19 4.04E-20 1.07E-19
CV 2.0 7.05E-25 1.04E-16 4.49E-18 1.62E-17
CV 3.0 1.09E-18 1.01E-11 2.96E-13 112E-12
fo CS —3.8628 —3.8628 —3.8628 3.00E-13
CV 1.0 —3.8628 —3.8628 —3.8628 1.83E-14
CV 2.0 —3.8628 —3.8628 —3.8628 4.15E-14
CV 3.0 —3.8628 —3.8628 —3.8628 148E-13
fa CS —3.3224 —3.3224 —3.3224 2.14E-07
CV 1.0 -3.3224 -3.3224 —3.3224 1.46E-08
CvV 2.0 —3.3224 —3.3224 —3.3224 2.01E-07
CV 3.0 —3.3224 —3.3224 —3.3224 8.91E-08
f2 (& —-1.0316 -1.0316 —-1.0316 1.19E-15
CvV 1.0 —1.0316 -1.0316 —1.0316 4.73E-15
CvV 2.0 -1.0316 -1.0316 -1.0316 2.16E-15
CV 3.0 -1.0316 -1.0316 —-1.0316 1.07E-15
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For the fixed dimension function, CV 1.0, CV2 2.0 and CV 3.0 have
marginal variation in their performance and here CV 1.0 has an
upper edge for f,; and for function f,4 where results of CV 1.0 and
PSOGSA are same and it is not clear that which algorithm performs
better whereas for function f,9, CV 1.0 and CV 2.0 have the equiv-
alent performance and for f;; and f,3 CV 1.0 is the best. So, from
the twenty-four-function used in this comparison, CV 1.0 is found
to be better for seventeen functions, CV 2.0 for seven functions, CV
3.0 for four functions, FA for two functions, PSOGSA and GWO for
one function whereas DE, BA, BFP, and FPA were found to be best
for none. Note that all the proposed version are better than other
algorithms and among these three proposed variants, CV 1.0 is the
best.

For a generalized algorithm, because of extensive exploration
in the initial stages, the convergence is slow due to smaller steps
at the start but as the algorithm approaches towards the final
stages, intensive exploitations start, making the algorithm to move

faster. This property makes the algorithm to converge faster to-
wards the later stages. Both extensive exploration and exploita-
tion in any generalized algorithm ensure that the algorithm is ef-
ficient in achieving a balanced exploration and exploitation. From
the convergence profiles in the Fig. 2, it is evident that CV 1.0 is a
very good algorithm with the ability of extensive exploration, in-
tensive exploitation and maintaining a balance between the two.
Thus, both comparative results from Table 12 and convergence
plots from Fig. 2 validate the hypothesis of CV 1.0 to be consid-
ered in the category of highly competitive algorithms.

5.5. Statistical testing

To test the performance of the proposed CV 1.0 version,
Wilcoxon rank-sum test is performed (Derrac, Garcia, Molina, &
Herrera, 2011). This test uses two different samples of the popula-
tion and returns a p-value corresponding to the two. This p value
determines the significance of the two population sets. In terms
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Table 9

Comparison of CV 1.0, CV 2.0, CV 3.0 and CS for population size 60.

Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 13.9323 54.0312 33.4056 7.5642
CvV 1.0 2.76E-112 8.57E-94  2.05E-95 1.22E-94
CV 2.0 3.05E-121 4.66E-98 1.52E-99 7.07E-99
CV 3.0 3.86E-95 244E-73  2.44E-75 2.44E-74
fs cs 0.0719 0.2598 0.1675 0.0390
CvV 1.0 3.79E-05 0.0032 6.70E—04 4.88E-04
CV 2.0 4.91E-05 0.0074 0.0018 0.0014
CV 3.0 2.67E-04 0.0169 0.0031 0.0027
fa cs 0.0893 0.3221 0.1607 0.0362
CV 1.0 8.57E-113 579E-96  5.98E-98 5.79E-97
CV 2.0 6.07E-118  1.78E-99  1.99E-101  1.78E-100
CV 3.0 2.06E-98 2.26E-79  241E-81 2.26E-80
fe cs 2.14E+04 9.56E+04  6.07E+04 1.35E+04
CcV 1.0 1.82E-107  3.15E-91 7.21E-93 4.32E-92
CV 2.0 843E-111  716E-93 8.69E-95 7.25E-94
CV 3.0 4.35E-96 9.20E-72  9.20E-74 9.20E-73
fo cs 8.7049 15.4846 11.8192 1.2896
CvV 1.0 8.88E-16 444E-15  1.24E-15 1.07E-15
Cv 2.0 8.88E—16 4.44E-15 1.52E-15 1.37E-15
CV 3.0 8.88E-16 444E-15  2.30E-15 1.74E-15
fis cs 3.38E+02 1.16E+03 6.27E+02 1.68E+02
CvV 1.0 5.19E-111 5.65E-92  7.53E-94 5.73E-93
CV 2.0 2.03E-113 133E-95 1.61E-97 1.34E-96
CV 3.0 5.21E-101 1.08E-71 1.08E-73 1.08E-72
fis cs 2.6612 7.0328 4.6809 0.7840
CvV 1.0 3.08E-04 0.1081 0.0029 0.0107
CV 2.0 0.0028 2.1425 0.0497 0.2948
CV 3.0 0.0033 2.4923 0.0581 0.2949
fie cs 6.8706 21.7676 12.7678 2.7665
CV 1.0 0.0055 0.2659 0.0879 0.0550
CV 2.0 0.0368 0.4745 0.2041 0.0899
CV 3.0 0.0526 0.4800 0.1827 0.0779
fis cs 13.0020 21.2100 17.6203 1.3688
CcvV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CV 3.0 0 0 0 0
fio cs 2.63E-15 2.93E-11 1.94E-12 3.99E-12
CcvV 1.0 3.36E-23 236E-18  6.55E-20 2.58E-19
Cv 2.0 9.10E-22 6.57E-15 1.57E-16 7.57E-16
CV 3.0 8.98E-19 1.23E-12 1.16E-13 2.13E-13
fo cs —3.8628 —3.8628 —3.8628 2.56E—13
CvV 1.0 —3.8628 —3.8628 —3.8628 6.31E-15
CV 2.0 —3.8628 —3.8628 —3.8628 6.97E—15
CV 3.0 —3.8628 —3.8628 —3.8628 4.53E-13
f cs —3.3224 —3.3224 —3.3224 1.81E-07
CvV 1.0 —3.3224 —3.3224 —3.3224 2.72E-08
CV 2.0 —3.3224 —3.3224 —3.3224 143E-07
CV 3.0 —3.3224 —3.3224 —3.3224 6.51E-08
f2 cs -1.0316 -1.0316 —-1.0316 1.20E-15
CV 1.0 -1.0316 —1.0316 —1.0316 1.11E-14
CV 2.0 -1.0316 -1.0316 -1.0316 4.60E—-15
CV 3.0 -1.0316 —-1.0316 —-1.0316 1.02E-15

of algorithmic studies, two algorithms are tested using the same
method and corresponding p-value is checked at 5% level of sig-
nificance. If two algorithms satisfy these conditions, they are said
to be statistically significant. For the present case, the significance
of CV 1.0 is to be calculated with respect to others to prove its
efficiency statistically. This is done by comparing CV 1.0 with BA,
CV1.0/DE, CV 1.0/FA, CV 1.0/FPA, CV 1.0/BFP, CV 1.0/PSOGSA and
CV 1.0/GWO. Since we cannot compare the best algorithm with
itself, so NA (Not applicable) has been incorporated in its place.
The ‘~’ sign has been added where ever two algorithms provide
same statistical results. These algorithms are either identical or
don’t have any statistical relevance so can’t be compared (Salgotra
& Singh, 2017). The statistical results are presented in Table 13. It
can be seen from the table that CV 1.0 provides better statistical
significance of more than 80% of the cases and hence making it a
potential candidate for becoming a state-of-the-art algorithm.

5.6. Effect of dimension

From the comparative analysis, it is imperative that CV 1.0 is
the best-fit candidate for becoming a state-of-the-art algorithm.
But for any algorithm to be called as a generic problem solver, it
should be able to provide good results on higher dimension prob-
lems. So, to test this hypothesis, CV 1.0 is tested on higher dimen-
sion functions. Here from Table 1, seventeen functions consisting of
unimodal and multi-modal sets are used and four different dimen-
sion sizes are used to validate the results. The dimension set in-
cludes 30-dimensional functions whose comparisons are shown in
Section 5.5. For analyzing the effect of dimension, dimension sizes
of 50, 100, 500 and 1000 are used. Tables 14-17 present the re-
sults of the dimensional analysis. It is evident from the tables that
though the performance of CV 1.0 reduces to some extent with in-
crease in dimension with respect to the basic dimension size of 30,
the decrease in results is marginal. Also, the solution quality with
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Comparison of CV 1.0, CV 2.0, CV 3.0 and CS for population size 80.

Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 25.8047 73.2406 44.4418 9.4418
CvV 1.0 2.86E-115 1.20E-98 2.03E-100  1.99E-99
CV 2.0 1.25E-120 5.96E-103 8.63E-105 6.07E-104
CV 3.0 2.89E-108  8.30E-84 8.39E-86 8.30E-85
fz cs 0.0772 0.2926 0.1873 0.0418
CvV 1.0 2.85E-05 0.0013 4.46E—04 2.98E-04
CcV 2.0 1.54E-05 0.0047 0.0010 9.30E-04
CV 3.0 7.27E-05 0.0127 0.0029 7.82E-14
fa cs 0.1063 0.3253 0.2243 0.0025
CV 1.0 1.38E-119 1.56E-100  1.60E—102 1.56E-101
CcV 2.0 3.14E-123  7.12E-107 1.68E-108  8.90E-108
CV 3.0 2.61E-104  6.51E-89 1.47E-90 7.33E-90
fe cs 3.74E+04 1.22E+05 7.36E+04 1.57E+04
CV 1.0 4.18E-113 1.69E-95 1.93E-97 1.70E-96
CV 2.0 4.13E-117 1.23E-97 1.25E-99 1.23E-98
CV 3.0 3.30E-97 2.60E-80 2.60E—82 2.60E-81
fo cs 9.4334 14.7056 12.3275 1.2282
CV 1.0 8.88E-16 4.44E-15 1.10E-15 8.47E-16
Cv 2.0 8.88E—-16 4.44E-15 1.66E-15 147E-15
CV 3.0 8.88E—16 4.44E-15 1.98E-15 1.65E-15
fis cs 4.71E+02 1.30E+03 8.73E+02 1.75E+02
CvV 1.0 1.75E-113 5.52E-97 5.65E—-99 5.52E-98
CV 2.0 3.89E-123 3.56E-101 448E-103 3.66E—102
CV 3.0 2.86E-99 4.14E-82 4.26E-84 4.14E-83
fis cs 2.9452 7.7995 5.2843 0.7429
CvV 1.0 1.46E—04 0.0046 8.12E-04 6.98E—04
CcV 2.0 0.0020 0.2429 0.0105 0.0285
CV 3.0 0.0014 1.3381 0.0307 0.1497
fie cs 8.3627 25.294 16.432 3.5843
CV 1.0 0.0042 0.2344 0.0531 0.0491
CV 2.0 0.0485 0.5401 0.1849 0.0990
CV 3.0 0.0454 0.4043 0.1767 0.0742
fis CS 16.1464 20.9889 18.7617 1.0789
CV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CV 3.0 0 0 0 0
fio cs 2.36E-17 7.38E-11 2.81E-12 9.69E—12
CV 1.0 5.91E-23 1.93E-18 112E-19 2.36E-19
Cv 2.0 3.39E-21 4.14E-15 6.96E—17 4.26E—-16
CV 3.0 1.85E-16 7.90E-13 711E-14 141E-13
fo cs —3.8628 -3.8628 —3.8628 5.26E-13
CvV 1.0 —3.8628 —3.8628 —3.8628 2.23E-14
CV 2.0 —3.8628 —3.8628 —3.8628 5.82E-14
CV 3.0 —3.8628 —3.8628 —3.8628 1.04E-13
fan cs —3.3224 —3.3224 —3.3224 1.35E-07
CV 1.0 —3.3224 —3.3224 —3.3224 2.38E-08
CcV 2.0 —3.3224 —3.3224 —3.3224 3.28E-07
CV 3.0 —3.3224 —3.3224 —3.3224 6.86E—08
f cs -1.0316 -1.0316 -1.0316 718E-15
CV 1.0 —-1.0316 -1.0316 —-1.0316 4.34E-15
CV 2.0 -1.0316 -1.0316 -1.0316 4.94E-15
CV 3.0 -1.0316 -1.0316 -1.0316 1.03E-15

respect to other algorithms does not deviate from standard results
shown in Section 5.5 in Table 12. This shows that even with the
change in dimension size, the algorithm is able to provide global
optimal results. This is because of the presence of enhanced global
and local search phases. On a whole, we can say that CV 1.0 is a
very competitive algorithm and performs very well for higher di-
mension functions.

5.7. Comparison results for CEC 2015 benchmark problems

As a further extension, CV 1.0 is applied to CEC 2015 bench-
mark functions to prove its superiority over the other algorithms.
The CEC 2015 benchmark problems consist of fifteen functions
with a distribution of two unimodal functions, three multimodal
functions, three hybrid functions and seven composite functions.
All the problems are minimization problems and have bound con-
straints, shifted scalable and rotated functions. A general summary
of all the functions is given in Table 18 and for more detailed dis-

cussion one can refer to Liang, Qu, Wang, Suganthan, and Chen
(2014).These functions are highly complex functions and a maxi-
mum number of function evaluations recommended by Liang, Qu,
Wang, Suganthan, and Chen (2014) is 10, 000 x D, where D is the
problem dimension. In present case the dimension size is taken
to be 10, so the total number of function evaluations becomes
100,000. Also we know that, the total number of function evalu-
ations is equal to the population size multiplied by the total num-
ber of iterations or generations. So to achieve the total function
evaluations of 100,000, the population size is chosen to be 50 and
the maximum number of iterations is kept 2000, making the total
number of function evaluations same in both the cases.

From the results in Table 19, it can be seen that for function F;,
F, and Fg except from CV 1.0, no other algorithm is able to achieve
the global minima. Here for CV 1.0, the best, worst and mean val-
ues are exactly same as global minima. The standard deviation, in
this case, is also best for CV 1.0. For functions F; and F;, all the
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Table 11

Comparison of CV 1.0, CV 2.0, CV 3.0 and CS for population size 100.
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Function  Algorithm  Best Worst Mean Standard Deviation
fi cs 34.9296 74.4182 54.2697 8.9788
CvV 1.0 1.73E-118 3.18E-103 5.26E-105  3.53E-104
CV 2.0 5.84E-128 2.40E-104 240E-106 2.40E-105
CV 3.0 1.55E-111 3.47E-88 3.51E-90 3.47E-89
fz cs 0.0719 0.3276 0.2054 0.0571
CV 1.0 2.25E-05 0.0016 4.92E-04 3.57E-04
CcV 2.0 7.60E-05 0.0056 7.95E-04 7.68E—-04
CV 3.0 6.22E-05 0.0067 0.0015 8.37E-04
fa cs 0.1400 0.3889 0.2561 0.0013
CvV 1.0 2.60E-124  3.42E-107  8.17E-109 4.61E-108
CV 2.0 4.82E-128 6.09E-109 9.71E-111 7.02E-110
CV 3.0 2.13E-113 3.24E-94 4.22E-96 3.33E-95
fe cs 4.46E+04 1.29E+05 8.27E+04 1.61E+04
CV 1.0 5.61E-115 411E-101 7.84E-103 5.03E-102
CV 2.0 2.63E-125 215E-104 2.19E-106  2.15E-105
CV 3.0 3.60E-102  5.24E-—88 7.87E-90 5.44E—-89
fo cs 9.7686 15.4366 13.0067 1.0487
CV 1.0 8.88E—16 4.44E-15 117E-15 9.68E—16
Cv 2.0 8.88E-16 4.44E-15 1.70E-15 1.50E-15
CV 3.0 8.88E—-16 4.44E-15 2.06E—15 1.67E-15
fis cs 6.11E+02 1.82E+03 1.07E+03 2.15E+02
CvV 1.0 3.43E-117 435E-102  445E-104  4.34E-103
CV 2.0 3.92E-124 1.15E-107 2.31E-109  1.54E-108
CV 3.0 1.04E-108 1.62E-88 2.18E-90 1.69E—89
fis cs 3.3389 7.2958 5.6025 0.7273
CvV 1.0 6.90E—05 0.0026 4.53E-04 3.96E-04
CcV 2.0 0.0021 0.1301 0.0093 0.0207
CV 3.0 0.0025 1.4931 0.0546 0.2396
fie cs 9.6351 26.632 17.969 3.3586
CV 1.0 0.0014 0.1204 0.0249 0.0268
CV 2.0 0.0557 0.6394 0.2005 0.1053
CV 3.0 0.0491 0.3893 0.1596 0.0663
fis cs 171639 21570 19.2243 0.9863
CV 1.0 0 0 0 (1]
CV 2.0 0 0 0 0
CV 3.0 (1] 0 0 0
fio cs 8.62E—16 2.54E-11 1.60E-12 3.47E-12
CV 1.0 1.61E-22 2.35E-18 1.05E-19 2.77E-19
Cv 2.0 4.07E-20 1.32E-15 5.80E-17 1.66E-16
CV 3.0 6.86E—17 5.04E-13 5.45E-14 8.81E-14
fro cs —3.8628 —3.8628 —3.8628 1.76E-13
CcvV 1.0 —3.8628 —3.8628 —3.8628 1.97E-14
CV 2.0 —3.8628 —3.8628 —3.8628 2.22E-13
CV 3.0 —3.8628 —3.8628 —3.8628 9.00E-14
fn cs —3.3224 —3.3224 —3.3224 7.97E-08
CvV 1.0 —3.3224 -3.3224 -3.3224 2.27E-08
CcV 2.0 —3.3224 —3.3224 —3.3224 2.26E-07
CV 3.0 —3.3224 —3.3224 —3.3224 4.73E-08
f cs -1.0316 -1.0316 —-1.0316 1.25E-15
CV 1.0 —-1.0316 -1.0316 —1.0316 4.37E-15
CcV 2.0 -1.0316 -1.0316 -1.0316 1.31E-15
CV 3.0 -1.0316 -1.0316 -1.0316 1.02E-15

algorithms provide marginal variation from the global minima and
the comparative results among these algorithms are highly com-
petitive. Here standard deviation decides the best algorithm under
study and it can be seen that CV 1.0 provides the best results. For
functions Fy, F5, Fg Fip and Fy,, FA, GWO and CV 1.0 provide very
competitive results and it is very difficult to judge which one is the
best. Here based on the best value we can say that CV 1.0 provides
the best global optima for F, and for Fs, FA is the best and based
on standard deviation, FA provides best results for function Fy and
CV 1.0 for functions Fyy and Fy,. For function Fg, only CV 1.0 pro-
vides the best results. For function Fi3, all the algorithms are able
to achieve global minima and based on the standard deviation, BA
provides the best results. For Fi4 and Fys5, the variation in optimal-
ity is minimal, here PSOGSA is found to be the best for function
F14 and CV 1.0 for function F;5. Overall, we can say that FA is bet-
ter for two functions, BA for one function, PSOGSA for one function
and CV 1.0 for eleven functions. From this very observation, we can

say that CV 1.0 is a very competitive algorithm and performs bet-
ter than its other counterparts. The results of Wilcoxon rank-sum
test reported in Table 20 also validate the supremacy of CV 1.0 sta-
tistically.

5.8. Sensitivity study of parameter settings for the proposed CV
1.0/2.0/3.0 versions

It can be seen from the above results that all the three pro-
posed versions are good in terms of finding global minima and
are better than the other algorithms. These proposed algorithms
though are very efficient but their performance depends on cer-
tain set of parameters. The most important parameter is the switch
probability. A detailed discussion about this parameter is presented
in Section 5.2 and inferences about its use are discussed in that
particular section. It was found that, though there is marginal
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Comparison of CV 1.0 with the state-of-the-art algorithms.

Function  Algorithm  Best Worst Mean Standard Deviation
fi BA 8.28E+03 5.18E+04 2.56E+04 7.73E+03
BFP 3.98E+04 9.01E+04 6.63E+04 1.01E+04
CV 1.0 1.16E—-84 7.46E-71 7.61E-73 7.46E-72
CV 2.0 2.34E-93 1.04E-65 1.04E-67 1.04E-66
CV 3.0 1.08E-71 3.28E-45 3.48E-47 3.28E—-46
CS 2.09E+00 1.33E+01 5.79E+00 2.25E+00
DE 2.19E+04 8.92E+04 6.83E+04 1.02E+04
FA 0.0055 0.0385 0.0170 0.0068
FPA 1.07E+03 6.21E+03 3.15E+03 9.69E+02
GWO 8.69E-28 2.46E-24 7.70E-26 2.66E—-25
PSOGSA 1.2602 2.00E+04 4.03E+03 5.57E+03
fr BA 9328 52,816 2.69E+04 7.86E403
BFP 35,883 86,733 6.77E+04 1.07E+04
CV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CV 3.0 0 1 1.00E-02 1.00E-02
(& 8 35 1.69E+01 5.26E+00
DE 32,224 8.64E+04 6.81E+04 1.02E+04
FA 0 2 0.1600 0.3949
FPA 1060 5922 3.29E+03 1.01E+03
GWO 0 0 0 0
PSOGSA 231 20,388 5.37E+03 4.68E+03
f3 BA 4.5650 6.9961 14.4307 6.9961
BFP 38.8144 187.80 106.932 29.079
CV 1.0 1.57E-04 0.0012 0.0017 0.0012
CV 2.0 2.01E-04 0.0476 0.0068 0.0083
CV 3.0 1.00E-03 0.0419 0.0137 0.0108
(& 4.67E—-02 0.2670 0.1368 0.0376
DE 36.6303 26.1571 1.29E+02 26.1571
FA 0.0190 0.0487 0.0804 0.0487
FPA 0.0761 1.3440 0.5802 0.3440
GWO 2.33E-04 7.92E-04 0.0014 7.92E-04
PSOGSA 0.0543 8.3080 0.3791 0.8568
fa BA 4.6385 9.92E+02 1.82E+02 1.70E+02
BFP 1.12E+02 4.39E+03 5.15E+02 7.17E+02
CV 1.0 2.07E-87 1.60E-76 1.97E-75 1.62E-74
CV 2.0 2.92E-95 4.09E-71 4.09E-73 4.09E-72
CV 3.0 2.38E-82 1.16E-49 1.99E-51 1.34E-50
(& 1.05E-02 6.46E—02 3.21E-02 1.20E-02
DE 31.4995 1.03E+03 2.72E+02 1.83E+03
FA 8.4605 79.5762 34.4397 12.8443
FPA 52794 42.5364 17.5376 6.6479
GWO 4.24E-30 8.41E-28 1.73E-28 2.12E-28
PSOGSA 0.0646 75.0787 10.3139 16.2801
fs BA 1.35E-07 4.72E-06 1.05E-06 8.36E-07
BFP 0.1357 1.2790 0.5920 0.2262
CV 1.0 210E-268 2.63E-246 3.30E-248 0
CV 2.0 1.10E-165 1.84E-109  2.52E-111 1.95E-110
CV 3.0 5.02E-109  8.33E-59 8.33E-61 8.33E-60
CS 9.13E-15 4.61E-10 1.14E-11 5.22E-11
DE 0.1203 1.8686 0.9617 0.3539
FA 6.23E-08 1.48E-05 2.42E-06 2.50E-06
FPA 4.72E-08 3.28E-04 1.84E-05 3.95E-05
GWO 1.96E-102 4.36E-85 4.59E-87 4.36E-86
PSOGSA 3.61E-10 1.61E-07 3.04E-08 3.00E-08
fs BA 2.87E4+08 3.93E+09 1.17E+09 6.57E+08
BFP 7.26E+08 5.62E+09 2.83E4+09 9.23E+08
CV 1.0 6.24E—82 2.41E-69 5.82E-71 291E-70
CV 2.0 9.42E-92 1.42E-68 1.45E-70 1.42E-69
CV 3.0 212E-72 7.20E-44 1.35E-45 8.98E-45
CS 5.37E+03 3.15E+04 1.39E+04 6.44E+03
DE 1.10E+08 2.88E+09 8.06E+08 5.60E+08
FA 1.69E+06 3.73E+07 1.05E+07 6.34E+06
FPA 3.09E+06 5.51E+07 2.02E407 1.04E+07
GWO 1.37E-24 4.88E-21 1.89E-22 5.55E-22
PSOGSA 4.16E405 1.52E4+09 1.55E+08 2.50E+08
fr BA 2.75E-13 0.4890 0.1680 0.1290
BFP 0.0184 0.4940 0.3553 0.1150
CV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CV 3.0 0 0 0 0
(& 6.91E-13 6.24E-06 2.17E-07 9.35E-07
DE 0 0.4018 0.0793 0.0810

(continued on next page)
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Table 12 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
FA 3.51E-13 0.0031 3.12E-05 3.12E-04
FPA 2.90E-10 8.29E-06 4.03E-07 1.22E-06
GWO 0 0 0 0
PSOGSA 0 0.0677 0.0014 0.0071
fs BA —4.08E+227 —5.66E+24 —4.97E+225 5.69E+134
BFP —4.81E+15 —1.53E+03 —731E+13 5.06E+14
CV 1.0 —9.07E+03 —7.04E+03 —7.84E+03 3.77E+02
Cv 2.0 —8.44E+03 —6.87E+03 —7.52E+03 2.83E+02
CV 3.0 —8.85E+03 —7.11E+03 —7.95E+03 3.73E+02
(& —9.02E+03 —7.76E+03 —8.24E+03 2.53E+02
DE —139E+127 —5.04E+116 —2.32E+125 1.61E+125
FA —8.91E+03 —4.75E+03 —6.66E+03 8.38E+02
FPA —1.36E+40 —3.17E431 —3.46E+38 1.84E+38
GWO —8.65E+31 —2.24E+25 —2.10E+30 9.38E+31
PSOGSA —8.03E+03 —4.89E+03 —6.66E+03 7.41E+02
fo BA 11.8266 18.6199 16.9291 1.0371
BFP 19.7632 20.8843 20.4850 0.2579
CV 1.0 8.88E-16 4.44E-15 1.35E-15 1.20E-15
CV 2.0 8.88E-16 4.44E-15 2.02E-15 1.66E—-15
CV 3.0 8.88E-16 4.44E-15 2.14E-15 1.76E-15
(& 3.46E+00 12.6364 7.2292 2.0449
DE 16.9460 20.9508 20.1775 0.8037
FA 0.0344 0.9482 0.09397 0.1225
FPA 8.7570 14.9551 11.7919 1.2539
GWO 9.32E-14 4.20E-13 1.68E-13 5.16E-14
PSOGSA 9.8404 19.9631 17.5044 1.8909
fio BA 1.49E+02 5.21E+03 1.41E+03 1.07E+03
BFP 6.30E+03 3.07E+04 1.45E+04 5.08E+03
CV 1.0 0 0 0 0
CvV 2.0 1.10E-91 7.71E-15 7.80E—17 717E-15
CV 3.0 4.86E—75 2.34E-10 2.80E-12 2.38E-11
cs 0.2644 5.2889 1.9142 11353
DE 1.08E+03 1.49E-+04 5.21E+03 3.63E+03
FA 0.8101 64.7743 11.1998 9.7588
FPA 44.5663 4.19E+02 1.59E+02 83.4629
GWO 8.70E-07 1.14E-04 2.20E-05 2.27E-05
PSOGSA 0.0518 2.90E+03 66.2695 3.45E+02
fn BA 2.16E+04 1.03E+06 2.08E+05 1.68E+05
BFP 3.96E+05 2.83E+06 1.76E+06 5.11E+05
CV 1.0 0 0 0 0
Cv 2.0 0.6667 0.6695 0.6670 4.00E-04
CV 3.0 0.6670 0.6783 0.6696 1.70E-03
(& 2.7783 21.0306 8.0838 3.2242
DE 3.98E+05 2.75E+06 1.93E+06 4.21E4+05
FA 0.7051 1.09E+02 13.9782 22.7202
FPA 6.07E+02 1.83E+04 5.10E+03 3.37E+03
GWO 0.6667 0.6725 0.6668 5.83E-04
PSOGSA 0.667 3.88E+05 112E+04 5.16E+04
fi2 BA 2.82E+02 3.25E+05 9.83E+03 4.36E+04
BFP 4.43E+02 1.89E+03 1.40E+08 3.68E+08
CV 1.0 3.6E—266 3.6E-247 4.4E-249 0
CcvV 2.0 4.08E+00 6.23E+01 3.11E+01 1.35E+01
CV 3.0 2.88E+01 1.16E+02 5.89E+01 1.67E+01
(& 1.36E+02 3.47E+02 2.30E+02 4.57E+01
DE 1.54E+03 5.74E+05 2.44E+04 6.02E+04
FA 43.4116 3.38E+02 1.54E+02 54.7164
FPA 1.39E+02 1.81E+03 6.13E+02 3.11E+02
GWO 1.71E-07 0.4637 0.0117 0.0513
PSOGSA 35.4683 3.76E+02 1.40E+02 65.1312
fi3 BA 1.13E+05 1.17E4+06 3.65E+05 1.62E+05
BFP 6.66E+05 2.02E+06 1.55E+06 2.51E+05
CV 1.0 5.32E-89 3.07E-70 6.18E—-72 3.61E-71
CV 2.0 2.10E-96 1.84E-66 1.90E-68 1.84E-67
CV 3.0 3.34E-76 2.60E—-40 2.60E—42 2.60E-41
(& 3.66E+01 2.99E+02 1.22E+02 5.17E+01
DE 2.40E+05 2.07E+06 1.65E+06 3.07E+05
FA 1.7965 139.4007 31.5047 21.8411
FPA 3.40E+04 1.45E+05 7.49E+04 2.40E+04
GWO 1.83E-26 1.05E-23 8.64E-25 1.53E-25
PSOGSA 1.00E-29 2.50E+05 1.50+04 5.96E+04
fia BA 0.1456 76.0727 12.0498 14.0377
BFP 1.5980 3.73E+02 82.0362 75.9781
CV 1.0 0 0 0 0
CvV 2.0 0 0 0 0

(continued on next page)
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Table 12 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
CV 3.0 0 0 0 0
CS 1.11E-16 1.01E-07 1.56E—-09 1.05E-08
DE 0 14.1035 0.4844 1.6131
FA 3.36E-08 1.11E-05 2.06E-06 2.04E-06
FPA 1.05E-08 2.10E-04 1.45E-05 2.93E-05
GWO 0 0.1456 0.00873 0.0348
PSOGSA 0 0.5365 0.0904 0.0943
fis BA 2.72E+05 2.39E+08 4.64E+07 4.63E+07
BFP 9.38E+07 9.79E+08 5.60E+08 1.86E+02
CV 1.0 0.0071 13.4494 1.5052 2.5976
CV 2.0 0.0055 14.3060 2.2586 3.2817
CV 3.0 0.0018 3.4577 0.2927 0.6965
(& 1.3836 5.6063 3.5324 0.8679
DE 2.05E+08 9.80E+08 6.23E+08 1.57E+08
FA 1.71E-04 0.3937 0.0142 0.0479
FPA 11.0790 2.45E+05 4.50E+03 2.56E+04
GWO 0.0187 0.5673 0.0693 0.0617
PSOGSA 8.1835 2.56E+08 1.28E+07 5.60E+07
fis BA 1.03E+07  5.16E+08 1.36E+08  1.13E+08
BFP 2.39E+08 1.80E+09 1.05E+09 3.50E+08
CV 1.0 0.1067 1.2982 0.4382 0.1981
Cv 2.0 0.1202 0.7024 0.3016 0.1191
CV 3.0 0.0292 0.3018 0.1284 0.0518
CS 1.4167 17.7862 6.8440 3.4614
DE 7.53E+08 1.84E+09 1.22E+09 2.23E+08
FA 0.0011 0.0274 0.0066 0.0051
FPA 1.16E+03 2.76E+06 4.39E+05 5.34E+05
GWO 0.2134 14344 0.8340 0.2359
PSOGSA 28.8520 8.20E+08 3.69E+07  1.31E+08
fi7 BA 2.47E-08 12.9344 3.0346 3.0111
BFP 0.0106 19.8991 6.3343 4.1938
CV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CV 3.0 0 0 0 0
CS 0 7.30E-11 2.58E-12 7.30E-11
DE 0 5.3503 1.4886 11273
FA 9.29E-10 0.9950 0.0099 0.0995
FPA 4.04E-07 0.0535 0.0029 0.0073
GWO 0 0 0 0
PSOGSA 0 3.9798 0.6368 0.7940
fis BA 25.4258 44.2524 34.9182 3.9018
BFP 35.9973 511303 46.1738 2.8954
CV 1.0 0 0 0 0
CV 2.0 0 0 0 0
CVv 3.0 0 0 0 0
CS 8.2042 14.6325 11.7295 1.4052
DE 15.3664 40.7489 25.3598 4.3389
FA 13.0235 25.1890 18.7263 2.9922
FPA 27.7361 39.1185 34.7068 1.8148
GWO 142E-14 9.5890 2.0476 1.7815
PSOGSA 9.0048 26.4511 17.2063 3.4552
fio BA 2.01E-11  1.0926 0.1675 0.3073
BFP 1.20E-04 13.8882 17511 2.5430
CV 1.0 111E-29 3.68E-20 5.73E-22 3.77E-21
Cv 2.0 2.46E-31 1.10E-16 1.49E-18 112E-17
CV 3.0 2.80E-19 1.51E-11 3.78E-13 1.71E-12
CS 3.36E-17 1.01E-09 4.14E-11 1.63E-10
DE 0 0.4526 0.0087 0.0498
FA 7.27E-12 4.41E-09 1.01E-09 9.70E-10
FPA 4.22E-14 3.24E-05 1.45E-06 4.45E—-06
GWO 9.46E-10 0.4966 0.0245 0.1072
PSOGSA 8.30E-25 0.7621 0.1677 0.3173
fao BA —3.8628 -130E-10  —1.5088 15275
BFP —2.7902 —1.36E-77 —0.0869 0.3720
CV 1.0 —3.8628 —3.8627 —3.8627 2.64E-15
CV 2.0 —3.8628 —3.8628 —3.8628 6.65E—15
CV 3.0 —3.8628 —3.8628 —3.8628 6.86E—14
CS —3.8628 —3.8628 —3.8628 3.49E-13
DE —3.8628 -3.3718 —3.8525 0.0616
FA —3.8628 —3.8627 —3.8628 1.45E-07
FPA —3.8628 —2.5732 —3.8207 0.1602
GWO —3.8628 —3.8485 —3.8593 0.0050
PSOGSA —3.8628 —2.32E-05 —2.8477 14904
fa BA —3.3224 —3.1842 —3.2741 0.0595
BFP —3.1589 —0.6032 -1.9290 0.5449

(continued on next page)
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Table 12 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
CV 1.0 -3.3224 -33224 -3.3224 1.28E-08
CcvV 2.0 -3.3224 33224 -3.3224 4.16E-07
CV 3.0 -33224 33224 —3.3224 3.71E-07
CS -3.3224 33223 -3.3224 4.61E-06
DE -3.3224  -2.5067 —3.1668 0.1351
FA -33224  -3.0811 —3.2725 0.0690
FPA -3.3224  -3.1886 —3.2828 0.0360
GWO -3.3224  -2.8366 -3.2623 0.0901
PSOGSA -3.3224  -2.8104 -3.2510 0.1115
f2 BA -1.0316 2.1043 -0.9187 0.3921
BFP —1.0316 7.7792 0.0685 1.2546
CV 1.0 -1.0316 —1.0316 —1.0316 1.32E-15
CV 2.0 -1.0316 -1.0316 -1.0316 3.42E-15
CV 3.0 —1.0316 —1.0316 —1.0316 1.75E-15
CS —1.0316 —1.0316 —1.0316 141E-15
DE -1.0316 —0.8620 —1.0295 0.0172
FA —1.0316 —1.0316 —1.0316 3.95E-09
FPA —1.0316 -1.0316 -1.0316 2.17E-07
GWO -1.0316 —1.0316 —1.0316 1.71E-08
PSOGSA -1.0316 -1.0316 -1.0316 111E-15
fo3 BA —7.7026 —2.6872 —5.1747 11381
BFP —5.7377 —1.8558 —3.8721 0.7463
CV 1.0 —8.8318 —6.6938 —7.7693 0.4876
CvV 2.0 -84235  -6.6294 -8.3147 0.4255
CV 3.0 -9.3203  -7.9024 —8.6880 0.3150
CS -9.4115 —8.4752 —8.9059 0.2235
DE -9.5711 —6.8238 —7.8564 0.5938
FA -9.4846  -5.9727 —5.7255 0.8182
FPA —6.6186 —4.3771 —7.4287 0.3782
GWO -9.1372 —4.8622 —6.8307 0.8742
PSOGSA —8.8248  —3.0740 0.9596
foa BA -1.0000 -0.9779 —811E-05  0.2190
BFP -0.9604 -156E-20 —-0.1420 0.2638
CV 1.0 -1.0000 -1.0000 —1.0000 (1]
CvV 2.0 -1.0000 -1.0000 —1.0000 (1]
CV 3.0 -1.0000 -1.0000 —1.0000 2.23E-17
CS -1.0000 -1.0000 —1.0000 1.57E-17
DE —1.0000  —0.9985 -0.7911 0.0269
FA -1.0000 -1.0000 —1.0000 3.22E-09
FPA -1.0000 —-1.0000 —1.0000 1.05E-08
GWO -1.0000 —1.0000 —1.0000 4.12E-07
PSOGSA -1.0000 -1.0000 —1.0000 0
Table 13
p-test values of various algorithms.
Function  DE BA GWO FA FPA BFP PSOGSA CS CvV 2.0 CV 3.0 CvV 1.0
fi 2.56E-34  256E-34 256E-34 256E-34 256E-34 2.56E-34 2.56E-34 2.56E-34 593E-08 2.64E-34 NA
b 5.64E-39 563E-39 ~ 598E-05 5.64E-39  5.64E-39 564E-39 527E-39 ~ 3.22E-01 NA
f 256E-34  2.56E-34 NA 2.56E-34  2.56E-34  2.56E-34  2.56E-34  2.56E-34  4.07E-13  2.73E-26  0.3627
Ja 2.56E-34  256E-34 256E-34 256E-34 256E-34 2.56E-34 256E-34 256E-34 245E-06 2.39E-33 NA
fs 256E-34  256E-34  256E-34 256E-34  2.56E-34  256E-34 2.56E-34  2.56E-34 256E-34 256E-34 NA
fs 2.56E-34  2.56E-34  2.56E-34 256E-34 2.56E-34 256E-34 2.56E-34 2.56E-34 NA 9.84E-34  8.69E-10
N 2.15E-38 564E-39 ~ 564E-39  5.64E-39  5.64E-39  3.72E-04 5.64E-39 ~ ~ NA
fs 2.56E-34  256E-34 256E-34 256E-34 256E-34 9.60E-15 6.35E-25 434E-15  3.11E-02 1.90E-10 NA
fo 297e-37  2.97e-37 2.86e-37  2.97e-37 2.97e-37  297E-37  297E-37  297E-37 1.30E-03  2.46E-06 NA
Jio 5.64E-39  564E-39 5.64E-39 5.64E-39 5.64E-39  5.64E-39 564E-39  2.56E-34  140E-08  2.32E-31 NA
i 5.64E-39  5.64E-39 564E-39 564E-39 564E-39 564E-39 564E-39 564E-39 564E-34 564E-34 NA
Ji2 256E-34  256E-34  256E-34 256E-34  2.56E-34  256E-34 2.56E-34  2.56E-34 256E-34 2.56E-34 NA
fi3 256E-34  2.56E-34  2.56E-34  256E-34 2.56E-34 256E-34 2.56E-34 2.56E-34 NA 8.23E-34  1.91E-05
in 4.06F-36  5.64E-39  0.0133 564E-39  5.64E-39  5.64E-39  113E-17 5.64E-39 ~ ~ NA
fis 2.56E-34  2.56E-34 240E-34 NA 2.56E-34  256E-34  256E-34  1.84E-12 9.17E-01 4.72E-12 1.79E-24
Jis 2.56E-34  2.56E-34  2.56E-34 NA 2.56E-34  2.56E-34  2.56E-34  2.56E-34  2.32E-31 140E-08  2.56E-34
fi7 2.15E-38 564E-39 ~ 564E-39  5.64E-39  5.64E-39 6.02E-16  7.95E-32 ~ ~ NA
fis 5.64E-39  5.64E-39 5.62E-39 5.64E-39 5.64E-39 5.64E-39 5.64E-39 5.64E-39 ~ ~ NA
Jio 3.88E-11 256E-34  2.56E-34  2.56E-34 256E-34  2.56E-34 825E-14  2.56E-34  9.98E-09 256E-34 NA
Fo 2.18E-05 7.63E-37 7.63E-37 7.63E-37 7.63E-37 7.63E-37 6.58E-11 1.07E-33 7.00E-01 4.25E-31 NA
fa 2.56E-34  256E-34 256E-34  1.26E-25 2.56E-34  2.56E-34  0.0487 1.98E-14 1.64E-06  7.75E-02 NA
Jn 0.6950 1.54E-35 1.54E-35 1.54E-35 1.54E-35 1.54E-35 9.91E-11 1.92E-02  3.03E-01 6.08E-01 NA
P 7.99E-11 251E-32  0.0078 0.2974 2.56E-34  2.56E-34  4.64E-14  420E-33  150E-03  2.75E-27 NA
foa 271E-06  5.64E-39  5.64E-39 564E-39  2.15E-38 5.64E-39 ~ 1.58E-01 ~ 3.22E-01 NA
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Comparison of CV 1.0 with state-of-the-art for D =50.

Function  Algorithm Best Worst Mean Standard Deviation
fi BA 1.97E+04 8.02E+04 4.49E+04 1.31E+04
CV 1.0 3.12E-80 3.36E-66 4.12E-68 3.43E-67
DE 9.76E+04 1.50E+05 1.30E+05 9.80E+03
FA 0.0528 0.1772 0.1009 0.0247
FPA 4.43E+03 1.25E+04 7.63E+03 1.80E+03
GWO 6.16E-20 6.31E-18 9.75E-19 1.03E-18
BFP 7.43E+04 1.46E+05 1.20E+05 1.71E+04
PSOGSA 5.96E+02 3.18E+04 9.36E+03 7.28E+03
f BA 20,373 138,834 4.64E+04 1.65E+04
CV 1.0 0 0 0 (1]
DE 100,571 142,255 1.25E+05 8.64E+03
FA 0 4 0.9400 1.0900
FPA 4520 11,565 7.67E+03 1.58E+03
GWO 0 0 0 0
BFP 66,634 150,919 1.19E+05 1.77E+04
PSOGSA 4303 42,099 1.96E+04 7.71E+03
fi BA 2.4749 44.6535 14.9609 7.0858
CV 1.0 1.99E-05 0.0109 0.0019 0.0017
DE 46.7308 1.90E+02 1.31E4+02 29.0180
FA 0.0129 0.2820 0.0688 0.0466
FPA 0.1205 1.3552 0.5137 0.2693
GWO 2.29E-04 0.0041 0.0015 8.09E-04
BFP 24.1849 1.80E+02 1.02E+02 30.1528
PSOGSA 0.0584 0.6442 0.2710 0.0994
fa BA 27.6526 1.96E+03 3.13E+02 3.28E+02
CV 1.0 7.42E-85 2.42E-71 3.88E-73 2.54E-72
DE 1.12E+02 1.94E+03 4.08E+02 2.79E+02
FA 34.4326 1.43E+02 86.5176 19.7481
FPA 20.5215 80.3545 37.2576 10.7715
GWO 3.45E-23 1.17E-19 6.58E—21 1.34E-20
BFP 2.24E+02 7.54E+03 6.88E+02 8.77E+02
PSOGSA 2.6128 1.81E+02 26.2423 21.8542
fs BA 1.29E-07 8.55E-06 1.14E-06 1.08E—-06
CV 1.0 1.73E-180 1.82E-152 3.45E-154 2.39E-153
DE 0.4149 2.2686 1.2029 0.3870
FA 8.97E-08 2.25E-05 2.08E-06 2.54E—-06
FPA 3.92E-08 2.01E-04 1.86E-05 3.33E-05
GWO 1.62E-94 8.84E-74 8.89E-76 8.84E-75
BFP 0.0440 1.3743 0.6769 0.2979
PSOGSA 6.25E—09 1.55E-06 1.31E-07 1.72E-07
fe BA 2.36E+08 3.41E+09 1.23E+09 6.18E+08
CV 1.0 1.17E-81 3.06E-67 4.72E-69 3.44E-68
DE 2.25E+07 2.52E+09 7.31E+08 5.16E+08
FA 2.49E+06 4.11E+07 1.02E+07 5.80E+06
FPA 4.07E+06 8.02E+07 2.19E+07 1.32E+07
GWO 4.87E-25 3.80E-21 1.80E-22 4.20E-22
BFP 1.18E+09 5.23E+09 2.66E+09 7.79E+08
PSOGSA 1.79E+05 6.28E+08 1.22E+08 1.54E+08
fr BA 0.0031 0.4672 0.1803 0.1268
CV 1.0 02.05E-04 (1] (1] (1]
DE 1.35E-11 0.4519 0.1084 0.1050
FA 116E-10 0.0031 3.12E-05 3.12E-04
FPA 0 6.52E-06 3.64E-07 9.60E—-07
GWO 2.52E-04 0 0 0
BFP 0 0.4921 0.3320 0.1348
PSOGSA 0.0328 0.0012 0.0037
fs BA —1.39E+229  -9.26E+63 —139E+227  4.59E+185
CV 1.0 —1.30E+04 —1.01E+04 —113E+04 5.57E+02
DE —9.25E+124  —1.64E+113  —4.74E+123  1.62E+124
FA —1.64E+04 —7.22E4+03 —1.07E+04 1.38E+03
FPA —7.19E+40 —2.44E+32 —2.05E+39 9.07E+39
GWO —4.58E+31 —3.49E+21 —1.71E+30 5.42E+30
BFP —7.99E+17 —2.00E+03 —8.36E+15 7.99E+16
PSOGSA —1.31E+04 —7.88E+03 —1.01E+04 1.06E+03
fo BA 19.9917 20.1739 20.0204 0.0342
CV 1.0 8.88E—-16 19.9999 5.9101 9.0797
DE 20.4590 21.0044 20.6889 0.1249
FA 20.0576 20.2549 20.1346 0.0448
FPA 21.0532 21.3447 21.2558 0.0430
GWO 20.7586 21.3370 21.2450 0.0674
BFP 18.8740 20.9547 20.5472 0.3911
PSOGSA 16.6166 19.9517 18.6840 0.5916
fio BA 4.41E+02 1.45E+04 3.95E4+03 2.35E4+03
CV 1.0 1.78E-80 7.64E—10 7.90E-12 7.64E-11

(continued on next page)
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Table 14 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
DE 5.26E4+03  5.85E+04  2.71E+04 1.38E4+04
FA 5.6033 1.11E+02 36.53 211483
FPA 2.53E+02  1.42E+03 6.28E+02 2.27E+02
GWO 2.65E-06  1.89E-04  4.37E-05 3.89E-05
BFP 9.30E+03  5.73E+04  3.26E+04 9.37E+03
PSOGSA 2.4691 298E+03  1.89E+02 5.71E+02
fn BA 1.29E+05 2.12E+06 6.72E+05 4.57E+05
CV 1.0 0.6666 0.6667 0.6666 2.13E-05
DE 4.00E+06  8.83E4+06  6.40E+06 1.00E+06
FA 3.7667 2.25E+02  37.9455 44,6759
FPA 7.84E+03 1.17E+05 2.99E+04 1.59E+04
GWO 0.6666 0.6673 0.6667 9.09E-05
BFP 1.84E+06  8.21E+06  5.51E+06 1.46E+06
PSOGSA 22.9188 144E+06  1.30E+05 2.80E+05
fi2 BA 4.89E+02  2.75E4+07  4.42E+05 2.94E+06
CV 1.0 1.02E+02 3.77E+02  2.07E+02 58.8994
DE 2.23E+03  2.64E+06  1.24E+05 2.89E+05
FA 291E+02  7.91E+02 5.01E+02 1.12E+02
FPA 7.39E+02 7.81E+03 2.77E4+03 1.47E+03
GWO 0.1630 4.66E+02  52.39 73.3810
BFP 1.63E+03 213E+11 8.06E+09 2.42E+10
PSOGSA 3.73E+02 1.07E+03 6.67E+02 1.37E+02
fi3 BA 1.69E+06  8.40E+06  3.72E+06 1.35E+06
CV 1.0 412E-80 7.10E—-66 1.26E— 8.04E—-67
DE 1.02E+07 1.50E+07 671.25E+07  9.74E+05
FA 1.44E+02 1.15E+03 5.49E+02 2.01E+02
FPA 3.51E+05 1.14E+06 7.02E405 1.53E+05
GWO 2.28E-18 6.96E—-16 1.04E-16 119E-16
BFP 1.29E4+06  3.55E+06  2.761E+06 5.22E+05
PSOGSA 0.0487 2.50E+05  1.75E+04 6.41E+04
fia BA 1.83E+02 8.54E+02  4.20E+02 1.31E+02
CV 1.0 0 0.0762 0.0010 0.0079
DE 9.24E+02 1.32E+03 1.16E403 79.1890
FA 0.0154 0.0885 0.0388 0.0125
FPA 40.9002 1.07E+02 65.4108 12.7698
GWO 0 0.0414 0.0065 0.0110
BFP 0.9086 3.92E+02  79.5364 77.0673
PSOGSA 0 0.1954 0.0816 0.0765
fis BA 8.85E+06  7.47E+08 1.31E+08 1.16E+08
CV 1.0 0.0105 10.3264 0.6086 1.8601
DE 6.95E+08  1.80E+09 1.25E4+09 2.17E+08
FA 242E-04  5.9320 1.4757 1.4027
FPA 16.9266 439E+05  4.50E+04 8.69E+04
GWO 0.0135 0.7330 0.1306 0.1302
BFP 1.14E+08 1.66E+09 1.06E+09 3.41E+08
PSOGSA 449E+03  5.12E+08 9.51E+07 1.56E+08
fis BA 2.77E+07  9.81E4+08  2.83E+08 1.78E+08
CV 1.0 0.2024 1.0672 0.5238 0.1801
DE 1.35E+09  3.05E+09  2.40E+09 3.14E+08
FA 0.0012 19.1050 0.3026 2.0883
FPA 1.32E4+05 9.69E+06  1.83E+06 1.67E+06
GWO 0.2998 1.8559 1.2334 0.3075
BFP 3.87E+08  3.08E+09  1.96E+09 6.61E+08
PSOGSA 7.42E+04 1.23E4+09 1.28E408 2.22E+08
fi7 BA 1.00E+02  3.90E+02  1.93E+02 61.6807
CV 1.0 0 3.29E+02  1.80E+02 1.06E+02
DE 6.49E+02  8.64E+02  7.87E+02 39.9670
FA 69.0339 1.96E+02 1.25E4+02 273938
FPA 2.91E+02  4.04E+02  3.60E+02 21.0419
GWO 2.84E-13 52.9028 6.5015 71207
BFP 1.57E-06 17.7019 6.7410 3.9040
PSOGSA 0 4.9747 0.8158 0.9420

effect of switch probability on the performance of all the proposed
variants, a probability value of 0.5 gives better results for most of
the cases. Apart from this parameter, population size is also an im-
portant parameter and it can be seen from Section 5.3 that with
increase in population size, there is marginal variation in results
but the computational complexity increases many folds. A detailed
discussion about the same is given in Section 5.3 and it was found
that for all the proposed versions, the population size of 20 is op-
timal. One more parameter which has been added to the newly
proposed algorithms is the @ parameter. This parameter acts as

deciding factor for controlling the extent of exploration and ex-
ploitation in case of GWO (Mirjalili et al., 2014). In present case,
this parameter is used for second half of the iterations. So that
the search equations employing Cauchy mutation operator are able
to provide proper exploration operation in the first half of itera-
tions and after that @ parameter guides the algorithm to converge
to global solution towards the second half of iterations. The value
of this parameter is generally linearly decreasing in the range of 2
to 0. Apart from this there is no other parameter which is neces-
sary for the operation of the proposed versions. Note that present



R. Salgotra et al./Expert Systems With Applications 95 (2018) 384-420 407

Table 15
Comparison of various algorithms at D = 100.

Function  Algorithm Best Worst Mean Standard Deviation

fi BA 4.47E+04 1.60E+05 9.48E+04 2.37E+04
CvV 1.0 7.12E-80 3.39E-64 5.56E—66 3.72E-65
DE 2.38E+05 3.17E+05 2.78E+05 1.51E+04
FA 1.3331 1.05E+02 15.3040 18.2001
FPA 1.20E+04 2.80E+04 1.87E+04 3.09E+03
GWO 1.55E-12 9.85E-11 1.25E-11 1.32E-11
BFP 1.32E+05 3.10E+05 2.56E+05 3.92E+04
PSOGSA 1.89E+04 8.97E+04 5.53E+04 1.57E+04

f BA 4940 1920 9.80E+04 2.71E+04
CvV 1.0 0 0 (1] (1]
DE 2397 3041 2.79E+05 1.32E+04
FA 23 347 89.2500 56.5695
FPA 1303 2630 1.84E+04 2.81E+03
GWO 0 0 0 0
BFP 134,762 307,310 2.54E+05 4.08E+04
PSOGSA 41,230 108,669 7.40E+04 1.61E+04

fz BA 1.8989 53.9159 17.0121 10.0332
CvV 1.0 6.48E-05 0.0055 0.0017 0.0011
DE 541812 1.78E+02 1.22E+02 26.3385
FA 0.0111 0.1976 0.0674 0.0413
FPA 0.1335 1.5332 0.5436 0.2461
GWO 1.10E-04 0.0037 0.0014 7.16E-04
BFP 18.9062 1.66E+02 1.06E+02 28.7360
PSOGSA 0.0968 0.5750 0.2671 0.0980

fa BA 91.5310 2.03E+03 5.14E+02 2.75E+02
CvV 1.0 2.73E-80 1.81E-65 1.87E-67 1.81E-66
DE 3.59E+02 3.69E+03 8.94E+02 5.94E+02
FA 1.44E+02 3.44E+02 2.44E+02 38.4330
FPA 47.9007 1.81E+02 84.5641 22.5370
GWO 4.77E-15 2.41E-13 4.24E—-14 3.94E-14
BFP 4.41E+02 9.83E+03 1.28E+03 1.14E+03
PSOGSA 42.8679 2.53E+02 1.04E+02 36.3011

fs BA 1.14E-07 8.51E-06 1.25E-06 1.32E-06
CvV 1.0 6.39E-185 6.66E—143 7.00E-145 6.671E-144
DE 0.4643 2.7975 1.6391 0.4847
FA 2.22E-07 1.79E-05 3.11E-06 3.20E-06
FPA 3.40E-07 0.0010 4.64E—05 1.24E-04
GWO 1.98E-70 1.77E-31 1.77E-33 1.77E-32
BFP 0.1457 2.0068 0.9084 0.4702
PSOGSA 3.57E-08 1.14E-05 8.72E-07 1.58E-06

fe BA 3.13E408 4.19E4-09 1.24E+09 6.45E+08
CV 1.0 1.19E-82 1.59E-69 3.20E-71 1.70E-70
DE 3.13E407 3.21E4+09 9.38E+08 7.03E408
FA 2.54E+06 2.91E+07 1.05E+07 5.22E+06
FPA 5.13E+06 7.40E+07 2.17E+07 1.44E+07
GWO 3.62E-25 8.45E-22 9.28E-23 1.49E-22
BFP 9.38E+08 5.28E+09 2.87E+09 9.06E+08
PSOGSA 3.44E+05 1.38E+09 1.70E+08 2.50E+08

f7 BA 5.72E-14 0.4592 0.1647 0.1330
CvV 1.0 (1] 0 (1] (1]
DE 0.0018 0.4577 0.1202 0.1160
FA 418E-12 0.0031 3.12E-05 3.12E-04
FPA 1.38E-10 1.04E-05 3.61E-07 1.20E-06
GWO 0 0 0 0
BFP 3.50E-04 0.4946 0.3215 0.1224
PSOGSA 0 0.0123 0.0013 0.0029

fs BA —131E+226  —6.28E+80 —1.89E+224  7.89E+123
CvV 1.0 —2.95E+04 —1.54E+04 —1.80E+04 1.60E+03
DE —196E+126  —521E+114  —2.02E+124  1.96E+125
FA —2.73E+04 —1.53E+04 —2.04E+04 2.29E+03
FPA —3.25E+40 —7.57E+31 —7.21E+38 3.88E+39
GWO —8.84E+31 —1.90E+22 —2.62E+30 1.23E+31
BFP —9.49E+16 —2.69E+03 —9.57E+14 9.49E+15
PSOGSA —1.89E+04 —1.25E+04 —1.54E+04 1.42E+03

fo BA 20.0474 20.5516 20.2956 0.1078
CvV 1.0 8.88E-16 19.9999 47994 8.5828
DE 20.7544 21.2920 21.0000 0.1004
FA 20.2002 204781 20.3231 0.0532
FPA 21.3343 21.4573 21.4061 0.0243
GWO 21.2039 21.4624 21.4067 0.0375
BFP 19.6578 21.0411 20.7464 0.3105
PSOGSA 18.9430 19.9667 19.4067 0.2950

fio BA 1.66E+03 3.00E+04 111E+04 5.63E+03
CV 1.0 1.37E-78 9.53E-15 1.21E-16 9.86E-16

(continued on next page)
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Table 15 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
DE 5.78E+04 1.42E+05 1.07E+05 1.78E+04
FA 79.8549 3.60E+02 1.66E+02 56.2953
FPA 9.99E+02  4.21E+03  2.09E+03  6.07E+02
GWO 3.76E-06 7.79E-04 1.19E-04 1.13E-04
BFP 2.17E+04 1.36E+05 9.37E+04 2.40E+04
PSOGSA 1.21E+02 4.92E+03 7.69E+02 1.02E+03
fn BA 5.54E+05 9.75E+06 3.49E+06 2.08E+06
CV 1.0 0.6666 0.6669 0.6667 4.03E-05
DE 2.15E+07 3.43E+07 2.91E+07 2.74E+06
FA 2.56E+02 413E+03 1.19E+03 8.97E+02
FPA 7.16E+04 3.68E+05 1.82E+05 6.64E+04
GWO 0.6666 1.0000 0.6968 0.0958
BFP 7.64E+06 3.29E+07 2.44E+07 6.81E+06
PSOGSA 2.60E+04 5.81E+06 7.13E+05 1.17E+06
fi2 BA 3.73E+03 2.61E+11 5.64E+09 3.60E+10
CV 1.0 2.39E+02 1.20E403 6.24E+02 2.03E+02
DE 1.34E+04 2.53E+07 1.67E+06 3.32E+06
FA 1.10E+03 2.68E+03 1.67E+03 2.98E+02
FPA 4.46E+03 7.88E+04 1.83E+04 1.29E+04
GWO 1.03E+03 9.18E+03 3.17E+03 1.52E+03
BFP 1.42E+05 7.74E+13 4.14E+12 1.06E+13
PSOGSA 1.61E+03 3.28E+03 2.46E+03 2.78E+02
fi3 BA 409E+06  1.60E+07  7.67E+06  2.19E+06
CV 1.0 3.41E-78 1.90E-60 1.90E-62 1.90E-61
DE 2.39E+07 2.97E+07 2.75E+07 1.30E+06
FA 4.33E+03 3.28E+04 1.13E+04 5.08E+03
FPA 1.22E+06 2.70E+06 1.83E+06 3.03E+05
GWO 6.14E-11 4.99E-09 1.24E-09 9.58E-10
BFP 3.08E+06 7.53E+06 6.27E+06 1.01E+06
PSOGSA 1.40E+04 5.10E+05 8.94E+04 9.86E+04
fia BA 4.03E4+02 2.08E+03 8.85E+02 2.73E+02
CV 1.0 0 0.0459 4.59E-04 0.0045
DE 2.02E+03  2.80E+03  2.51E+03 1.62E+02
FA 0.2492 1.9763 1.0064 0.3483
FPA 1.074+02 2.38E+02 1.62E+02 23.3319
GWO 741E-13 0.0525 0.0043 0.0117
BFP 0.2088 3.85E+02 87.3903 76.5991
PSOGSA 0 0.1954 0.0631 0.0751
fis BA 2.39E+07 8.35E+08 2.16E+08 1.73E+08
CV 1.0 0.0115 8.1374 0.2423 11115
DE 2.06E+09 3.56E+09 2.86E+09 2.83E+08
FA 4.6136 24.5477 9.6186 41352
FPA 1.39E+04 4.02E+06 5.70E+05 6.88E+05
GWO 0.0461 0.8856 0.2668 0.1775
BFP 3.06E+08 3.48E+09 2.44E+09 8.24E+08
PSOGSA 4.09E+05 1.02E409 3.39E+08 2.73E+08
fie BA 7.76E+07 2.80E+09 5.92E+08 4.36E+08
CV 1.0 0.1751 1.3981 0.6610 0.2394
DE 4.15E+09 6.64E+09 5.51E+09 5.24E+08
FA 21.7214 77.9825 44,5877 10.2230
FPA 1.11E4+06 3.08E+07 8.08E+06 5.00E+06
GWO 0.6879 2.5262 1.7598 0.2889
BFP 7.03E+08  637E+09  4.48E+09  1.40E+09
PSOGSA 3.80E+07 1.67E+09 5.71E+08 4.17E+08
fi7 BA 3.36E+02 7.50E+02 4.91E+02 86.2923
CV 1.0 0 711E402 2.77E+02 3.10E+02,
DE 1.53E+03 1.76E+03 1.66E+03 53.8458
FA 2.60E+02 5.05+02 3.78E+02 51.5388
FPA 7.67E+02 9.21E+02 8.34E+02 32.9445
GWO 4.55E-08 55.2733 13.7500 8.8135
BFP 0.0650 17.2668 6.4704 41493
PSOGSA 0 49747 0.6765 0.8109

set of parameter values fit better for the benchmark problems only
and may not be good for all the problems. So as per the problem
requirement, a standard parametric study is required to be done
before the application of these set of parameters.

5.9. Summary of results
5.9.1. Main findings from the obtained results

The basic CS algorithm though is competitive but is limited
in scope. Also, the already available works on either applications

or modifications don’t provide proper justification. So in order to
improve its performance, three versions of CS algorithms namely
CV 1.0, CV 2.0 and CV 3.0 are proposed in this work and it has
been found that CV 1.0 is best among them. The performance of
CV 1.0 is better because of the presence of Cauchy based explo-
ration which because of its heavy tail, searches the search space in
a much better way and helps to improve the exploration of basic
CS algorithm. Further, use of dual local search makes the algorithm
efficient in exploiting the search to the best of its potential. Both
these phases add up to improve the performance of CS algorithm.
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Comparison of various algorithms for D =500.

Function  Algorithm  Best Worst Mean Standard Deviation

fi BA 2.75E+05 9.43E+05 5.27E+05 1.45E+05
CV 1.0 8.89E-73 7.68E—60 2.15E-61 9.86E—61
DE 1.44E+06 1.62E+06 1.54E406 3.40E+04
FA 1.67E+05 3.15E405 2.23E+05 2.62E+04
FPA 8.78E+04 1.30E+05 1.09E+05 9.34E+03
GWO 0.0058 0.0685 0.0203 0.0108
BFP 6.56E+05 1.59E+06 1.30E+06 3.02E+05
PSOGSA 7.87E+05 9.97E+05 8.96E+05 4.47E+04

f BA 2886 9200 5.09E+05 1.42E+05
CV 1.0 (1] 0 0 0
DE 1478 1597 1.54E+06 2.80E+04
FA 1811 3013 2.33E4+05 2.67E+04
FPA 8700 1456 1.10E+05 1.04E+04
GWO 0 28 6.3500 4.9305
BFP 534,485 1,604,304 1.32E+06 2.96E+05
PSOGSA 817,585 1,069,668 9.46E+05 5.64E+04

f3 BA 3.2426 41.0137 15.1707 8.6836
CV 1.0 1.88E-04 0.0087 0.0018 0.0014
DE 51.6107 1.87E+02 1.18E+02 28.0228
FA 0.0235 0.2053 0.0902 0.0393
FPA 0.1516 2.0431 0.5759 0.3115
GWO 3.13E-04 0.0037 0.0014 7.35E-04
BFP 24.0323 1.58E+02 1.02E402 27.2077
PSOGSA 0.1059 8.3756 0.3607 0.8159

fa BA 9.33E402 6.15E+03 2.35E+03 9.86E+02
CV 1.0 4.92E-75 4.09E-62 5.27E-64 4.14E-63
DE 2.21E+03 1.07E+04 3.87E+03 1.78E+03
FA 1.58E+03 1.98E+03 1.79E+03 83.4352
FPA 2.91E+02 7.12E+02 4.34E+02 88.5107
GWO 2.02E-05 3.22E-04 7.58E—-05 5.30E-05
BFP 2.19E+03 9.95E+03 4.45E+03 9.26E+02
PSOGSA 1.15E+03 2.24E+03 1.63E+03 2.55E+02

fs BA 1.42E-07 1.16E-05 1.38E-06 1.54E-06
CV 1.0 2.25E-181 3.89E-137 3.89E-139 3.89E-138
DE 1.5427 41305 2.7195 0.5583
FA 8.88E-06 1.8202 0.5153 0.3753
FPA 5.12E-07 0.0013 9.96E-05 1.73E-04
GWO 6.15E-12 0.0042 1.02E-04 4.47E-04
BFP 0.2005 3.2416 1.4363 0.7457
PSOGSA 4.36E-07 0.0147 0.0022 0.0025

fe BA 1.79E+08 3.56E+09 1.31E+09 7.27E+08
CV 1.0 1.31E-82 4.89E-66 4.91E-68 4.89E-67
DE 8.43E+07 4.50E+09 1.59E+09 1.13E+09
FA 3.04E+06 3.16E4-07 9.77E+06 4.94E+06
FPA 4.55E+06 5.23E+07 2.13E+07 1.14E+07
GWO 8.84E-25 2.21E-21 1.07E-22 2.73E-22
BFP 1.08E+09 5.49E+09 2.65E+09 9.29E+08
PSOGSA 5.68E+05 1.67E+09 1.09E+08 2.17E+08

fr BA 8.35E-05 0.4779 0.1604 0.1255
CV 1.0 0 0 0 0
DE 3.52E-04 0.4864 0.1508 0.1034
FA 3.37E-12 0.0024 2.40E-05 2.40E-04
FPA 3.66E-10 2.57E-06 2.03E-07 3.60E-07
GWO 0 0 0 0
BFP 0.0063 0.4918 0.3504 0.1225
PSOGSA 0 0.0242 0.0010 0.0032

fs BA —2.10E+227 —211E+129  -2.47E+225  4.5E+153
CV 1.0 —1.49E+05 —1.06E+05 —1.41E+05 6.58E+03
DE —6.29E+122  —-710E+106  —1.30E+121 7.09E+121
FA —9.15E+04 —5.80E+04 —7.16E+04 6.89E+03
FPA —6.60E-+41 —2.10E+32 —9.91E+39 6.76E+40
GWO —2.62E+30 —4.87E+04 —139E+29 4.92E+29
BFP —3.77E+17 —8.52E+03 —5.26E+15 3.97E+16
PSOGSA —4.51E+04 —2.64E+04 —3.60E+04 3.64E+03

fo BA 20.9511 21.2094 211278 0.0490
CV 1.0 8.88E—16 19.9999 51975 8.8126
DE 21.3177 21.5686 21.4081 0.0468
FA 20.8617 21.0433 20.9500 0.0406
FPA 21.5111 21.6075 21.5873 0.0129
GWO 21.5544 21.6111 21.5866 0.0120
BFP 18.9093 21.1416 20.9132 0.3458
PSOGSA 19.9598 20.5152 20.2136 0.1810

fio BA 2.61E+04 2.60E+05 9.08E+04 4.50E+04
CV 1.0 5.62E-75 9.30E-20 9.30E-22 9.30E-21

(continued on next page)
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Table 16 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
DE 597E4+05  8.46E+05  7.61E+05 4.67E+04
FA 199E+04  3.94E+04  2.99E+04  4.48E+03
FPA 1.11E+04 2.06E+04  1.43E+04 1.83E+03
GWO 0.0142 35.1084 1.6992 5.2841
BFP 1.77E+05 8.57E+05  6.12E+05 1.97E+05
PSOGSA 2.55E4+04  7.01E+04  4.62E+04  8.79E+03
fn BA 2.53E+07  3.41E+08 1.13E+08 5.55E+07
CV 1.0 0.6666 0.6673 0.6667 1.06E-04
DE 7.87E+08  9.55E+08  8.73E+08  3.49E+07
FA 1.59E+07 5.32E+07  3.05E+07  6.86E+06
FPA 430E+06  1.25E+07  6.95E+06  1.80E+06
GWO 10.5367 230E+03  1.75E+02  3.11E+02
BFP 1.88E+08  9.47E+08  7.56E+08 2.08E+08
PSOGSA 6.90E+07  2.08E+08  115E+08 2.59E4+07
fi2 BA 1.48E+05 147E+17 2.94E+15 1.79E+16
CV 1.0 5.18E+03 1.00E+10 1.06E+08 1.00E+09
DE 9.80E+05  7.34E+09 5.92E+08  1.06E+09
FA 1.07E+04  1.95E+04 1.42E+04 1.61E+03
FPA 1.37E+05 6.82E+07  3.39E+06  8.09E+06
GWO 4.85E+04  2.53E+05  1.07E+05  4.12E+04
BFP 5.04E+07  6.05E+19  3.73E+18 9.75E+18
PSOGSA 1.57E+04 1.82E+04 1.70E+04  4.91E+02
fi3 BA 241E4+07  8.78E+07  4.75E4+07  1.39E+07
CV 1.0 3.54E-71 1.63E-56 1.92E-58 1.64E-57
DE 1.42E+08 1.61E+08 1.53E+08 3.28E+06
FA 1.64E4+07  2.85E4+07  2.26E+07  2.71E+06
FPA 8.83E+06  1.51E+07 1.11E+07 1.08E+06
GWO 0.5426 53134 1.9521 0.9628
BFP 1.22E407 3.99E+07  3.17E+07 7.82E+06
PSOGSA 7.20E+06 1.27E4+07 9.94E+06  1.30E+06
fia BA 1.88E+03 1.09E4+04  4.62E+03  147E+03
CV 1.0 0 (1] 0 0
DE 1.29E+04 1.45E+04 1.38E+04  3.12E+02
FA 148E+03  2.76E+03  2.04E+03  2.36E+02
FPA 7.84E+02 1.49E+03 1.00E+03 1.11E+02
GWO 7.78E-04  0.2018 0.0299 0.0617
BFP 3.3305 3.16E+02 69.9947 66.4696
PSOGSA 0 0.3870 0.0743 0.0817
fis BA 136E4+08  5.55E+09  143E+09  9.70E+08
CV 1.0 0.0156 0.4033 0.0684 0.0578
DE 1.58E+10 1.93E+10 1.78E+10 7.05E+08
FA 5.66E+07  4.40E+08  1.83E+08 7.44E+07
FPA 2.30E4+06  3.88E+07  9.81E+06  5.34E+06
GWO 0.3697 16.4043 4.0357 3.0288
BFP 1.51E+09 1.92E+10 1.36E+10 5.60E+09
PSOGSA 4.11E+09 799E+09  6.22E+09  8.89E+08
fis BA 6.02E+08  1.29E+10 3.52E+09  2.23E+09
CV 1.0 04359 1.00E+10 1.00E+08  9.99E+08
DE 2.78E+10  3.46E+10  3.25E+10 1.28E+09
FA 2.89E4+08  1.28E+09  6.85E+08  2.09E+08
FPA 3.19E+07 1.58E+08 7.83E+07 2.36E+07
GWO 2.4954 29.4601 8.2120 4.7102
BFP 3.57E+09  345E+10  2.62E+10  9.34E+09
PSOGSA 8.59E+09  1.60E+10 1.22E+10 1.72E+09
fi7 BA 3.64E+03  6.60E+03  4.47E+03  4.59E+02
CV 1.0 0 21831 0.0218 0.2183
DE 8.62E+03  9.10E+03 8.86E+03  1.08E+02
FA 3.61E+03  4.49E+03  4.00E+03  1.71E+02
FPA 4.76E+03  5.26E+03  4.95E+03  92.9846
GWO 82.0936 438E+02  1.77E402 67.0061
BFP 0.1141 17.9241 6.7843 4.2555
PSOGSA 0 1.9899 0.6367 0.6560

Another reason for the improved performance is the division of
generations into two halves, which helps to infuse a proper balance
between exploration and exploitation. Thus, a combination of these
two modifications makes CV 1.0 an efficient tool for optimization
problems. Apart from finding a new state-of-the-art algorithm, this
paper also finds that the switching probability is an important fac-
tor in deciding the solution quality of basic CS algorithm. Too low
and too high values of switch probability degrade the performance
of CS whereas, for mid-range of values, the change in results is

marginal. Also from the results showing the effect of varying popu-
lation and dimension sizes, it is evident that the proposed version
is a very effective tool in finding global optima even with lower
population and higher dimensional problems.

5.9.2. Limitations

Apart from the above discussed advantages, the proposed ver-
sion has some limitations also. It can be interpreted from the
above discussion that CV 1.0 is very efficient in performance but
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Comparison of various algorithms for D =1000.

Function  Algorithm  Best Worst Mean Standard Deviation

fi BA 6.16E-+05 1.73E+06 1.00E+06 2.41E+05
CvV 1.0 6.98E-71 6.21E-55 6.25E-57 6.21E-56
DE 3.03E406 3.24E+06 3.15E+06 4.65E+04
FA 7.28E+05 9.76E+05 8.41E+05 5.76E-+04
FPA 1.91E+05 2.79E+05 2.31E+05 2.03E+04
GWO 4.8161 1.22E+02 17.2584 13.7434
BFP 1.15E+06 3.27E4+06 2.87E+06 5.33E405
PSOGSA 1.95E+06 2.44E+06 2.23E+06 8.29E+04

f BA 5017 1975 1.03E+06 3.08E+05
CV 1.0 0 0 (1] 0
DE 2952 3244 3.15E+06 4.99E+04
FA 7303 1013 8.59E+05 6.52E+04
FPA 1849 2988 2.31E+05 2.15E+04
GWO 75 268 1.51E+02 37.9868
BFP 1.23E+06 3.22E+06 2.82E+06 5.08E+05
PSOGSA 2.07E+06 2.51E+06 2.29E+06 9.74E+04

f3 BA 2.5713 49.4945 16.6947 8.9776
CV 1.0 6.14E—-05 0.0105 0.0020 0.0016
DE 66.6980 1.88E+02 1.27E+02 24.0771
FA 0.0259 0.3333 0.1005 0.0583
FPA 0.1789 1.6665 0.5790 0.2961
GWO 3.12E-04 0.0048 0.0014 8.21E-04
BFP 37.6594 1.77E+02 1.08E402 341199
PSOGSA 0.1181 0.5537 0.2713 0.1000

fa BA 1.81E+03 1.20E+04 4.40E+03 1.94E+03
CV 1.0 2.30E-76 1.12E— 1.61E-58 1.22E-57
DE 4.36E+03 561.73E+04 6.84E+03 2.15E+03
FA 3.47E+03 415E+03 3.81E+03 1.48E+02
FPA 5.68E+02 1.23E+03 8.21E+02 1.44E+02
GWO 0.0110 2.1201 0.1990 0.3308
BFP 5.46E+03 2.31E+04 8.73E+03 1.91E+03
PSOGSA 2.62E+03 5.85E+03 3.99E+03 6.36E+02

fs BA 9.17E-08 1.88E-05 1.58E-06 2.26E-06
CV 1.0 7.29E-184 2.74E-129 2.74E-131 2.74E—130
DE 1.6562 4.6239 3.1907 0.6460
FA 0.1417 2.5948 1.1232 0.5222
FPA 2.64E-06 0.0051 3.89E-04 7.58E—04
GWO 6.54E—-06 0.0503 0.0029 0.0066
BFP 0.0922 3.1202 1.5265 0.7957
PSOGSA 9.04E-04 0.1475 0.0154 0.0168

fe BA 1.99E+08 2.89E+09 1.20E+09 6.10E+08
CV 1.0 8.84E—82 9.52E-69 1.05E-70 9.51E-70
DE 7.94E+07 5.19E+09 1.87E4+09 1.18E+09
FA 2.32E4+06 2.56E+07 9.64E+06 5.06E+06
FPA 5.37E+06 9.35E+07 2.16E+07 1.60E+07
GWO 3.45E-25 1.59E-21 1.62E-22 2.81E-22
BFP 7.58E+08 5.81E+09 2.76E+09 9.41E+08
PSOGSA 7.13E+05 8.51E+08 1.37E+08 1.87E+08

fr BA 5.08E—-14 0.4731 0.1443 0.1255
CV 1.0 (1] 0 (1] 0
DE 9.80E-05 0.4600 0.1304 0.1113
FA 1.74E-13 0.0031 3.12E-05 3.12E-04
FPA 1.56E-10 5.78E-06 3.51E-07 8.62E-07
GWO 0 0 0 0
BFP 0.0369 0.4934 0.3347 0.1175
PSOGSA 0 0.0183 0.0013 0.0040

fs BA —9.69E+226  —1.98E+37 —1.87E+225 1.89E+156
CV 1.0 —3.85E+05 —2.32E+05 —2.836E+05  1.69E+04
DE —1.89E+121 —-162E+105  —2.02E+119 1.89E+120
FA —1.46E+05 —9.22E+04 —1.10E+05 1.00E+04
FPA —4.96E+41 —1.03E+33 —8.97E+39 5.53E+40
GWO —3.75E+30 —717E+04 —9.05E+28 4.87E+29
BFP —4.89E+18 —7.74E+03 —4.90E+16 4.89E+17
PSOGSA —6.22E+04 —3.84E+04 —5.12E+04 5.10E+03

fo BA 21.2019 21.3704 21.3139 0.0378
CV 1.0 8.88E-16 20.0010 47108 8.4537
DE 214391 21.5833 21.5137 0.0295
FA 211118 21.2335 211731 0.0252
FPA 21.6099 21.6409 21.6283 0.0070
GWO 21.5870 21.6437 21.6268 0.0094
BFP 19.7796 211701 20.8978 0.3517
PSOGSA 19.9643 20.6917 20.3533 0.2685

fio BA 6.56E+04 5.59E+05 2.06E+05 1.02E+05
CV 1.0 5.65E-71 8.10E-34 8.10E-36 8.10E-35

(continued on next page)
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Table 17 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
DE 148E+06  1.77E+06 1.64E+06  6.58E+04
FA 9.79E+04  1.79E+05 1.34E+05 1.54E+04
FPA 2.26E+04  455E+04  3.07E+04  3.57E+03
GWO 48.6781 7.16E403 6.94E+02  1.08E+03
BFP 3.40E+05  1.78E4+06  1.32E4+06  4.33E4+05
PSOGSA 1.32E+05 2.49E+05  1.79E+05 2.11E+04
fn BA 1.26E+08 132E409  525E+08  2.42E+08
CV 1.0 0.6666 0.6676 0.6667 116E-04
DE 343E+09  3.85E+09  3.65E+09  9.50E+07
FA 2.36E+08  5.18E+08 3.60E+08  4.83E+07
FPA 190E+07  4.86E+07  3.06E+07  5.96E+06
GWO 2.98E+04  1.07E+07 6.56+05 1.27E+06
BFP 7.11E+08 3.85E+09  3.02E+09  9.54E+08
PSOGSA 7.03E+08 1.24E4+09  9.24E+08  9.85E+07
fi BA 5.93E+04  1.05E+20  2.41E+18 1.27E+19
CV 1.0 1.22E+04 1.00E+10 3.21E+09 4.41E+09
DE 3.58E+07  1.41E+13 3.69E+11 1.82E+12
FA 2.70E+04  4.20E+04 331E+04  3.44E+03
FPA 7.39E+05 1.80E+09 530E+07  1.92E+08
GWO 1.26E+05 1.06E+06  3.34E+05 1.43E+05
BFP 513E+15 2.76E+22 1.44E+21 3.51E+21
PSOGSA 3.25E+04  6.65E+18  3.61E+17 117E+18
fi3 BA 529E+07  1.60E+08  9.47E+07  2.13E+07
CV 1.0 1.72E-68 1.88E-53 1.89E-55 1.88E-54
DE 2.99E+08  3.25E+08  3.15E+08 4.41E+06
FA 7.20E+07 9.87E+07  8.40E+07  5.95E+06
FPA 1.87E+07 3.11E+07 2.32E4+07  2.27E+06
GWO 3.64E+02  3.04E+04  197E+03 3.04E+03
BFP 3.61E+07  8.07E+07  6.82E+07  141E+07
PSOGSA 2.53E+07  4.22E+07  3.20E4+07  3.18E+06
fia BA 4.64E+03  153E4+04  8.51E+03 2.39E+03
CV 1.0 0 0.0054 546E-05  5.46E-04
DE 2.75E4+04  2.95E+04  2.84E+04  4.14E+02
FA 6.51E+03  8.59E+03  7.52E+03 5.32E+02
FPA 1.71E+03 2.50E+03  2.05E+03  1.82E+02
GWO 0.2867 3.4215 0.8316 0.3815
BFP 3.6341 3.32E4+02  77.2679 64.8337
PSOGSA 0 0.5364 0.0865 0.1138
fis BA 5.39E+08  1.28E+10 2.87E+09  2.34E+09
CV 1.0 0.0188 0.4857 0.0957 0.0724
DE 346E+10  3.89E+10  3.69E+10  9.60E+08
FA 1.28E4+09  3.54E+09  2.10E+09 4.68E+08
FPA 9.73E+06  6.65E+07  2.57E+07 1.19E+07
GWO 22.0601 5.69E+07  1.22E+06  5.80E+06
BFP 537E+09  3.92E+10  2.93E+10 1.07E+10
PSOGSA 1.45E+10 2.45E+10 1.97E+10 1.67E+09
fis BA 145E+09  2.08E+10  6.55E+09  3.78E+09
CV 1.0 0.6417 1.00E+10 5.33E+09  4.97E+09
DE 6.21E+10  7.18E+10 6.75E+10 1.85E+09
FA 3.44E+09  745E+09  547E+09  8.95E+08
FPA 1.05E+08  3.46E+08  1.94E+08 5.57E+07
GWO 3.28E+02  1.29E+08 5.00E+06  1.43E+07
BFP 245E+10  7.15E+10 5.61E+10 1.66E+10
PSOGSA 2.89E+10  449E+10  3.71E+10 2.95E+09
fi7 BA 8.38E+03  149E+04  9.88E+03  8.48E+02
CV 1.0 0 0 0 0
DE 1.75E+04  1.82E+04 1.79E+04 1.45E+02
FA 9.13E+03 1.04E+04  9.73E4+03  2.36E+02
FPA 9.76E+03 1.04E+04 1.01E+04 1.20E+02
GWO 4.16E+02 4.60E+03  1.06E+03 5.83E+02
BFP 1.2067 18.0110 6.8489 42427
PSOGSA 0 3.9798 0.7462 0.8760

due to its stochastic nature, it is not guaranteed that it will find
the global optima for all the cases. It can be seen from the compar-
ison table that it didn’t perform well on all the benchmark func-
tions. So, more work is to be done to design a standard prob-
lem solver for all optimization problems. A balanced exploration
and exploitation are the basis for this proposal, but the algorithm
can get stuck in local minima at later stages due to less extensive
global search. Also for a balanced exploration and exploitation, the
algorithm should be able to explore and exploit in every iteration.

This can be considered as a drawback and more work should be
done to improve the balance between exploration and exploitation
phase. Though CV 1.0 is able to provide far better final results as
compared to other algorithms for most of the cases, it takes more
execution time because of the use of more expensive exploration
operation during the initial phases. It utilizes less number of ex-
ploitation operations which take less time compared to expensive
exploration operations at the initial stages. Because of this CV, 1.0
takes more time for its execution. So more work is required to be
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Table 18

Summary of CEC 2015 Learning-Based Benchmark Suite.

No.  Functions

Global Minima

Unimodal Function

Simple Multimodal Functions

Hybrid Functions

Composition Functions

F Rotated High Conditional Elliptic Function
F, Rotated Cigar Function
F3 Shifted and Rotated Ackley’s Function

F4 Shifted and Rotated Rastrigin’s Function
Fs Shifted and Rotated Schwefel’s Function
Fs Hybrid Function 1 (N=3)
F7 Hybrid Function 2 (N=4)
Fg Hybrid Function 3 (N=5)

Fy Composition Function 1 (N=3)
Fio Composition Function 2 (N=3)
Fiq Composition Function 3 (N=5)
Fi2 Composition Function 4 (N=5)
Fi3 Composition Function 5 (N=5)
Fiq Composition Function 6 (N=7)
Fis Composition Function 7 (N

Search Range: [ — 100, 100]°

100
200
300
400
500
600
700
800
900
1000
1100
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Table 19

Comparison results of various algorithms for CEC 2105 test functions.

Function  Algorithm  Best Worst Mean Standard Deviation
F DE 1.44E+05 2.31E+08 2.91E+07 3.85E+07
BA 1.92E+06 4.70E+08 6.64E+07 7.12E+07
BFP 5.72E+07 8.30E+08 2.78E+08 1.59E+08
FPA 4.22E+07 9.10E+08 3.32E+08 1.84E+08
FA 7.13E+04 4.19E+06 1.10E+06 8.67E+05
GWO 1.62E+05 1.77E+07 3.03E+06 2.86E+06
PSOGSA 358.7040  3.45E+07  1.65E+06  5.41E+06
CV 1.0 100.0000 100.0000 100.0000 5.40E—08
F, DE 5.75E+04 2.95E+09 5.17E+08 6.46E+08
BA 1.63E+08 1.88E+10 6.43E+09 3.59E+09
BFP 4.15E+09 3.70E+10 1.77E+10 6.31E+09
FPA 4.69E+09 4.02E+10 1.97E+10 6.70E+09
FA 252.6822 5.94E+04 7.82E+03 9.26E+03
GWO 4.32E+03 2.52E+07 5.81E+06 5.75E+06
PSOGSA 240.2789 320.4601 2.63E+08 6.78E+08
CV 1.0 200.0000 200.0008 200.0002 1.30E-04
F3 DE 320.0035  320.5480  320.2813 1.08E-01
BA 319.9940 320.0000 319.9999 6.54E—04
BFP 320.0003 320.1955 320.0443 4.17E-02
FPA 320.5183 3211876 320.9243 1.67E-01
FA 319.9998 320.0009 320.0005 1.89E-04
GWO 320.1403 320.5536 320.4326 7.06E—02
PSOGSA 319.9990 487.5766 320.1041 1.14E-01
CV 1.0 320.0421 320.3096 320.1748 5.82E-02
F4 DE 410.0479 463.3382 431.5531 11.0855
BA 418.9042 517.4032 450.1331 19.4060
BFP 454.0100 565.1796 519.1702 21.2106
FPA 479.3889 579.3497 536.2333 17.4309
FA 401.9899 422.8841 408.7955 4.01910
GWO 404.3039 429.3845 412.0920 4.9225
PSOGSA 413.9294 2521.0 441.3709 16.1076
CV 1.0 403.9798 420.8941 412.8543 3.9531
Fs DE 1.01E+03 2845.2 1950.6 358.2341
BA 884.1138 2678.5 1790.4 381.4069
BFP 21343 3370.8 27515 253.6386
FPA 2390.7 3510.2 3006.2 228.1936
FA 500.3136 1589.4 9211287 280.8406
GWO 506.9979 2358.2 972.4691 2972292
PSOGSA 7471840 2997.7 1446.7 350.2649
CV 1.0 511.8313 1174.2 910.4903 132.0275
Fs DE 1.30E+03 5.49E+06 7.97E+05 1.00E+06
BA 1233.6 5.62E+07 2.25E+06 7.25E+06
BFP 1.35E+07 1.45E+08 2.06E+07 2.70E+07
FPA 8.64E+04  9.41E+07 2.25E+07 2,26E+07
FA 1006.2 1.52E+04 34144 2.59E+03
GWO 1.19E+03 2.22E+06 2.07E+04  3.37E+04

(continued on next page)
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Table 19 (continued)

Function  Algorithm  Best Worst Mean Standard Deviation
PSOGSA 1080.9 2.99E+06  9.79E+04  3.87E405
CV 1.0 618.2082 683.9049 645.6423 14.1172
F; DE 701.6371 709.2557 702.4613 8.45E-01
BA 705.1089 785.8340 723.1036 17.0529
BFP 711.3150 886.4356 764.9969 37.8525
FPA 715.5698 874.1637 768.9116 36.7324
FA 701.0531 703.7105 702.2835 6.27E-01
GWO 700.2994 704.6584 702.0322 7.58E-01
PSOGSA 701.5662 708.4312 704.1815 1.3584
CV 1.0 700.5005 701.8459 701.4104 2.54E-01
Fg DE 893.0346 1.60E+06 1.94E+05  2.64E+06
BA 1070.5 1.17E+07 343E+05  1.27E+06
BFP 2865.8 5.46E+07  3.93E+06  6.87E+06
FPA 2.87E+04  1.99E+07  3.58E+06  3.55E+06
FA 933.3901 8.88E+03 21513 1.20E+03
GWO 1.06E+03  4.94E+04  3.07E+03  4.85E+03
PSOGSA 856.1880 3.09E+05  8878.5 3.09E+04
CV 1.0 802.3415 813.5618 806.2792 2.6958
Fy DE 1000.2 1011.1 10014 2.5519
BA 1002.2 1151.6 1036.7 23.0363
BFP 1015.4 1192.0 1090.4 38.0011
FPA 1026.3 1172.4 1089.3 29.7804
FA 1000.1 1000.4 1000.3 7.61E-02
GWO 1000.1 1001.7 1000.4 1.91E-01
PSOGSA 1000.2 1020.1 11,002.1 3.9099
CV 1.0 1000.1 1000.3 1000.2 4.65E-02
Fio DE 1286.0 8.43e+05 1.34E+05 1.97E+05
BA 2831.8 6.51e+06  4.41E+05 1.09E+06
BFP 7612.5 4.13E+07 3.28E4+06  5.74E+06
FPA 1.13E+04 1.18E+07 3.06E+06  2.71E+06
FA 13285 6464.4 22771 1.05E+03
GWO 1387.0 1651.6 4076.8 3.37E403
PSOGSA 1284.0 5.01E+04  5.665.4 7.92E+03
CV 1.0 1117.5 1218.9 1205.2 20.3361
Fni DE 12819 1772.7 1600.0 132.4487
BA 1163.7 1874.7 1554.9 167.9876
BFP 1415.9 1951.3 1701.3 145.9144
FPA 14375 1981.4 1722.7 127.9895
FA 1105.1 1403.6 1314.5 134.3969
GWO 1101.4 15715 1302.2 80.0037
PSOGSA 1110.5 1738.3 1438.7 97.0184
CV 1.0 1101.2 1400.1 1240.0 148.4542
Fip DE 1302.5 1400.0 13235 18.1248
BA 1307.3 1365.3 13319 12.4189
BFP 13253 1400.0 1359.5 13.9248
FPA 1322.8 1399.3 1361.3 13.3479
FA 1300.6 1303.2 1301.5 4.48E-01
GWO 1301.0 1305.1 1302.2 6.34E-01
PSOGSA 1301.8 1330.7 1306.4 5.8158
CV 1.0 1300.9 1303.4 1302.2 4.26E-01
Fi3 DE 1300.0 1300.0 1300.0 2.19E-04
BA 1300.0 1300.0 1300.0 6.04E-05
BFP 1300.0 1300.1 1300.0 6.10E-03
FPA 1300.0 14275 1303.5 14.5165
FA 1300.0 1300.0 1300.0 1.24E-04
GWO 1300.0 1300.0 1300.0 2.41E-04
PSOGSA 1300.0 1300.6 1300.0 5.99E-02
CV 1.0 1300.0 1300.0 1300.0 8.55E-04
Fia DE 1715.8 2851.5 1955.2 257.6795
BA 2517.6 2.32E+04  1.30E+04  4.73E+03
BFP 73121 2.88E+04  1.95E+04  4.87E+03
FPA 7672.2 2.86E+04  1.80E+04  4.61E-+03
FA 1500.8 7919.8 2477.8 1.32E+03
GWO 1715.6 1045.7 2763.6 1.86E+03
PSOGSA 1500.0 1674.8 7926.4 3.316.3
CV 1.0 1500.0 4364.5 3201.0 1.39E+03
Fis DE 1600.2 1649.8 1612.5 114117
BA 1650.2 3604.1 1870.9 330.5614
BFP 1668.5 3.10E+04 5749.2 4.55E+03
FPA 1802.1 2.89E+04  7538.6 5.97E+03
FA 1600.0 1600.0 1600.0 1.60E-03
GWO 1600.0 1627.1 1607.5 4.8781
PSOGSA 1600.0 1819.2 1612.2 28.0078
CV 1.0 1600.0 1600.0 1600.0 7.04E-12
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Fig. 2. Convergence profiles of various algorithms.

done, in order to design an algorithm which is faster as well as
efficient in achieving global minima.

5.9.3. Insightful implications

Though the algorithm has some limitations it has proven its
worth with respect to other state-of-the-art algorithms. The al-
gorithm because of its simple structure is the best fit candidate
for inclusion in hybrid intelligent and expert systems. Also, explo-
ration and exploitation can be improved to make the algorithm

fit for all engineering design problems. Further insightful implica-
tions include, designing binary version of the proposed work for
the field of medical science, wireless sensor networks and others.
In the field of medical science, binary CV 1.0 can be used in elec-
troencephalogram (EEG) for reducing the total number of sensors
required for its operation while maintaining the accuracy. In wire-
less sensor networks, it can be used to find the energy efficiency
of different nodes in the system. Also, the proposed algorithms
have been designed for continuous optimization problems, more
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Fig. 2. Continued

work can be done to extend the algorithm to niching, dynamic and
constraint optimization problems. The proposed versions can also
be extended to solve some multi-objective optimization problems.
The multi-objective CS algorithms are very limited in number. In
future, some efficient multi-objective CS algorithms will be devel-
oped which can be further applied for solving various engineering
design problems. In future, the convergence properties of CS algo-
rithms will also be studied. Some theoretical analysis will be done

in this direction.

6. Conclusions and future works

This paper deals with enhancing the performance of CS by
proposing three new variants of the original algorithm. One of the
problems with CS is that it may converge prematurely due to low
exploration capability in some conditions. To avoid this problem,
the Cauchy operator has been used in the proposed modified ver-
sions of the CS. A new notion of dividing the population and gen-
erations has been done so as to balance diversification and intensi-
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Fig. 2. Continued

fication. These modifications have resulted in significant enhance-
ment of performance of CS. The enhanced versions of CS namely
CV 1.0, CV 2.0 and CV 3.0 have been tested on various benchmark
functions. A study of the increase in the effect of the population
has been carried out and it is observed that the improvement is
modest with respect to the increase in the computational cost. The
new algorithms have been also subjected to same benchmark func-
tions having high dimensions and again there was little effect in
their performance showing their robustness to optimize functions

with large variables. Apart from this, different experiments were
carried out to see the effect of probability switch on the perfor-
mance of basic CS and the improved algorithms. The basic CS is
found to be very sensitive to probability switch with its best per-
formance at mid values of the switch. But in the case of all the
three new algorithms, there was hardly any change in the perfor-
mance of algorithms in finding the global optima. This is due to
the fact that due to division in population and generations the ex-
ploitation and exploration are balanced and the switch does make
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Fig. 2. Continued
any difference, hence the requirement of tuning switch for differ- Also, instead of using the operators of GWO, more search operators
ent problems is eliminated. Non-parametric statistical tests have available in literature can be analyzed. Also to improve the global

been carried out to prove the superiority of the modified version search combined mutation operators can be applied. The proposed
and it is found that CV 1.0 algorithm outperforms state-of-the-art algorithms can be extended for solving multi-objective optimiza-

algorithms. tion problems and also can be applied for developing some clus-

For future work, a balanced exploration and exploitation are tering approaches for application in some real-life problems like
one of the causes of poor performance of population based algo- satellite image segmentation, gene expression data clustering, can-
rithms and this can be removed by employing the concept of divi- cer classification etc.

sion of population and division of generations to other algorithms.
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Table 20
p-test values of various algorithms for CEC 2015 test functions.
Function  DE BA GWO FA FPA BFP PSOGSA CV 1.0
F 2.56E-34  2.56E-34  2.56E-34 2.56E-34 2.56E-34 2.56E-34 256E-34 NA
F, 2.56E-34  2.56E-34  2.56E-34 2.56E-34 2.56E-34 2.56E-34 2.56E-34 NA
F; 421E-13  2.56E-34  487E-33  256E-34 256E-34  2.57E-29 338E-09 NA
F, 213E-30  4.66E-34  1.25E-01 3.06E-10  2.56E-34  2.56E-34 7.79E-33 NA
Fs 7.75E-34  153E-32  234E-01 NA 2.56E-34  2.56E-34  9.17E-28 1.81E-01
Fs 2.56E-34  256E-34  2.56E-34  2.56E-34 256E-34 2.56E-34 2.56E-34 NA
F; 752E-34  2.56E-34  225E-17  588E-29  2.56E-34  2.56E-34 2.00E-33 NA
Fg 2.56E-34  2.56E-34  2.56E-34  2.56E-34 2.56E-34 2.56E-34 256E-34 NA
Fo 424E-32  2.56E-34  152E-18 NA 2.56e—-34  2.56E-34  8.95E-02  7.51E-05
Fio 2.56E-34  256E-34  2.56E-34 256E-34 2.56E-34 256E-34 8.95E-02 NA
Fyy 1.01E-33 2.19E-31 419E-30  3.77E-12  2.56E-34  256E-34  101E-33 NA
Fi, 752E-34  2.56E-34  2.02E-02  2.05E-20 2.56E-34  2.56E-34 3.99E-29 NA
Fi3 2.56E-34 NA 256E-34  2.56E-34  143E-01 5.01E-33  2.56E-29  2.56E-34
Fi4 1.46F—-02 9.03E-33  2.61E-01 8.74E-02  5.64E-39  2.56E-34 NA 3.42E-17
Fis 2.55E-34  2.55E-34  2.55E-34  2.55E-34  2.56E-34  2.55E-34  255E-34 NA

Algorithm 1 Pseudo—code of Cuckoo Search (CS) algorithm.

Begin:
Initialize cuckoo population:n
Define d—dimensional objective function, f(x)
do Until iteration counter < maximum number of
iterations
global Search:
generate new nest x'*'using Eq. (1)
evaluate fitness of x{*'
choose a nest j randomly from n initial nests.
if the fitness of x;*'better than that of x!
replace j by x{*!
end if
local search:
abandon some of the worst nests using
probability switch.
create new nest using Eq. (2)
Evaluate and find the best.
end until
update final best
End

Algorithm 2 Pseudo—code of Cuckoo version 1.0 (CV 1.0).

Begin:
Initialize cuckoo population: n
Define d—dimensional objective function, f{(x)
do Until iteration counter < maximum number of
iterations (tnq)
global Search: generate new nest xit+l using
Eq. (10)
evaluate fitness of x*!
chose a nest j randomly from n initial nests.
if the fitness of xf”better than that of x!
replace j by xi*!
end if
local search: generate new solution by using
Eqgs. (2) & (12).
evaluate and find the best.
end until
update final best
End
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