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Abstract

In recent years, the Particle Swarm Optimization has rgpdined increasing popularity and many variants and hydpid
proaches have been proposed to improve it. In this papeivaed by the behavior and the spatial characteristicseo$titial and
cognitive experience of each particle in the swarm, we agvalhybrid framework that combines the Particle Swarm Opétion
and the Differential Evolution algorithm. Particle Swarmtinization has the tendency to distribute the best petgmstions of
the swarm particles near to the vicinity of problem’s optirmean attempt to efficiently guide the evolution and enhaheeonver-
gence, we evolve the personal experience or memory of thielparwith the Differential Evolution algorithm, withodestroying
the search capabilities of the algorithm. The proposeddraonk can be applied to any Particle Swarm Optimization g with
minimal effort. To evaluate the performance and highlidietdifferent aspects of the proposed framework, we injtialkorporate
six classic Differential Evolution mutation strategiestlie canonical Particle Swarm Optimization, while afterdgawe employ
five state-of-the-art Particle Swarm Optimization varsaahd four popular Differential Evolution algorithms. Exsé/e experi-
mental results on twenty five high dimensional multimodaldienark functions along with the corresponding statittoalysis,
suggest that the hybrid variants are very promising andfggntly improve the original algorithms in the majority thfe studied
cases.

Keywords: Global Optimization, Particle Swarm Optimization, Diféettial Evolution, Hybrid approach, Social and cognitive
experience, Swarm intelligence

1. Introduction will consider only minimization problems. In this case, tite

) o o jective is to locate a global minimizer of a functiér{objective
The Particle Swarm Optimization (PSO) algorithm s an Evo-fynction).

lutionary Computation method, which belongs to the broad

class of Swarm Intelligence methods. The PSO algorithm wapefinition 1. A global minimizer X € RP of the real-valued
introduced by Kennedy and Eberhart [20] and is inspired byynction f:& — R is defined as:

the social behavior of bird flocking and fish schooling. It is

based on a social-psychological model of social influenak an f(x*) < f(X), Vxe§,

social learning. The fundamental hypothesis to the develop

ment of PSO is that an evolutionary advantage is gained¢firou \where the compact sétc RP is a D-dimensional scaled trans-
the social sharing of information among members of the samgytion of the unit hypercube.

species. Moreover, the behavior of the individuals of a flock

corresponds to fundamental rules, such as nearest-neéigébo  To improve the performance and the convergence behavior
locity matching and acceleration by distance [12, 19, 4Hle T of Particle Swarm Optimization algorithm, several hybrg a
PSO algorithm is capable of handling non-differentiabie; d proaches have been proposed [2, 5, 38, 49, 73, 75, 77, 87, 99,
continuous and multimodal objective functions and haseghin 106]. One class of variations include hybrids that combine
increasing popularity in recent years due to its relativepic-  the PSO and the Differential Evolution (DE) algorithms [92]

ity and its ability to efficiently and effectively tackle senal  These approaches aim to aggregate the advantages of both
real-world applications [10, 21]. Without loss of geneisalve  methods to efficiently tackle the optimization problem andha

The PSO-DE hybrids usually combine the evolution schemes
of both algorithms to produce a new evolutionary position
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one of the evolutionary approaches to produce a parametegparallel retains the best positions found so far by the swarm
free hybrid [24, 67, 68, 88]. Several hybridization perspec (memory-swarm The movement of each particle is controlled
tives of the PSO algorithm have been proposed in the literaby two forces, related to the best previous position of thépa
ture, amongst others the interested reader should reféreto tcle (cognitive experience) and the position attained bybemst
following review papers [99, 106]. Thangawd] al. [99], re-  particle in its society (social experience), i.e. either Whole
view the hybridization perspectives of the PSO algorithrthwi swarm or its neighborhood. Extensive simulations inditiaae
various different algorithm such as Genetic Algorithmsf-Di through the evolution process of the PSO algorithm, the ieogn
ferential Evolution and other techniques. Consequentily,eX tive experience of each particle, i.e. tmemory-swarntend to
al. [106] present a thorough review of the state-of-the-art hy-be distributed in the vicinity of the problem’s optima. Tasth
bridization perspectives of PSO and DE algorithms, as veell aend, we propose a hybrid evolutionary framework to effidient
several other representative hybrids. They provide dlaasi  evolve the social and cognitive experience of the swarm and e
tion mechanisms and a comprehensive taxonomy to differenthance the convergence properties of the PSO algorithm., Here
ate and analyze the existing hybrid PSO/DE algorithms. we incorporate the Differential Evolution algorithm as dez-
The aforementioned hybrid approaches can be viewed undend interactive module, which is a simple and compact evolu-
the general concept of Memetic Computing (MC) [59, 62, 63 tionary algorithm exhibiting good convergence charasti&s.
69]. As stated in [62], Memetic Computing is a broad sub- To evaluate the performance of the proposed framework, iwe in
ject which studies complex and dynamic computing strusturetially apply six classic DE mutation strategies on the cacain
composed of interacting modules (memes) whose evolution di?SO. Afterwards, we combine five state-of-the-art PSO utsia
namics is inspired by the diffusion of ideas. Memes are gmplwith the three best performing DE mutation strategies along
strategies whose harmonic coordination allows the sotuté  with four popular DE algorithms. Extensive experimental re
various problems In other words, complex ideas can be an- sults on 25 difficult benchmark functions along with the eerr
alyzed as memes which propagate, interact and change withgponding statistical analysis suggest that the proposadefr
a population. Thereby, their character will constantlyengd ~ work is very promising.
evolution and tend towards progressive improvements. m-Co  Preliminary results have been presented in [25], in which
putational Intelligence a meme can be identified as an agent,a part of thememory-swarnhas been evolved during evolu-
search strategy, an operator, or a complex system componetibn, in an attempt to improve the convergence characiesist
e.g. an optimization methodology which constantly evolvesof the PSO algorithm and to reduce any computational over-
through time. The research field of MCs has blossomed in thiead of the DE algorithm. The utilized heuristic rule sedect
last decade resulting in many successful methodologiegernn  to evolve only the best personal position that has been @thng
eral, the importance of MC methodologies is related to the Ngimproved) during the previous evolution step. To eliméat
Free Lunch theorem (NFL) [105]. The NFL theorem mathe-the need for any heuristic rule and make the framework even
matically proves that the average performance of any pair o§impler, in the paper at hand we evolve all personal best po-
optimization algorithms, across all possible optimizatwob-  sitions of the swarm. Furthermore, based on the hybrid evolu
lems is identical. Thereby, an optimization algorithm whic tionary algorithm taxonomy presented in [106], our prefiary
performs well on a class of problems, will certainly perform work [25], and its extensions in the current study belondto t
worse on a set of the remaining optimization problems, sinceollaboration-based hybrid PSO/DE approaches. Colldioora
this is the only possibility in which the performance of the indicates that the parent optimizers cooperate with edudr at
pair of algorithms will be on average equal over all optimiza the optimization search space in an attempt to seek the optim
tion problems. Based on this theorem, the broad class of M@olution. As such, they share or exchange accumulated-infor
methodologies became a common practice in the general fieltiation during their search operations, while their dynamie
of Computational Intelligence and particular in the Evidot ~ maintained [106].
ary Computing community, i.e. the combination of various in  The novelty of this study lies on the simple structure of the
teracting algorithmic components (memes) to efficientlmek proposed framework and its scalability. The majority of the
specific class of problems. proposed PSO/DE hybrids incorporate complex rules on sev-
Similarly, under the general concept of MC as a compositioreral aspects of the hybrid algorithmic structure, resglimnot
of interacting/evolving modules (memes), we propose a geneasily implemented hybrid schemes. Here, we propose ty appl
eral and simple framework to hybridize the well-known PSOan evolutionary algorithm and in particular a DE varianteaf
and DE optimization algorithms. Specifically, the currdotly ~ each PSO evolution step on threemory-swarmThe DE algo-
has been motivated by the behavior and the spatial chaisacterrithm will evolve the memory-swarnas its population, with-
tics of the personal experience of each partioieihory swarmn  out selecting any specific number of personal best positions
of the PSO algorithm, during the evolution process. PSOrinco to be applied, or incorporating any complex DE/PSO update
porates in its swarms two main concepts, #xplorer-swarm  rule to evolve the best positions. Furthermore, DE is adplie
and thememory-swarnjl0]. During evolution each particle in on each generation after the PSO evolution operationspuiith
the swarm remembers its current position in the search space incorporating any heuristic rule to determine the frequeofc
well as the best position it has ever encountered so fatheeso  its application. On the contrary, several approaches arlyev
called personal best position. Thereby PSO explores thé moig the best personal positions of PSO, but incorporateaari
promising regions of search spa@xglorer-swarry, while in  structures, which can not be easily generalized. For exampl



in [113] the authors evolve the particles one generatioh wit most promising regionsekplorer-swarm and simultaneously
PSO and one with DE, while they utilize only the DE/rand/@/bi retains in its memory/experience the best position it ever e
strategy with randomly chosen best positions and as a base vecountered fhemory-swarin There exist two main PSO ver-
tor the best position of thexplorer-swarmin [95] the authors  sions; namely thglobal PSO and théocal PSO. In theglobal
implement the previously approach to handle multimodal im-PSO version, the best position ever attained by the indalglu
age registration problems; in [37] DE is applied to evolve th of the swarm is communicated to all the particles. On therothe
explorer-swarmat pre-specified intervals; Pagtal.[70], pro-  hand, thdocal PSO versions incorporate into the PSO structure
pose a two phase hybrid that consists of alternating phédses the neighborhood concept, in which the best position of each
the DE and PSO algorithms; Liet al. [54] evolve only the particle can be propagated between neighboring particles.
half particles of the swarm with PSO, and apply DE on eacheighborhoods can be either static with pre-specified tspol
best position by using the positions of theplorer-swarmin gies or dynamic with variable or adaptive topologies, while
the mutation strategies; in [110] the authors update th&-par they may utilize either spatial or network-based char&ster
cles of the swarm with two strategies, namely the DE updatindgics [6, 11, 19, 32, 46, 56, 57, 77].
strategy and a combined DE/PSO updating strategy. More specifically, each particle is R-dimensional vector

In addition, the structure of the proposed framework is ex-and the swarn® consists ofNP particles, i.e. ifg is the cur-
tensible, i.e. it can be easily generalized to produce alyami rent time step deneration then the swarm can be denoted as
of PSO/DE or other PSO-based hybrids. This can be implesg = {xgl, xé o xé\lP}_ Therefore, the position of theth parti-
mented by applying any PSO variant as base algorithm ang of the swarm can be represented)éés:: (x'gl, x'gz . ><'§D).

any DE variant or other evolutionary algorithm to evolve the e yelocity of each particle is alsddimensional vector and
memory-swarnon each generation after the PSO evolutionary, thei-th particle is denoted a8/}, = (Vig,l Viéz y \/QD). The

. . . . g
opera:]l(?n. Asdlprewoluslr)]/ mentloneg,fln the cukrrenthstudy Wéhest previous position of thieth particle can be recorded as:
straightforwardly apply the proposed framework on the €ano pi _ (nil (-2 i.D e i ;

ical IgSO and fiv)é PpSp(g varigntsf)with different dynamics. In ad-F)g = (g Pg.... Bg ). the best particle in the swarm (i.e.
y ' in minimization problems, the particle with the smallegtdits

dition, the proposed framework is implemented with sixsl@s  ,nction value) is indicated b?gest, while the best particle in
DE mutation strategies and four popular DE algorithms. Th
interested reader should only consider about the chaistiter

of the applied algorithms and their effects on the perforcean dex. The majority of the PSO variants utilize g topology,

of the resulting scheme. o : . .
The rest of this article is organized as follows. Section ZWhICh Is the most common topology in the literature. Iniing

briefly describes the basic operations of the canonical R&®O a topology, thg nelghborhopd of each particle consists ofipar
) . cles with neighboring indices [6, 32, 57]. Neverthelesbgeot

the DE algorithms, and presents several related methoslog : :

. ) o . topologies have been also studied [6, 19, 32, 46, 56, 57, 77].
In Section 3, we analyze the behavior of the cognitive anééoc h q der th ical
experience in the PSO algorithm that motivated the proposed. In the present study, we consider the canonica PSO ver-
approach. In Section 4, we propose the new hybrid evolution='" proposed by Clerc and Kennedy ,[12]’ which mcorpqrates
ary framework and discuss its characteristics, while irtiSe& the parameteg, known as theconstriction factor The main

we present an extensive experimental analysis. The paper COroIe of the constriction factor is to control the magnitude o

cludes in Section 6, with a discussion and some pointers fotrhe ve_Iocmes and alleviate the “swarm explosmr_m"_eﬁdmtt
sometimes prevented the convergence of the original PSO al-

She neighborhood of thieth particle asPy*. Furthermore, the
neighborhood of each particle is usually defined througimits

future work. ) X .
gorithm [1, 12]. As stated in [12], for each time stggen-
eration), the dynamic behavior of the particles in the swarm is
2. Background material manipulated using the following equations:

For completeness purposes, in this section we briefly de- ; ; : ; ;

scribe the Easic opergtioﬁs as well as some insights abeyut th Vgi =X(Vé + cara(Py — Xg) + Cara(Pg - Xlg))’ (1)
main characteristics of the canonical Particle Swarm Optim

tion and the Differential Evolution algorithms. The seot&nds i i i

with a literature review of several recently proposed PS@ va Xy = X+ Vg1, (2)

ants. fori =1,2,...,NP, wherey is the constriction factor parame-

ter, c; andc; are positive constants referred tocagnitiveand
social parameters respectively andandr, are randomly cho-
The PSO algorithm is a population—based stochastic algasen numbers uniformly distributed in,[0]. The cognitive pa-
rithm that exploits a population of individuals to effeely = rameter controls the experience influence of each partiitte w
probe promising regions of the search space. PSO incorpoespect to its best performance found so far, while the bocia
rates two main concepts in its swarms, #xplorer-swarnmand ~ parameter with respect to the best position found by itsetgci
the memory-swarnjl0]. During its execution each individual i.e. either the whole swarm or its neighborhood. Furtheemor
(particle) of the population gwarn) moves with an adaptable in a stability analysis provided in [12], it was implied thtae
velocity within the search space in an attempt to explore theonstriction factor is typically calculated according ke tfol-
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lowing formula: 4. DE/best/2

— ® Voo = FOG ) +FOG ) ()
_ Jo2— 24
[2-¢ — ¢ — 49| 5. DE/rand/2
where¢ = c; + ¢; andk = 1, and to guarantee the quick con- i o ra o ofs
vergence of the scheme the valuegohas to satisfyy > 4. Vlg*l Xt F(Xg % )+ F(Xg % » ®)
The aforementioned scheme is typically utilized for the-con where Xgest is the best member of the previous generation,
stantp = 4.1, with y = 0.72984 anat; = ¢, = 2.05 [6, 12]. r1,ror3,r2,r5€{1,2,...,i—1,i +1,...,NP} are random inte-

The next section briefly describes the basic operators of th&ers mutually different and not equal to the running indend

Differential Evolution algorithm. F > Ois areal parameter, calleautation or scaling factarThe
) ) , ) mutation factor F controls the amplification of the difference

2.2. The Differential Evolution algorithm between two individuals and is used to prevent the risk @f-sta

The DE algorithm [17, 27, 65, 80, 83, 92] is a stochastic parnation of the search process. It is also mainly responsésle f
allel direct search method, which utilizes concepts boeaw the convergence rate of the a|gorithm_ Therefore, an |rmppr
from the broad class of Evolutionary Algorithms (EAs). The priate mutation factor value can cause deceleration oflge a
DE method requires few control parameters and several eXithm and decrease of the population’s diversity. In theiogl
perimental studies have shown that DE has good convergengge algorithm, the mutation factdt is a fixed and user—defined
properties and outperforms other well known and widely usegharameter, while in many adaptive DE variants each indafidu
EAs [8, 17, 65, 83, 92, 101]. is associated with a different adaptive mutation factorg3,

More specifically, DE is a population—based stochastic-algogs, 103, 104, 108, 112]. It is clear that more mutation opera-
rithm that exploits a population of potential solutiomedividu-  tors can be generated by either using the above ones asguildi
als) to effectively probe the search space. Like PSO, the popwslocks [78] or by incorporating population’s spatial infioe-
lation of individuals is randomly initialized in the optization  tion in the above strategies [27]. Several DE variants which
domain withNP, D—dimensional, vectors following usually a eijther introduce new mutation strategies or new self-adept
uniform probability distribution. Individuals evolve oveuc- techniques to tune the control parameters have been mcenﬂ
cessive iterations to explore the search space and try &eloc proposed [7, 8, 23, 29, 31, 43, 63, 83, 103, 104, 111, 112, 114]
the minima of the objective function. Throughout the execu- Fuyrthermore, here we utilize the trigonometric mutation op

tion process, the user—defined population S\, is fixed. At erator [29], which performs a mutation according to theda#
each iteration, callegeneration new vectors are derived by ing equation, with probability,,:

the combination of randomly chosen vectors from the current

. . S 6. TDE/rand/1
population. This operation in our context can be referreasto '
mutation while the outcoming vectors asutant individuals Vi1 = OG-+ X5 +X5)/3+ (p2— po) (G — Xg)+
Ef_ich mutant individual is then mixed with anothe_r, predeter +(ps— pz)(X[f— 13 4 (py— ps)(Xg,s— ) (9)
mined, vector — théarget vector through an operation called _ N o
recombination This operation yields the so—callédal vec- ~ and with probability (1- 7,), the mutation is performed ac-
tor. Finally, the trial vector undergoes tiselectionoperator, _cordlng to Eq. (5), where,, is a user defined parameter, :[yp-
according to which it is accepted as a member of the populatioic@lly set around A. The values opm, m = {1,2, 3} f‘nde
of the next generation, only if it yields a reduction in théuea ~ &re obtained through the following equatiopg:= L{EIN-S
of the objective functiorf relative to that of the target vector. P2 = |f(X2)|/p’. ps = [FO&3)| /0, andp’ = | (x| + | F ()| +
Otherwise, target vector is retained in the next generaiitie |f(xg3)| .

search operators efficiently shuffle information among the i  Having performed mutation, the recombination operator is
dividuals, enabling the search for an optimum to focus on thaubsequently applied to further increase the diversityhef t
most promising regions of the solution space. population. To this end, the mutant individuals are comthine

Below, we describe the original mutation operators progosewith other predetermined individuals, called the targelviu-
in [92]. Specifically, for each individuak';g, i = 1,..., NP, uals. Specifically, for each componérit = 1,2,..., D) of the
whereg denotes the current generation, the mutant individuaimutant individualv,, ,, we randomly choose a real numbrer
v'g+1 can be generated according to one of the following equain the interval [Q1]. Then, we compare this number with the

tions: user—definedecombination constanCR If r < CR then we
1. DE/best/1 select, as thé-th component of the trial individualbﬂ, thel—
ng+l - Xgest+ F(xgl _ ng), (4) th component of the mutant individw%lﬂ. Otherwise, thé-th

component of the target vectzg becomes thé-th component

i o s i of the trial vector. This operation yields the trial indivi. It
Vo =X+ FOG =), ©) is evident that if the value of the recombination constamnb@s
3. DE/current-to-best/1 small (close to zero) the effect of the mutation operatogsis-c

_ i best i ) , celled, since the target (and not the mutant) vector wilbinee
Vgi1 = Xg + F (g™ = xg) + FOG = %), ®)  the new trial vector.

2. DE/rand/1



Finally, the trial individual is accepted for the nextgestéeon ~ grouping strategy to introduce a dynamically changing Ineig
only if it reduces the value of the objective function (sélee  borhood structure to each particle. To avoid stagnationesmd

operator): hance the diversity of the swarms, once in a while it randomly
U ) < F(X) regroups the swarr_n’s neighb(.)rhoods.. _C_Zonsequently,. CLPSO
Xig+l = { g+’ g+l %g ) (10)  updates each particle’s velocity by utilizing a novel leagn
Xg  Otherwise scheme based on the swarm’s best personal positions [52]. It
uses the best positions of the other particles as exemplées t
2.3. Related work learned from. This strategy produces a scheme on each dimen-

To improve the performance and the convergence charactesion in which each particle may potentially learn from diéet
istics of the Particle Swarm Optimization algorithm, seler exemplars per dimension. Hence, CLPSO makes the particles
variations and hybrid approaches, with altered searchrdyna have more exemplars to learn from and a potential largeckear
ics, have been proposed [2, 5, 38, 49, 72, 73, 77, 87]. Howevespace to roam. CLPSO has exhibited great performance gains
some PSO variants have gained a lot of attention and acasptanmostly on multimodal functions, while it is not the best atei
through the Evolutionary Computing research communitg, du for solving unimodal problems [52].
to their successful novel PSO schemes, which have exhibited Furthermore, to tackle large-scale optimization problems
great performance gains over a multitude differentappbos.  many researchers have employed the cooperation and co-
They have successfully exploited different aspects of tB® P evolution concepts in their optimization algorithms [3,, 51
algorithm, either by utilizing novel velocity update ruldgat 81, 107]. Several works incorporate the inspiring coopera-
enhance PSO’s exploratory/exploitative search power anby tive/coevolution scheme of Potter and De Jong [81]. In PSO,
corporating in PSO special schemes to exploit the struciire an early attempt to apply Potter’s scheme has been made in [3]
the benchmark function at hand. Representative examples oésulting in two new cooperative schemes, namely CPR0O-S
the former include fully informed topologies [57], barelesn and CPSO-K. The latter scheme is an exact implementa-
velocity updates [46], multiple swarms [4, 53], unified aper tion of Potter's scheme to PSO, while the former combines
tors [77], and comprehensive learning schemes [52], while e the PSO and the CPSQcSalgorithms. The resulting algo-
amples of the latter include schemes such as cooperation anithms significantly improve the original PSO, due to thegoo
coevolution [3, 51]. eration/coevolution of multiple swarms which simultansigu

More specifically, in an attempt to improve the performanceoptimize different components of the solution vectors. An-
of the canonical PSO [12, 47] and to simplify its schemeother representative work is presented in [51], where a new
by eliminating its control parameters, Kennedy in [46] pro-cooperative coevolving PSO variant is introduced. The pro-
posed the barebones PSO (BBPSO). BBPSO updates its velgmesed scheme has been built on the aforementioned comgerati
ity through a Gaussian distribution, where its locationapar  schemes, while it employs an effective variable groupicgte
eters depend on the best personal and the best neighborhagidue (random grouping). Additionally, it adopts a new piosi
positions, i.e. the mean value is the average of these posjti  update rule, which is based on the Cauchy and Gaussian distri
while the variance equals with their distance. Thereby, BBP butions and a coevolving scheme that dynamically detersnine
initially facilitates exploration of the search space,csirthe the variable’s subcomponent sizes.
best personal positions are far away from each other. As the Another active research trend in the last years is the inte-
algorithm evolves through time, the deviation of the best pe gration of well established and effective PSO variants w ne
sonal positions decreases and it focuses on exploitingwhe aadaptive or self-adaptive schemes, in an attempt to aggrega
erage of the best personal and best neighborhood positiontheir characteristics and their search dynamics. To thés en
In [57], Mendeset al. proposed a simple strategy to update Frankenstein’s PSO [61] integrates three distinct alporit
the positions of each particle, namely the fully informed-pa PSO components to combine their effects and produce an ef-
ticle swarm (FIPS). FIPS updates each particle’s positigh w fective optimizer. Specifically, it integrates as first campnt a
a weighted sum of all of its neighboring particles. Thus,heac time-varying population topology that reduces its conivégt
particle is influenced and attracted by the information bb&l  over time to improve the tradeoff between speed and quality a
its topological neighbors and the best neighboring patith  sociated with topologies of different connectivity degreBec-
addition, Peranet al. proposed in [79] a new algorithm that up- ondly, based on the good performance gains of the FIPS algo-
dates the particle’s velocity through observation of thdigier-  rithm compared with other PSO variants with different tapol
ent particles, the personal best, the global best, and titielpa  gies, it utilizes FIPS as the main velocity update rule. Fna
that has a higher fitness and is nearer to the current pastitie  to tune the exploration and exploitation behavior of theoalg
a maximal fitness-to-distance ratio. In turn, the authofg%+  rithm, the decreasing inertia weight procedure is includsd
77] tried to tackle the trade-off between the explorativéd ex-  the third component. The resulting scheme is very promising
ploitative characteristics of the canonical PSO by propgpsi  and in many cases it performs better than its three main com-
unified procedure, namely the Unified PSO (UPSO). UPSO utiponents. In turn, Wangt al. in [102] proposed a self-adaptive
lizes a velocity update scheme that efficiently combineddhe learning-based PSO scheme, which simultaneously adayts fo
cal and global versions of the canonical PSO algorithm ltesu PSO search strategies with a different behavior based on the
ing in a very competitive PSO variant [77]. Moreover, DM- problem’s characteristics. To adapt the four strategiescor-
SPSO [53] adopts multiple small swarms with a random reporates a probabilistic model that tunes the probabilitgaxth
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strategy based on their ability to generate fitter soluttbnsigh

the optimization procedure.
Furthermore, the concept of heterogeneous PSO variants has

been adopted in many recent works [22, 60, 66, 90]. This g5gg £

concept includes either sub-swarms that utilize differeata- 400
heuristic algorithms and cooperate with each other, ormsar 300
with different strategies per particle that are selectennfra 200
pool of strategies with a predefined or a dynamic way. Further 100
more, inspired by the adaptive filter and the statisticatriea 0
ing theory an adaptive PSO scheme (MultiPSO) has been re- )
cently proposed [28]. MultiPSO integrates several diffiére 65

PSO schemes in an attempt to aggregate their characteristic
and their search dynamics. Its framework is based on trgckin
the parameters of a multinomial distribution to capturecegs- Figure 1: 3-D Plot of the Shekel's Foxholes function
ful evolution changes of each PSO scheme in the evolutionary

process.

Shekel’s Foxholes function can be defined according to the fo
_ N _ _ lowing equation:
3. Studying the cognitive and social experience of PSO

f(x) = x; € [~65.536 65.536]

1
In this section, we investigate the behavior and the dynamic 0.002+y1(x)

of a swarm in PSO during its evolution. Our findings suggestyvherey(x) = .2:51 /(i + 2,2=1(Xj — a)®). The parameters for
that the particle’s best positions tend to gather aroundmiia  this function are:
ers of the objective function. This behavior motivates gor a

proach, which aims to evolve this knowledge through anevolu &1 = {=32-16,0,16,32}, where
tionary algorithm. The main goal is to efficiently guide thesb i ={0,1,2,3,4} andaj1 = 8imod 51
knowledge of each particle towards a global optimum, withou a, = {-32-16,0,16 32}, where

destroying the search capabilities of the PSO algorithm.
Numerous PSO variations have been proposed to improve
the accuracy of solutions and PSO convergence behavior [57, a2 = A2 k=11,2.3,4),

74, 75]. In [2, 12] it has been formally proven that each parwhich has twenty four distinct local minima and one global
ticle converges to a weighted average of its best persomkl anminimum f(-32, 32) = 0.998004 To further elucidate Shekel's
best neighborhood positions. Motivated by this findingesal/  Foxholes shape, a surface plot is illustrated in Figure 1.
PSO variants have been introduced that incorporate kngeled  Additionally, we illustrate the positions of a swarm, as el
exploiting the best personal positions [46, 57]. Moreotee, a5 the best position of each particle, evolved by the caabnic
exploitation of the best personal experience has beenpoeor psQ algorithm on the Shekel's Foxholes benchmark function.
rated in several PSO variants with many different methodologpecifically, Figure 2 illustrates contour plots of the Siisk
gies. Specifically, some variants adapt the best persos&l po Foxholes function and the positions of a swarm consisting of
tions using distributions that are based on them (e.g. Beveh 40 particles that have been evolved with the local versighef
PSO [46]) or include their weighted sum (e.g. FIPS [57]).@th canonical PSO after 1, 5, 10, and 20 generations, while Eigur
variants incorporate update schemes that utilize infaonatf  gemonstrates the distribution of their best personal éspee.
the best personal positions by means of an average of two gthe two figures show that the role of swarm’s positions is to
more [95, 113]. initially explore the search space before gathering thesurza
The aforementioned approaches and their convergence chakeir attractor’s, i.e. the personal and best neighbor s
acteristics enhance our findings. Extensive experimeimal-s  tions. In turn, the swarm’s best positions tend to rapidifhga
lations have verified that the PSO algorithm tends to disteb around the basins of attraction of the local/global minime a
the best positions encountered by the particles in the sw@rm exploit their regions. It is evident that an efficient stepteo
the vicinity of problem’s minima. Additionally, the locakv-  adapt or evolve the swarm’s best positions, i.e. the socidl a
sion of PSO has more explorative characteristics and temds tognitive experience of the swarm, may enhance the perfor-
distribute the best personal positions to regions arounayma mance of the original PSO scheme.
minima, while the global version of PSO exhibits more ex- To study and evaluate thelustering tendencyf swarm’s
ploitive characteristics and rapidly gathers the bestqreabex-  components, i.e. the positions and the social and cogretive
perience to the basin of attraction of a (global or local)imin perience, we utilize a statistical test called the Hopléss{39].
mum. Clustering tendency is well know concept in the clusterysial
To demonstrate this behavior, we will utilize as a case studyiterature and deals with the problem of determining thespre
the two-dimensional Shekel’s Foxholes benchmark functionence or absence of a clustering structure in a data set [@4, 10
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Figure 3: local PSO population’s best personal positioter df, 5, 10, and 20
generations

spaced points. A value aroundbdndicates that the vectors of
the dataseX are randomly distributed over the search space.

In Figure 4, we illustrate the mean value of the H-measure
at each generation, obtained from 100 independent sironkti
for the 30-dimensional versions of the first six functionstef
CEC’2008 Special Session on Large Scale Global Optimiza-
tion [96]. These benchmarks were chosen to investigate the
behavior of the PSO algorithm in many qualitatively diffietre
problems. The function setincludes shifted versions ofunie
modal and four highly multimodal functions. Error bars ardu
the mean depict the standard deviation of the H-measure. Due
to the stochastic nature of H-measure, for every generation
every simulation we calculate the H-measure value 100 times
by considering different random solutions.

As shown, both the positions and the best personal positions
exhibit large H-measure values within the first 100 genens;
indicative of a strong clustering structure, even in thege i
tial stages of the evolution. Also, the relative values & Hr
measure for the different positions indicate an orderirty vne-
spect to their exploitation tendency. The best persondtipos
appears to have an exploitative behavior, while the postadf
the swarm seems to exhibit more explorative nature.

In this work, we attempt to take advantage of this clustering
behavior. To this end, we propose to evolve the best personal
positions of the swarm with the Differential Evolution aigo
rithm. More specifically, after the evolution of a particlew
propose to additionally evolve the best personal posifiass
well. This will efficiently evolve the social and cognitive ge-
rience of the swarm, i.e. theemory-swarnwhich has the po-
tential either to locate better regions around problemisima
or to rapidly exploit the regions of the already found minima

4. The proposed framework

The Hopkins test relies on the distances between the vec-

tors of the data seX = {x,i = 1,2,...,NP}, i.e. the cur-

Motivated by the aforementioned PSO behavior and our find-

rent population and a number of vectors that are randomljngs. it is possible to guide the evolution towards a glolg! o

placed in the search space. More specificallyXet {y;,i =
1,2,...,M},M < NP, with typically M = 0.1- NP, be a set
of vectors that are uniformly distributed in the search spac

addition, letX; c X be a set oM randomly chosen vectors of

X. Letd; be the distance of; € X’ to its closest vectox; € X,
andd; be the distance from to its closest vector iiX; \ {Xc}.
Then, the Hopkins statistic involves thketh powers ofd; and
¢; and it is defined as follows [44, 100]:

M 4k
_ 2j=19]
Z'j\ild;( + 2?115?

This statistic compares the nearest neighbor distribudfche
points inX; with that of the points inX’. When the dataset
contains clusters, the distances between nearest neigbints

(11)

timum without compromising the algorithm’s search dynasnic
by evolving the best experience of the swarm (social and cog-
nitive) with an intelligent optimization procedure, suchthe
Differential Evolution algorithm. In this section, we digs
the main concepts behind the hybrid framework of the Particl
Swarm Optimization and the Differential Evolution algbrit.

To evolve the social and cognitive experience of a swarm we
can utilize several different subpopulations for the etiohu
ary process, e.g. the positions of the swarm, the best parson
positions of the swarm or both of them. Based on their spa-
tial positions the evolutionary process will either exglonex-
plored regions or exploit the already found ones. Here, \we pr
pose to use as population for the evolutionary process,ghe s
of the best personal experience of the swamerfiory-smarip
i.e. both the social and the cognitive experience. Therisay,

in X; are expected, on the average, to be small. Consequentiyewly evolved positions will be the outcome of the best exper
the values oh are relatively large. Notice that large values of ence of the swarm, which will have the potential to eitheatec
h indicate the presence of a clustering structure in the datasbetter regions around problem’s minima or to rapidly exyilue

X, while small values oh indicate the presence of regularly already found regions, and thus accelerate convergence.
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Figure 4: H-measure of the locaPSO for the six shifted benchmark functions

4.1. The algorithmic scheme as in Memetic Algorithms [36, 48], since it is a global search
algorithm and has the potential not only to focus the seanch o
Let us define the best personal experience s&nfory- particular regions, but also to explore unexplored regafrise
smarm as S§ = (Pg,PZ,...,Py"} containing the best per- search space. In detail, as illustrated in the Algorithmhe, t
sonal position of each particle at theh time step (generation). explorer-swarnof PSO is dedicated to the global search part of
Hence, after each time step of the PSO algorithm, we apply onge framework, while the DE algorithm has a two-fold role in
DE step to the particles in th®§ set. Specifically, the three the framework. By evolving the memory of the swarm, on the
main DE evolution steps (mutation, recombination, andcsele ear|y Stages of evolution DE he|ps the evo|utionary prowSS
tion) are applied to the best personal positions. In the mutapotentially locate better unexplored regions of the probk
tion procedure one of the aforementioned mutation stresegi hand, while at the latter stages of evolution focuses theckea
(Egs. (4)—(9)) is utilized. Afterwards, we utilize a onedne  on the most promising explored regions. It is evident that ne
tournament selection between the previous best positidtten  hybrids with either a similar design or an entirely new one ca
evolved one, i.e. if the reSUlting new best pOSition is fittem be produced by g|V|ng emphasis inthe a|gorithmic design_rnod
the old one theniitis accept6d for the next generation; oiiser e”ng process, and use either bottom_up or top_down design

the old best position is retained in tB§ set. It is worth noting methodologies, e.g. the algorithmic procedure proposptdi
that the one-to-one tournament selection is naturallyiegph

the proposed framework, since it is the selection procedfire
the original DE algorithm. A detailed algorithmic scheme of
the proposed approach which particular utilizes the caradni
PSO variant with a ring neighborhood topology along with the Moreover, as illustrated in Algorithm 1, it should be notice
DE/rand/1/bin strategy for evolving the best personal mgmo that the total computational cost of the proposed framework
(PSO:DE:rand/1/bin) is illustrated in Algorithm 1. in terms of function evaluations, includes the functionleaa
Focusing on the algorithmic design of the proposed frametions of both PSO (PS&J) and DE (DEgg) algorithms. Thus,
work, one can easily observe that, the proposed framework inthe total amount of function evaluations equals to: Tetat
plements two main interacting modules on éxplorer-swarm  PSQes+ DEggs The only overhead of the resulting scheme is
as well as on thenemory-swarm PSO algorithm is executed the operations of the applied algorithm to evolve themory-
with its classical structure, in an attempt to efficienthplexe  swarmpositions, i.e. in PSO:DE/rand/1/bin scheme the over-
the search space and in parallel to focus on the most prognisirhead depends only, (in terms of operations and not function
regions of the search space. Subsequently, DE operates ordyaluations), on the operations made by DE/rand/1/binreehe
on the “good” experience that have been explored until tlie cu on the personal best positions. As stated in the experithenta
rent step, i.e. thenemory-swarmaiming to effectively guide results, for our implementation without any optimized s@ur
the algorithm towards the search of the global optimum. ¢&éoti code, this overhead is on average at most 4% for the majdrity o
that DE does not necessarily act as a “local search” proeeduthe tested DE mutation strategies (please refer to Sectioh)5
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Algorithm 1 The proposed approach PSO:DE:rand/1/bin: the locak.2. Discussion on the hybridization of the PSO and the DE

PSO version algorithmic scheme utilizing a ring topologynal with
the DE/rand/1/bin algorithm for evolving the best persanglerience
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. [* Initialize particles in the swarm: Sg_o = {Xézo, sto, . ,xg‘fo},
uniformly in the optimization search hyper-rectandle], */
: fori=1toNPdo
for j=1toDdo
Xlo = Lj+rang(0,1)- (U - L))
end for
Evaluate Particle;_,
end for
. for each time stepg (generation do
for each particle in the swarnmdo

*/
for j=1toDdo
Vel = x(Vé,’j +car(Pg = Xg') + caro(Pg™H - Xi;’j)),
X=X+ Vil
end for
Calculate the fitness value f (Xgﬂ), of thei-th particle.
[* Update cognitive experience*/
if f(X;ﬂ) < f(P‘g) then
Plg = Xé;+1
end if
end for
[* Update social experience*/
for each particle in the swarndo
for each neighboK{, ; of thei-th particledo
if (PL,,) < f(Pg™) then
Pgi? = Plg+l
end if
end for
end for
* Evolve social and cognitive experience{Evolve Pig utiliz-
ing one DE step inSP */}
for eachP, intheS{ do
Select uniformly random integers, r,,r3 € {1,2,..., NP} \
{i}
I* Mutate Py and generate the mutant vectony, :*/
forj=1toDdo _
\/l_:ij — Pé“ + F(P52J _ P"g3,J)’
end for
[* Recombinethe mutant vectov'é: */
jrana = @ uniformly distributed random integer {1,2,...,
D}
for j=1toDdo
G { V', if (rand (0. 1) < CROT | = jrand).
9 | Py, otherwise
end for
Calculate the fitness valuef (uy) of the trial vecton;.
/* Update the Py through: */
1 | |
if fFEiug)fJi(Pg) then
g+l — Y9
else
Py =Py
end if
end for
: end for

[* Update the position and the velocityof thei-th particle:

algorithms

The experimental results indicate that the proposed evolu-
tionary hybrid framework assists both exploratory and eitat
tive behavior of the PSO algorithm. The evolution of the per-
sonal experience will initially promote the exploration tbie
personal experience space, since the personal expergedise i
tributed almost randomly in the search space, while in ttex la
time steps, where the personal bests have been gatheres in th
vicinity of local/global minima, will promote exploitatioof the
gathered experience. The proposed framework does not affec
the main operations of PSO and can be directly applied to any
PSO variant. According to our study, the proposed framework
may result in great performance gains.

The hybrid PSO/DE algorithmic schemes can be classified
using the notation PSO:DBEAsénunicross PSO depicts to the
PSO variant which will be used as the main PSO algorithm,
while the DEbasénunicrossnotation corresponds to the ap-
plied DE mutation strategy [17, 27, 83]. In detdiaseindi-
cates the base individual of the applied DE mutation styateg
numdepicts the number of differences between individuals that
are used to perturb the base individual, ammksstands for the
crossover type utilized by the mutation strategy,éxpfor ex-
ponential andin for binomial [17, 27, 83]. In this study, we
always employ binomial crossover in the DE mutation strate-
gies, and thus we exclude tleeosspart to simplify the nota-
tion. For example, the notatigfPSO:DE/rand/1 represents the
hybrid scheme that utilizes as the main PSO variant, the PSO
with constriction factoryPSO) and incorporates the DE/rand/1
mutation strategy to evolve its social and cognitive exgreze.

In general, the evolutionary process is a very efficient pro-
cedure, but it demands a high number of function evaluations
to effectively converge to an optimum. The incorporation of
an evolutionary algorithm in each evolution step may reisult
an increase of the required function evaluations. Thusages
where the function evaluations budget is limited, one caivev
only some best personal positions of the swarm in each gener-
ation. Several strategies can be applied to select whidh ind
viduals should be evolved, such as evolve only the stagnated
personal experience, or only the improved experience, -or in
corporate a probabilistically rule for the evolution. Sopre-
liminary results have been presented in [25], where we have
evolved only the best personal position that have been athng
(improved) during the previous time step and may evolve to an
even better position. Nevertheless, this strategy is voays
the best one, since it depends on the evolution phase ofthe al
gorithm and the problem at hand. Thus, we propose to evolve
all best personal positions at each time step, since thesxge
experimental results presented in the next section, stifjugs
this procedure exhibits great performance gains.

Another notable observation is that it is not obligatory to
evolve the personal experience §§Jt using the Differential
Evolution algorithm. Any efficient Evolutionary Algorithean
be applied. In initial experiments, we have utilized both lo
cal and global versions of the canonical PSO to evolveS‘pe
set. However, the results were not very promising and experi
ments on this direction were abandoned. It seems thatiogliz



methodologies with the same dynamics cannot provide signifi In the case of the DE algorithm, the responsibility falls on
cant performance gains. Such behavior has not been observéite limited amount of DE search moves [41, 42, 83, 94]. The
for the first time. For example, in [73], the authors have sucvector-wise mutation scheme produces a limited amounfof of
cessfully evolved PSO control parameters using the DE algaospring, which strongly depends on the population size aad th
rithm, but when they tried to evolve the PSO parameters usingiutation factor value. In turn, the crossover operatiormess
the PSO algorithm the results were worse. This observatiotially introduces sufficient diversity, but lacks the radaally
constitutes a very interesting research field for the eimhary  invariant property. Suttoet al.[94] observed that DE performs
computing community, but it is not the main objective of the poorly on non-separable landscapes due to inefficient &&plo
current work. We intent to study this phenomenon in a futureion during the differential mutation phase. They explored
work. hypotheses regarding the crossover/recombination réties.a
low values can exploit the separability of a landscape, evhil
high values produce the desired rotationally invarianpprty
which strongly depends on the differential mutation stepud;

In general hybridization approaches try to integrate s#ver to efficiently handle non-separable landscapes, DE has-to de
componentsbuilding blocks within a general framework, in  pend mostly on the mutation operation. In addition, settirey
an attempt to combine their good characteristics and pméduc recombination rate equal to unity is not recommended, since
more effective scheme. Nevertheless, we should always haveduces the number of trial vectors which may resuttagna-
in mind the deficiencies of each component and their impadtion [50]. The authors handled the aforementioned effects by
on the resulting scheme. To this end, in this section we Wi||imposing selective pressure through rank-based mutgdiis
briefly describe some aspects of the considered PSO and Dienneth Price introduced in [82] a rotationally invarianE D
algorithms, that the interested reader should be awarewéts algorithm, which eliminates drift bias from its trial vectgen-
as how they might influence the proposed framework. erating function by projecting randomly chosen vectoretiff

Firstly, it should be noticed that both PSO and DE algorithmsences along lines of recombination. In addition, the af@em
suffer from two notable biases, they tend to perform veryl weltioned effects have been tackled in [41, 42] by introduchney t
when the optimum solution lies on or near the origin of thecombinatorial sampling in DE, that provides a similar num-
optimization search spacer{gin biased, as well as when the ber of samples as crossover, without being biased towasds th
optimum solutions are either parallel to axis, or onthedi@j coordinate axes of the considered optimization searchespac
of the optimization search spaaef@ation sensitive Thus, they  Thus, it increases the sampling diversity and is capablaa-t
operate better on separable, non-shifted and non-rotatetl | ling non-separable landscapes in high dimensional spaess e
scapes with the optimum solution on, or near the origin of thehough the resulting scheme is not a strict rotationallaiiant
optimization search space. On contrary, both DE and PSO emdgorithm.
counter difficulties when handling non-separable, rot¢aed-
scapes or problems with shifted optima positions.

In the case of the PSO algorithm the responsible procedure
is the position and velocity update rule that utilizes a dime
sion by dimension update [58, 91]. An exposure of the origin- Additionally to therotation sensitivity another aspect that
bias has been made in [58], in which two measures have bedras to be taken into account is the risk sihgnation[50].
used to detect origin-seeking behavior; the region scaimg)  Stagnationis the undesired phase in which, as the optimiza-
the center offset technique. Their experiments revealgkéh  tion procedure progress and the population of the congidere
gion scaling is an effective but not always sufficient tesiée = methodology remains diverse, the optimum seeking proesdur
tect this bias, while the center offset technique is moreatife ~ stagnates before finding a globally optimum solution [50].
since it exposes cases that are not otherwise visible. idddit As mentioned previouslystagnationin DE occurs when it
ally, Spearset al. [58], showed that the rotational variance is does not manage to improve upon any solution of its pop-
related to the origin and axis bias of the PSO algorithm. Baseulation for a extended number of evolution steps, i.e. pro-
on these observations they produced landscapes with gpecifiuce a limited amount of exploratory moves. To improve
characteristics that expose the performance ability of RSO the DE algorithm, several countermeasures have been eonsid
tackle them. In turn, an analysis on the impact of invariancesred againsstagnation with schemes/techniques that produce
in search of the PSO and the CMA-ES algorithms has beea randomization in its search operations to increase theiamo
made in [34]. Through a thorough experimental investigatio of potential exploration moves and help the optimum seeking
the authors argue that the incorporation of invariant attara  procedure to continue, e.g. the dither and jitter scalésfac
istics, like rotational invariance, in an algorithmic sofeare  schemes [83], multiple populations in parallel or disttézl
desirable, because they increase the predictive powerfafrpe systems [63, 97, 103, 104, 109], sophisticated randorizati
mance results by inducing problem equivalence classes. Theehemes with adaptive of self-adaptive frameworks that effi
dimension by dimension update rule has been modified in theiently change DE’s control parameters [7, 31, 84, 88, 112],
Standard PSO 2011 (SPSO 2011) [11], while other methodalgorithmic adaptation of the scale-factor by means oflloca
ologies can been used to tackle the aforementioned biages, esearch [64, 65], and scale-factor dynamics and inheritéamce
adaptive encoding [33]. multiple populations [63, 103, 104] amongst others.
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5. Experimental Results equal medians. When the null hypothesis is rejected at the 5%
. ] . . significance level, we mark with “+” the cases where the hybri

_In this section we perform an extensive expenmentgl eV?"“DE-based variant exhibits superior performance and with “—

ation of the proposed framework. We employ twenty five highyynen it exhibits inferior performance. When the performeanc

dimensional benchmark functions from the CEC 2005 benchgiference is not statistically significant, we mark with"=At

mark suite on Real-Parameter Optimization [93]. More $peci {he pottom of each table, for each pair, we also show the to-

ically, based on their characteristics, the CEC 2005 beackm (5| nymper of the aforementioned statistical significargesa

set functions can be divided into the following four classes +/=/-).

functionsf; — f5 are unimodalfs — f;2 are basic multimodal Based on the characteristics of the six DE mutation strate-
functions, f;3 and f14 are expanded multimodal functions, and gies (see Section 2.2), two groups can be distinguished. The
f15— f25 are hybrid compositions of functions with a large num- it group includes mutation strategies with exploratiysam-
ber of local minima. A thorough description of this test satc g [27], e.g. DE/rand/1, DE/rand/2, and TDE/rand/1, witile
be found in [93]. _ . o second group includes more exploitative mutation straggi

_To provide a comprehensive comparison and highlight thg, g pE/best/1, DE/cur-to-best/1, and DE/best/2. To this, e
different aspects of the proposed framework, we divide t8e P Tapje 1 reports the results on the 30 and 50—dimensional ver-
sentation of the experimental results into the followingsec-  gjons of the CEC 2005 benchmark set for the explorative DE
tions. We first incorporate the proposed framework into they,tation strategies. One can clearly observe that the fiocor
classic version of PSO with constriction factor and demm@atst | oiion of the explorative DE mutation strategies in RSO
its main behavior (Section 5.1). Subsequently, we disduss t 5q0rithm yields either significant performance gains oerep
suitability of the proposed framework for five other welldamn 5104 similarly, with the PSO:DE/rand/1 andPSO:TDE/rand/1
and widely used PSO variants (Section 5.2), and for four popu,5riants to produce the best results.
lar DE algorithms (Section 5.3). Finally, we conclude with a  \ore specifically, all hybrid PSO variants exhibit substaint
ovgrall performance comparison among all the consideréal Psperformance improvements in all unimodal functiofis<{ fs),
variants (Section 5.4). in almost all multimodal functionsf§, fy — f12), in the ex-

o ) ) panded functionf;3 and in the majority of the hybrid com-

5.1. HybridizingyPSO using the DE algorithm position multimodal functions. On the other hand, the orig-

In this section we hybridize the originglPSO algorithm  inal yPSO algorithm operates better only on two multimodal
with the Differential Evolution algorithm by incorporatirsix  functions f; and fg, the expanded functiorf,, and on some
well-known DE mutation strategies with different charaiste  30—dimensional versions of the hybrid composition muliitaio
tics. To maintain a reliable and fair comparison, we emplh@y t functions (i1 — foo, 22, and fzs). In the latter cases, it
same parameter settings for all PSO variants. Additiontly  has to be noted that the three proposed hybrid PSO variants
swarms of all PSO variants, were initialized using a uniform(, PSO:DE/rand/1,yPSO:DE/rand/2, angPSO:TDE/rand/1)
random number distribution with the same random seeds.  demonstrate significant performance improvements when the

In more detail, the parameter settings used are: dimensionality increases, i.e. in the 50—dimensionalivas
of the aforementioned hybrid composition functions. Aubafit
ally, we can observe that in many benchmarks functions, the
proposed hybrids with the explorative DE mutation strasgi
provide the best results, between eSO and all the other
o . hybrids. SpecificallyyPSO:TDE/rand/1 performs best in 15,

d. gg[ga;anfgtzr;'sgngg'a' crossover wth= 05.CR = b pEfrand/1 in 10, angPSO:DE/rand/1 in 9 out of 50

TR m i EE e benchmark functions.

To evaluate the performance of the PSO variants we will Table 2 depicts the results of the hybrid PSO variants with ex
use thesolution error measureor simply error, defined as ploitative DE mutation strategies on the 30 and 50—dimeradio
f(xX') - f(x*), wherex* is the global optimum of the benchmark versions of the CEC 2005 benchmark set. In these cases, the
function andx’ is the best solution achieved after*2® func-  performance gains of the hybrids is less prominent. Gener-
tion evaluations [93], wher is the dimensionality of the prob- ally speaking, based on the characteristics of the emplByed
lem at hand. Each PSO variant was executed independently 1@Qutation strategy, we can observe that the more explaogtativ
times to obtain an estimation of the mediedian), the mean a mutation strategy is, the more it's performance detetésta
solution error Mear), and its standard deviatios{.D). For  More specificallyyPSO:DE/best/1 demonstrates the worst per-
each pair of the original PSO variant and its corresponding h formance between all hybrid PSO variants, since it detatésr
brid DE-based variant, we use boldface font to indicate /&t b the performance of the origingfPSO algorithm in 17 out of
performance in terms of median solution error. To evaluage t 50 casesyPSO:DE/best/1 results in significant improvements
statistical significance of the observed performancerdiffees, only in three unimodal functions{ — fs), in four multimodal
we apply a two-sided Wilcoxon rank sum test between the origéfg — f12), and in some specific cases of the hybrid composi-
inal PSO variant and their hybrid DE-based variants. Thé nultion functions, i.e. in the 30—dimensional casesgf f,1, and
hypothesis in each test is that the samples compared are ind&s, and the 50—-dimensional cases fef and f,4. Therefore,
pendent samples from identical continuous distributioiitt w yPSO:DE/cur-to-best/1 demonstrates significant perfooman
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a. Swarm/population sizédP = D,

b. PSO topologyring with neighborhood radius, = 2,

c. PSO parameterst = 4.1, y = 0.72984 andc; = ¢, =
2.05[6, 12, 74, 77],



Table 1: Error values of the original local version of #@SO algorithm and their corresponding explorative hybitiariants on the 30 and 50—-dimensional CEC
2005 benchmark functions

xPSO xPSO:DE/rand/1 xPSO:DE/rand/2 xPSO:TDE/rand/1
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
fi 30| 5.328e+00 9.657e+00 1.233e+(1 0.000e+00 6.248e-02 2.184e-01 + 0.000e+00 5.226e-01 2.084e+00 + 0.000e+001.940e+00 7.555e+00 +
50| 0.000e+00 8.730e+01 1.950e+(2 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 +
f, 30| 0.000e+00 1.573e+01 8.112e+(1 0.000e+00 4.938e-02 2.745e-01 + 0.000e+00 1.088e-01 6.320e-01 E 0.000e+00 7.754e-02 4.013e-01 =
50| 2.334e+02 7.774e+02 1.806e+(3 2.000e-03 3.040e-03 3.037e-03 + 6.060e-01 7.955e-01 8.022e-01 + 1.100e-025.807e+00 3.870e+01 +
f 30| 3.491e+06 1.020e+07 1.336e+(7 6.060e+058.767e+05 6.931e+05 H 7.794e+058.974e+05 6.196e+05 + 7.484e+058.967e+05 6.968e+05 +
50| 1.852e+07 1.988e+07 1.266e+(7 1.173e+061.227e+06 4.163e+05 + 4.949e+065.680e+06 2.337e+06 + 1.717e+061.783e+06 7.190e+05 +
f, 30| 1.555e+03 1.834e+03 1.088e+(34.967e+012.301e+02 5.235e+02 + 1.876e+011.496e+02 3.440e+02 + 2.228e+011.011e+02 2.212e+02 +
50| 2.813e+04 2.760e+04 1.007e+(4 1.066e+026.108e+02 2.986e+03 + 4.987e+026.193e+02 5.710e+02 + 4.273e+027.573e+02 1.139e+03 +
fs 30| 7.886e+03 8.101e+03 1.210e+(3 4.754e+034.818e+03 1.086e+03 + 4.757e+034.995e+03 1.185e+03 + 4.792e+034.932e+03 9.340e+02 +
50| 1.127e+04 1.117e+04 1.975e+(3 3.226e+033.249e+03 7.024e+02 + 2.785e+032.782e+03 7.664e+02 + 4.193e+034.309e+03 9.041e+02 +
fs 30| 3.602e+02 1.170e+03 1.790e+(3 8.258e+011.144e+04 6.378e+04 + 1.351e+026.497e+02 1.749e+03 H 1.777e+021.739e+03 7.807e+03 +
50| 3.979e+01 6.370e+06 2.129e+(7 3.759e+016.101e+01 5.315e+01 = 1.839e+013.034e+01 3.701e+01 + 3.965e+015.108e+01 2.576e+01 =
fz 30| 6.788e+036.780e+03 1.291e+0Z 7.789e+03 7.774e+03 2.745e+02 | 7.940e+03 7.896e+03 2.389e+02 [ 7.805e+03 7.759e+03 2.465e+02 —
50| 6.158e+03 6.154e+03 7.416e+(1 6.085e+036.092e+03 8.772e+01 + 6.080e+036.075e+03 5.666e+01 + 6.072e+036.069e+03 6.803e+01 +
fg 30| 2.090e+012.090e+01 5.354e-07 2.093e+01 2.092e+01 5.683e-02 [ 2.092e+01 2.092e+01 6.350e-02 F 2.093e+01 2.093e+01 5.436e-02 —
50| 2.114e+012.113e+01 4.368e-04 2.116e+01 2.115e+01 4.166e-02 - 2.116e+01 2.116e+01 3.032e-02 - 2.115e+01 2.115e+01 4.195e-02 —
fo 30| 6.517e+01 6.543e+01 1.239e+(1 4.875e+015.034e+01 1.306e+01 + 4.527e+014.740e+01 1.184e+01 H 4.726e+014.762e+01 1.176e+01 +
50| 1.782e+02 1.765e+02 2.498e+(1 8.985e+019.293e+01 2.582e+01 + 1.062e+021.056e+02 2.941e+01 + 8.824e+018.775e+01 2.017e+01 +
fio 30| 8.756e+01 8.665e+01 1.850e+(1 4.577e+015.245e+01 2.654e+01 + 4.975e+015.765e+01 3.513e+01 + 4.527e+015.233e+01 3.107e+01 +
50| 1.837e+02 1.816e+02 3.686e+(1 8.434e+018.907e+01 2.267e+01 + 9.800e+019.936e+01 2.329e+01 + 8.094e+018.271e+01 1.779e+01 +
fi1 30| 2.802e+01 2.797e+01 2.487e+(0 2.206e+012.252e+01 5.278e+00 + 1.998e+011.997e+01 4.524e+00 + 1.930e+012.016e+01 5.226e+00 +
50| 5.874e+01 5.817e+01 3.433e+(05.492e+015.314e+01 8.229e+00 + 6.167e+01 6.121e+01 5.701e+00 |- 5.493e+015.169e+01 9.416e+00 +
fip 30| 1.128e+04 1.872e+04 2.137e+(4 3.020e+034.965e+03 5.692e+03 + 4.754e+035.489e+03 4.957e+03 + 2.000e+034.821e+03 7.071e+03 +
50| 2.896e+05 3.293e+05 1.922e+(5 1.070e+051.294e+05 1.032e+05 + 1.535e+052.116e+05 1.669e+05 + 7.944e+041.152e+05 1.289e+05 +
fiz3 30| 5.389e+00 5.691e+00 1.775e+(0 3.355e+003.324e+00 1.011e+00 + 3.352e+003.483e+00 1.055e+00 + 3.168e+003.127e+00 7.838e-01 +
50| 1.471e+01 1.543e+01 4.475e+(0 7.238e+007.356e+00 1.734e+00 + 7.797e+007.913e+00 1.690e+00 + 7.363e+007.451e+00 1.923e+00 +
fia 30| 1.211e+011.205e+01 4.311e-0] 1.222e+01 1.217e+01 4.283e-01 [ 1.217e+01 1.219e+01 4.220e-01 F 1.237e+01 1.229e+01 4.841e-01 —
50| 2.193e+01 2.190e+01 4.937e-(J1 2.190e+012.188e+01 4.654e-01 = 2.211e+01 2.201e+01 5.579e-01 [ 2.197e+01 2.194e+01 5.245e-01 =
fis 30| 4.036e+02 3.929e+02 8.708e+(1 4.006e+023.825e+02 7.684e+01 I 4.000e+023.793e+02 7.077e+01 5 4.023e+023.981e+02 7.360e+01 =
50| 4.513e+02 4.198e+02 8.718e+(12.513e+022.712e+02 7.002e+01 + 2.553e+022.785e+02 7.466e+01 + 2.293e+022.669e+02 8.084e+01 +
fie 30| 1.512e+02 1.867e+02 1.055e+(2 7.447e+011.298e+02 1.120e+02 + 7.839e+011.669e+02 1.525e+02 + 6.926e+011.307e+02 1.246e+02 +
50| 1.679e+02 1.872e+02 5.268e+(18.700e+011.051e+02 5.689e+01 + 9.736e+011.061e+02 3.337e+01 + 7.893e+019.170e+01 3.933e+01 +
fiz 30| 1.881e+02 2.136e+02 8.914e+(1 1.996e+02 2.074e+02 1.239e+02 [ 9.286e+011.652e+02 1.267e+02 + 1.867e+021.930e+02 1.397e+02 =
50| 2.834e+02 2.890e+02 7.083e+(18.915e+011.215e+02 7.626e+01 + 1.078e+021.371e+02 8.159e+01 + 8.457e+011.075e+02 7.727e+01 +
fig 30| 9.746e+029.388e+02 7.088e+01 9.796e+02 9.550e+02 7.632e+01 [ 9.893e+02 9.827e+02 4.508e+01 | 9.802e+02 9.361e+02 8.747e+01 =
50| 9.376e+02 9.392e+02 8.816e+(J0 9.174e+029.193e+02 5.061e+00 + 9.179e+029.215e+02 8.786e+00 + 9.215e+029.225e+02 6.284e+00 +
fig 30| 9.761e+029.355e+02 6.813e+0] 9.903e+02 9.658e+02 6.961e+01 | 9.766e+02 9.491e+02 8.101e+01 F 9.869e+02 9.621e+02 7.957e+01 —
50| 9.346e+02 9.383e+02 1.234e+(19.206e+029.227e+02 9.796e+00 + 9.186e+029.207e+02 7.509e+00 + 9.208e+029.218e+02 6.888e+00 +
foo 30| 9.756e+029.553e+02 5.665e+0] 9.921e+02 9.703e+02 6.754e+01 | 9.836e+02 9.469e+02 8.077e+01 F 9.958e+02 9.814e+02 4.994e+01 —
50| 9.371e+02 9.393e+02 1.197e+(19.211e+029.231e+02 8.751e+00 + 9.171e+029.196e+02 6.372e+00 + 9.207e+029.205e+02 4.884e+00 +
f1 30| 5.098e+02 5.893e+02 2.082e+(25.001e+026.357e+02 2.500e+02 + 5.001e+025.857e+02 2.048e+02 + 5.001e+025.984e+02 1.953e+02 +
50| 1.018e+03 1.019e+03 3.643e+(0 1.010e+031.011e+03 3.544e+00 + 1.012e+031.013e+03 4.729e+00 + 1.010e+031.010e+03 3.471e+00 +
f» 30| 1.024e+031.026e+03 2.429e+0] 1.029e+03 1.030e+03 3.078e+01 [ 1.039e+03 1.035e+03 2.668e+01 F 1.029e+03 1.028e+03 3.003e+01 =
50| 9.095e+02 9.149e+02 2.018e+(1 8.982e+029.024e+02 1.424e+01 + 8.991e+028.997e+02 1.053e+01 + 8.930e+028.976e+02 1.478e+01 +
f3 30| 5.068e+02 5.277e+02 1.018e+(2 5.003e+025.743e+02 2.029e+02 + 5.000e+025.601e+02 1.689e+02 + 5.002e+025.986e+02 2.213e+02 +
50| 1.019e+03 1.019e+03 3.335e+(]0 1.010e+031.011e+03 3.540e+00 + 1.011e+031.011e+03 3.357e+00 + 1.009e+031.010e+03 4.263e+00 +
f4 30| 2.000e+022.000e+02 0.000e+0Q 2.000e+022.000e+02 0.000e+00 = 2.000e+022.000e+02 0.000e+00 = 2.000e+022.000e+02 0.000e+00 =
50| 1.029e+03 1.018e+03 5.740e+(1 1.018e+031.002e+03 1.158e+02 + 1.024e+031.024e+03 4.061e+00 + 1.019e+039.861e+02 1.621e+02 +
fs 30| 1.750e+031.750e+03 7.509e+0Q 1.763e+03 1.761e+03 1.350e+01 - 1.762e+03 1.760e+03 1.075e+01 [- 1.764e+03 1.762e+03 1.169e+01 —
50| 1.682e+03 1.682e+03 5.316e+(00 1.671e+031.671e+03 4.504e+00 + 1.672e+031.673e+03 5.690e+00 + 1.671e+031.671e+03 4.567e+00 +
Total number of (+/-/=): (36/5/9) Total number of (+/-/=): (36/5/9) Total number of (+/-/=): (35/7/8)

difference in comparison to the origingPSO algorithm in  minimum, whereas explorative strategies tend to spreaihthe
three unimodal functions{ — fs), in four multimodal g — f12), dividuals around many minima [23, 27, 98]. Thereby, theefor
and in some hybrid composition functions. This behavior, to mentioned behavior of the hybrid PSO variants was expected.
tally changes in the case @PSO:DE/best/2 hybrid. The in- The application of an exploitative mutation strategy dases
corporation of a second difference vector in the DE/besti2 m the power of the cognitive and social experience, resultirey
tation strategy, enhances the exploratory power of thetiouta more exploitative scheme, that generally performs worae th
procedure, which significantly improves the performandief the original PSO variant. On the other hand, as it is validlate
xPSO algorithm. TherebyPSO:DE/best/2 is statistically bet- by the aforementioned experimental results, for the mgjofi
ter thanyPSO in 35 out of 50 benchmark functions. It has athe considered benchmark functions, the incorporationefa
great impact on almost all unimodal functiorfs ¢ fs), three  plorative DE mutation strategy yields hybrid PSO varianithw
multimodal and one expanded functiofg ¢ f13), as well as on  significant performance gains. Thus, its incorporation Rs®
several hybrid composition function§§ — fi7, and fo; — f24). variant is highly recommended.

In previous works, we have observed that DE mutation Furthermore, it is very interesting to evaluate the impdct o
strategies exhibit different behavior based on their explothe proposed framework in a global PSO variant, since the
rative/exploitative dynamics. Exploitative strategiepidly  global version of a PSO algorithm utilizes a fully connected
gather all the individuals to the basin of attraction of eggn  topology, which leads to a very exploitative optimizatidga
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Table 2: Error values of the original local version of eSO algorithm and their corresponding exploitative hyltl variants on the 30 and 50-dimensional

CEC 2005 benchmark functions

xPSO xPSO:DE/best/1 xPSO:DE/current-to-best/1 xPSO:DE/best/2
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
f, 30| 5.328e+00 9.657e+00 1.233e+(1 0.000e+005.506e+00 2.754e+01 + 0.000e+008.049e+00 4.705e+01 4 0.000e+00 7.260e-01 2.968e+00 +
50| 0.000e+008.730e+01 1.950e+04 1.308e+03 2.029e+03 2.060e+03 |- 0.000e+00 8.334e+01 3.453e+02 |- 0.000e+00 2.657e+02 5.696e+02 =
f, 30| 0.000e+00 1.573e+01 8.112e+(1 0.000e+00 2.880e-02 1.115e-01 [ 0.000e+00 7.640e-03 3.400e-02 E 0.000e+00 2.830e-01 1.228e+00 =
50| 2.334e+02 7.774e+02 1.806e+(37.983e+03 1.027e+04 8.913e+03 |- 1.101e+021.116e+03 2.890e+03 + 2.736e+02 1.393e+03 2.228e+03 =
f3 30| 3.491e+06 1.020e+07 1.336e+(7 3.633e+056.505e+05 6.267e+05 + 6.205e+058.280e+05 6.470e+05 4+ 6.527e+058.152e+05 6.276e+05 +
50| 1.852e+07 1.988e+07 1.266e+(7 9.060e+061.780e+07 2.068e+07 + 2.388e+064.404e+06 5.730e+06 + 4.881e+067.594e+06 8.338e+06 +
f, 30| 1.555e+03 1.834e+03 1.088e+(3 3.261e+011.974e+02 4.063e+02 + 1.352e+011.170e+02 2.025e+02 + 4.239e+001.430e+02 3.571e+02 +
50| 2.813e+04 2.760e+04 1.007e+(4 2.189e+042.284e+04 1.033e+04 + 9.155e+039.733e+03 4.889e+03 + 6.808e+022.724e+03 5.027e+03 +
fs 30| 7.886e+03 8.101e+03 1.210e+(3 4.425e+034.610e+03 1.368e+03 + 4.656e+034.787e+03 1.118e+03 4+ 5.023e+034.958e+03 1.180e+03 +
50| 1.127e+04 1.117e+04 1.975e+(31.115e+041.082e+04 2.528e+03 = 1.102e+041.093e+04 2.220e+03 = 5.427e+035.629e+03 1.761e+03 +
fs 30| 3.602e+02 1.170e+03 1.790e+(3 1.331e+022.586e+04 1.337e+05 + 8.769e+012.626e+02 6.543e+02 + 7.841e+019.781e+03 6.693e+04 +
50| 3.979e+016.370e+06 2.129e+071 2.796e+07 3.507e+08 9.003e+08 |- 8.359e+01 3.065e+07 1.246e+08 [ 2.111e+02 2.022e+07 7.655e+07 —
fz 30| 6.788e+036.780e+03 1.291e+0Z 7.860e+03 7.815e+03 2.495e+02 | 7.841e+03 7.835e+03 2.356e+02 | 7.853e+03 7.801e+03 2.926e+02 —
50| 6.158e+03 6.154e+03 7.416e+(1 6.150e+036.158e+03 1.550e+02 = 6.140e+036.123e+03 8.054e+01 = 6.062e+036.071e+03 1.173e+02 +
fg 30| 2.090e+012.090e+01 5.354e-07 2.094e+01 2.092e+01 6.115e-02 [ 2.093e+01 2.093e+01 5.664e-02  2.093e+01 2.092e+01 5.522e-02 =
50| 2.114e+01 2.113e+01 4.368e-02 2.116e+01 2.115e+01 3.641le-02 |- 2.114e+012.113e+01 4.199e-02 = 2.116e+01 2.115e+01 3.738e-02 —
fo 30| 6.517e+01 6.543e+01 1.239e+(Q15.074e+014.949e+01 1.373e+01 + 4.875e+014.975e+01 1.195e+01 H 4.477e+014.704e+01 1.074e+01 +
50| 1.782e+02 1.765e+02 2.498e+(11.697e+021.771e+02 3.791e+01 = 1.210e+021.193e+02 2.348e+01 + 1.258e+021.230e+02 2.747e+01 +
fio 30| 8.756e+01 8.665e+01 1.850e+(1 4.577e+015.536e+01 3.384e+01 + 5.174e+015.417e+01 1.838e+01 4 4.676e+015.486e+01 3.575e+01 +
50| 1.837e+02 1.816e+02 3.686e+(11.847e+02 1.890e+02 4.366e+01 E 1.451e+021.409e+02 3.244e+01 + 1.175e+021.193e+02 2.272e+01 +
fi; 30| 2.802e+01 2.797e+01 2.487e+(0 1.929e+012.064e+01 5.435e+00 + 2.166e+012.209e+01 5.396e+00 + 2.253e+012.223e+01 4.757e+00 +
50| 5.874e+01 5.817e+01 3.433e+(0 4.889e+015.099e+01 6.702e+00 + 5.456e+015.341e+01 5.885e+00 + 5.266e+015.211e+01 7.780e+00 +
fi, 30| 1.128e+04 1.872e+04 2.137e+(4 3.362e+034.627e+03 4.789e+03 + 2.404e+033.721e+03 3.491e+03 4 3.277e+035.759e+03 7.156e+03 +
50| 2.896e+05 3.293e+05 1.922e+(5 3.449e+05 4.970e+05 5.155e+05 E 1.101e+051.313e+05 1.101e+05 + 1.887e+052.154e+05 1.403e+05 +
fi3 30| 5.389e+00 5.691e+00 1.775e+(0 3.120e+003.158e+00 8.580e-01 + 3.244e+003.302e+00 8.529e-01 + 3.242e+003.313e+00 9.144e-01 +
50| 1.471e+01 1.543e+01 4.475e+(0 2.499e+01 2.642e+01 9.929e+00 - 1.794e+01 2.002e+01 6.408e+00 | 1.025e+011.029e+01 2.643e+00 +
fis 30| 1.211e+011.205e+01 4.311e-0] 1.226e+01 1.220e+01 4.412e-01 [ 1.222e+01 1.215e+01 4.916e-01 E 1.233e+01 1.226e+01 4.293e-01 —
50| 2.193e+01 2.190e+01 4.937e-(1 2.127e+012.111e+01 7.217e-01 + 2.138e+012.135e+01 5.359e-01 + 2.189e+012.185e+01 5.111e-01 =
fis 30| 4.036e+02 3.929e+02 8.708e+(1 4.000e+023.827e+02 6.628e+01 7 4.015e+023.821e+02 9.402e+01 =| 4.010e+023.911e+02 6.197e+01 =
50| 4.513e+02 4.198e+02 8.718e+(15.540e+02 5.519e+02 7.497e+01 |- 4.467e+024.519e+02 5.049e+01 = 4.378e+024.305e+02 6.778e+01 =
fis 30| 1.512e+02 1.867e+02 1.055e+(2 7.383e+011.337e+02 1.304e+02 + 7.875e+011.642e+02 1.584e+02 4 7.219e+011.334e+02 1.217e+02 +
50| 1.679e+02 1.872e+02 5.268e+(11.844e+02 2.283e+02 1.166e+02 F 1.286e+021.708e+02 1.124e+02 + 1.277e+021.806e+02 1.191e+02 +
fiz 30| 1.881e+02 2.136e+02 8.914e+(1 1.982e+02 2.017e+02 1.403e+02 [ 1.899e+02 2.022e+02 1.484e+02 F 1.489e+021.762e+02 1.285e+02 +
50| 2.834e+02 2.890e+02 7.083e+(11.944e+022.492e+02 1.261e+02 + 1.295e+021.667e+02 1.042e+02 + 1.127e+021.551e+02 1.104e+02 +
fig 30| 9.746e+029.388e+02 7.088e+0] 9.847e+02 9.613e+02 6.849e+01 | 9.855e+02 9.588e+02 7.691e+01 | 9.862e+02 9.555e+02 7.531e+01 —
50| 9.376e+029.392e+02 8.816e+0Q 9.645e+02 9.696e+02 2.955e+01 |- 9.556e+02 9.575e+02 2.042e+01 |- 9.397e+02 9.426e+02 1.887e+01 =
fig 30| 9.761e+029.355e+02 6.813e+0] 9.950e+02 9.517e+02 8.768e+01 |- 9.805e+02 9.393e+02 8.442e+01 F 9.774e+02 9.481e+02 8.170e+01 =
50| 9.346e+029.383e+02 1.234e+0] 9.690e+02 9.723e+02 2.407e+01 |- 9.537e+02 9.600e+02 2.254e+01 |- 9.373e+02 9.383e+02 1.320e+01 =
fao 30| 9.756e+029.553e+02 5.665e+0] 9.831e+02 9.355e+02 8.549e+01 [ 9.839e+02 9.707e+02 5.447e+01 F 9.894e+02 9.693e+02 6.037e+01 —
50| 9.371e+02 9.393e+02 1.197e+(19.697e+02 9.737e+02 2.910e+01 |- 9.540e+02 9.617e+02 2.803e+01 |- 9.299e+029.343e+02 1.247e+01 +
f1 30| 5.098e+02 5.893e+02 2.082e+(2 5.000e+025.989e+02 2.303e+02 + 5.000e+025.472e+02 1.610e+02 4+ 5.001e+026.059e+02 2.324e+02 +
50| 1.018e+03 1.019e+03 3.643e+(0 1.025e+03 1.018e+03 8.232e+01 - 1.017e+039.813e+02 1.549e+02 5 1.016e+031.018e+03 7.491e+00 +
f» 30| 1.024e+03 1.026e+03 2.429e+(Q1 1.027e+03 1.031e+03 3.079e+01 [ 1.030e+03 1.034e+03 3.300e+01 F 1.023e+031.031e+03 2.738e+01 =
50| 9.095e+029.149e+02 2.018e+01 9.495e+02 9.523e+02 4.360e+01 |- 9.406e+02 9.419e+02 3.157e+01 |- 9.127e+02 9.227e+02 3.087e+01 =
fo3 30| 5.068e+02 5.277e+02 1.018e+(2 5.000e+026.371e+02 2.553e+02 + 5.001e+025.912e+02 2.183e+02 4 5.006e+026.124e+02 2.429e+02 +
50| 1.019e+03 1.019e+03 3.335e+(0 1.025e+03 1.029e+03 6.805e+01 |- 1.018e+039.967e+02 1.413e+02 5 1.016e+031.017e+03 5.825e+00 +
f4 30| 2.000e+022.000e+02 0.000e+0Q 2.000e+022.000e+02 0.000e+00 = 2.000e+022.060e+02 4.243e+01 = 2.000e+022.000e+02 0.000e+00 =
50| 1.029e+03 1.018e+03 5.740e+(1 1.026e+031.042e+03 5.751e+01 + 1.019e+038.878e+02 2.391e+02 + 1.020e+031.022e+03 8.851e+00 +
fs 30| 1.750e+031.750e+03 7.509e+0Q 1.760e+03 1.760e+03 1.187e+01 | 1.762e+03 1.762e+03 1.037e+01 | 1.760e+03 1.761e+03 1.070e+01 —
50| 1.682e+03 1.682e+03 5.316e+(0 1.686e+03 1.689e+03 1.273e+01 - 1.675e+031.677e+03 7.781e+00 + 1.677e+031.678e+03 8.306e+00 +
Total number of (+/-/=): (19/17/14) | Total number of (+/-/=): (25/10/15) | Total number of (+/-/=): (30/7/13)

rithm. Recall that the global version of a PSO algorithm in-hybridization of the global PSO version with any DE mutation
cludes the global best particle in its velocity update rule. strategy is also highly recommended. Due to lack of space the
corresponding tables have been excluded from this paper, bu

Initially, one can suppose that the incorporation of the-pro they will be provided to the interested reader upon request.

posed framework, especially with an exploitative DE matati
strategy, may result in a very inefficient PSO variant. Nther
less, we have utilized the proposed hybridization framé&iror
the global version of thePSO algorithm. The hybrid PSO vari-
ants with either explorative or exploitative DE mutatiorage-
gies, exhibit either significant performance differencesp-
erates similarly for the majority of the benchmark functon
Specifically, the performance of the glopgPSO variant has
been significantly enhanced in all unimodé&l £ fs), expanded
(f13 and f14), and hybrid composition functions;§ — fs) and
in the majority of the multimodal functions. The performanc
of the globalyPSO variant has been deteriorated by the pro-
posed framework, only irf; and fg functions. Therefore, the
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5.1.1. CPU time overhead of the proposed framework

To demonstrate the computational time overhead of the pro-
posed framework, we calculate the wall clock CPU time of the
PSO algorithm and the corresponding hybrid variants on each
benchmark function. Thereby, the computational time osach
of a hybrid against a PSO algorithm on the benchmark function
f, Overheadf), can been calculated according to the following
formula:

PSO: DEme(f) = PSQime(f)
PSQime(f) ’

Overheadf) = (12)



0.06 5.1.2. Statistical significance analysis of the Hybj&®SO
Variants
0.05} To evaluate the statistical significance of the observefbper
mance differences, we additionally provide an extensiatisst
5 0.04f tical analysis [18, 30]. The analysis firstly includes statal
S test procedures that can rank the performance of a detbf
5 gorithms and answer whether there is a significant deferiance
3 003 the performance of at least two of those algorithms. If there
ag’ is a significant difference, we can continue by applying &pos
F0.02r hoc test analysis to determine in which cases the best perfor
ing algorithm exhibits a significant variation. The statiat
0.01F analysis ends with the application of the Empirical Cumiuéat
‘ probability Distribution Function graph of the performarer-
0 I |.|||‘|. i | il ol ror (ECDF). ECDF graph demonstrates the performance of all
DEmeS‘lola‘ar\dko,besﬂéemesﬂga‘anggeﬁar\d'1 algorithms in all test cases and can be utilized as an oyezall
S formance visualization statistic.
0.045 More specifically, we firstly utilize three procedures fostte
0.041 ing the differences between more than two related samples,
namely, the Friedman, the Aligned Friedman, and the Quade
0.035F ’ tests [13, 18, 30, 89]. The Friedman test (Friedman two-way
- 003" analysis of variances by ranks) is a non-parametric meltipl
8 comparisons test, which aims to detect significant diffeesn
5 0.025- between the behavior of two or more population samples. It
é 002 answers if in a set of population samples, witk > 2, there
£ are at least two population samples with different medidn va
F 0.015¢ ues. The null hypothesis states that all population saniaies
001k equal medians, while the alternative hypothesis is defisedex
negation of the null hypothesis. The Aligned Friedman test i
0.005¢ ‘ ‘ a variation of the Friedman test, which utilizes alignecksaio
0 | | ‘ ‘ handle intra-block effects in a population sample [13, 3], 8
DelbesD\%g&?,\ofbes‘oelbesDel‘a‘%)el(a“d Finally, the Quade test is a variation of the Friedman test,

Figure 5: Computational time overhead of the proposed HybE strategies
against the/PSO algorithm on the 30—dimensional versions (top) and the 5

dimensional versions (bottom) of the CEC 2005 suite.

which takes into account the fact that some cases in the pop-
ulation sample may be more important than others (Friedman
test considers all cases to be equal in terms of importaB6g) [
Thereby, the rankings computed by the Quade test could be
scaled depending on the differences observed in the samples
Consequently, if there is a significant difference, we cam-co
tinue by applying a post-hoc test analysis to determine iichvh
cases the best performing algorithooGtrol methodl exhibits

a significant variation. Here, we utilize post-hoc testdwuiif-

where PS@he(f) and PSO: DEne(f), indicate the mean value ferent abilities and characteristics [13, 18, 30, 89].

of the wall clock CPU time measured, on the benchmark func- Finally, to provide a summarizing comparison of the im-
tion f over the conducted simulations, for the PSO and theplemented algorithms on all benchmark functions, we tiliz
PSO:DE hybrid algorithm respectively. As such, Figure 5 il-the Empirical Cumulative probability Distribution Funati
lustrates the computational time overhead of the propoged h (ECDF) of the performance error values. Specifically, for an
brid DE strategies against thgPSO algorithm on the 30— algorithm A on a functionf, the error value (error) achieved
dimensional versions (top) and the 50—dimensional vessionby A on functionf is computed. Therefore, smaller values of
(bottom) of the CEC 2005 suite. It can be clearly observedrror correspond to better performance. H@DF of errors
that on average the computational time overhead is below 2%or an algorithm in a number of functions is a cumulative
and 4% for the majority of the proposed hybrids, over the 30-probability distribution function defined as:

dimensional and 50-dimensional versions of the considered
function suite, respectively. Only DE/best/2 exhibits aemo
head between 3% and 5% for some 30—dimensional benchmark
functions. Let us remind you that the implementation of the
proposed framework does not contain any source code optwherel(-) is the indicator function. In other words, tRe&CDF
mization, thus the computational time overhead could be furmeasure captures the empirical probability of observingran
ther reduced. ror value smaller or equal tr. First, we compute the errors
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a3
1
ECDF(x) = o Z I (errof < X),
i=1



Table 3: Average Rankings of the local version of RSO variants, achieved Table 4: Post-hoc tests analysis for the Friedman, Aligngddfman, and

by the Friedman, Aligned Friedman, and Quade statisticd$ te Quade tests. For each test, we provide phelues of the Holm, Rom, and
Average Ranking Finner post-hoc tests at the level of significance 0.05.
Algorithms Friedman Aligned Friedman Quade Post-hocp-values for the Friedman test, with control methg®SO:TDE/rand/1
XPSO 5.150(7)  243.470(7)  4.809(7) S0 16965 2 620365 0 0083 (¥ 0.0087 (I G005 7
xPSO:DE/best/1 4.810 (6) 234.129 (6) 4.326 (6) YPSO:DE/best/l  3.9115 9.1690e-5 0.0100 (+) 0.0105 (+) 0.04p
xPSO:DE/rand/1 3.220 (2) 132.739 (1) 3.632 (2) XPSS:SDOE/SZE;SO-Bezst/l 12.515765 g.(());;:; ggfgg(ﬁ)) ggfgé((:)) -023130(3;26(

. es| . . . = . = . +
xPSO:DE/cur-to-best|14.190 (5)  187.489 (5)  4.141(5) j((PSO:DE/randIZ 1.0415 0.2976 0.0250 (=) 0.0250 (=)  0.0418 (=
xPSO:DE/best/2 3.940 (4) 159.280 (4) 3.957 (4) YPSO:DE/rand/1  0.2314 0.8169 0.0500 (=) 0.0500 (=) 0.0500 (=
xPSO:DE/rand/2 3.570 (3) 135.710 (3) 3.637 (3) Post-hocp-values for the Aligned Friedman test, with control metheBSO:DE/rand/1
(PSOTDEfandL | 3120(1) 135680(2) 3495(1) —pim L be Ho o S e
Statistic 38.4214 41.2879 1.7939 PSO:DE/best/L ~ 5.0103 5.4330e-7 0.0100 (+) 0.0105 (+)  OOLp
p-value 9.291e-7 2.541e-7 0.100 xPSO:DE/cur-to-best/1 2.7055 0.0068 0.0125 (+) 0.0131 (+) .02%B (+)

XPSO:DE/best/2  1.3115 0.1896 0.0166 (+) 0.0166 (=)  0.0336 (+
YPSO:DEfrand/2  0.1467 0.8833 0.0250 (=) 0.0250 (=)  0.0418 (=
YPSO:TDE/rand/1  0.1452 0.8844 0.0500 (=) 0.0500 (=)  0.05(0 (

: ; . Post-hocp-values for the Quade test, with control methg&SO:TDE/rand/1
for all considered algorithms on all the functions and then w algorithm Zvalie pvalue — Holm —— Rom Sner

compute th&eCDF for each algorithm. This enables a summa- (PSO 15287 0.1263 0.0083 (+) 0.0087 () __ 0.0085 (¥
s : . : YPSO:DE/best/l  0.9668 0.3336 0.0100 (=) 0.0105(=)  0.019 (=
rizing comparison of the algorithms in all the benchmarlss, a PSODE/CUMo-bestl 0.7511 04525 0.0125 (=) 0.0131 (=) L0288 (=)

largerECDF values for the same argument correspond to better yPSO:DE/besv2  0.5372 0.5910 0.0166 (=) 0.0166(=)  0.036 (=
erformance YPSO:DE/rand/2  0.1655 0.8685 0.0250 (=) 0.0250 (=)  0.0418 (=
p : YPSO:DE/rand/1  0.1591 0.8735 0.0500 (=) 0.0500 (=)  0.0500 (=

The statistical analysis starts with Table 3, which depiuts
average rankings computed through the Friedman, the Adigne
Friedman, and the Quade tests. At the bottom of the table wisothyPSO:DE/best/1 angPSO:DE/cur-to-best/1 hybrids.
demonstrate the statistics of each test along with its spmed- Finally, to provide a summarizing comparison of the pro-
ing p-values. Thep-values computed through the statistics of posed framework on all benchmark functions, we utilize
the first two statistical tests (81e-7,2.541e-7)and the Iman  the Empirical Cumulative probability Distribution Funuti
and Davenport extensiofr{ = 7.1972 p-value: 3531e-7),  (ECDF) of the solution error values on all 30 and 50—
strongly suggests the existence of significant differeacesng  dimensional versions of the CEC 2005 benchmark functions.
the considered algorithms, at the level of significamee0.05.  Figure 6, illustrates th&CDF of the error for the original lo-
The p-value of the Quade test rejects the null hypothesis at theal version ofyPSO versus its hybrid DE variants. As it can
significance level ofr = 0.05, while acceptsitat = 0.1. Thus,  be clearly observed, the hybrid DE variants of RSO al-
the Quade test suggests that the corresponding algoritbess d gorithm exhibit a great potential on the CEC 2005 function
not exhibit significant differences in the most difficult lsbA  set. Almost all hybrid DE variants exhibit higher ECDF val-
mark functions at the level of significanae= 0.05, while there  yes compared with the origingPSO algorithm, except for the
are significant differences if we increase the leverat 0.1.  ,PSO:DE:best/1, which demonstrates lower ECDF values in
Additionally, Table 3 highlights the ranking of the consie@  many solution error values. In general, theSO:DE:rand/1
algorithms. Itis obviousto observe that the origipRISO algo-  and yPSO:TDE:rand/1 produce one to two orders of magni-
rithm always comes in the last position of the rankings, @hil tude less error values than the origin&SO algorithm, i.e.
the first two positions belong to the?SO:DE/rand/1 and the the PSO:DE:rand/1 andPSO:TDE:rand/1 curves reach unity
xPSO:TDE/rand/1 hybrids. As expected by the aforementionegt approximate errorfQwhile the originalyPSO curve at ap-
extensive results, the first three positions always belorthé  proximate error1® (please refer to the zoomed subfigure in-
hybrid PSO variants with explorative mutation strategigisile  side Figure 6). A similar behavior can be observed for the
the next three positions always belong to the hybrids with ex, PSO:DE:rand/2 variant, where it reaches unity at approtéma
ploitative mutation strategies. errorl0.

To detect the cases in which the best performing algorithm
(control methodi exhibits a significant variation, we continue g Hybridization of State-of-the-art PSO Variants
with the post-hoc analysis. Table 4 demonstrates the sesult
of the post-hoc tests for the Friedman, Aligned Friedmad, an  In this subsection, we apply the hybrid DE-based framework
Quade tests. For each test, we exhibit fhealues of the post- on five well known and widely used PSO variants. Based on the
hoc tests at the level of significanae = 0.05. Notice that aforementioned analysis on th€SO algorithm, we apply to
the control method of the Friedman and the Quade test is ththe PSO variants the three best performing DE mutationestrat
xPSO:TDE/rand/1 hybrid, while for the Aligned Friedman testgies i.e. the explorative DE/rand/1, DE/rand/2, and T Didlfa.
is theyPSO:DE/rand/1 hybrid. We can safely conclude that forSpecifically, we incorporate the proposed framework orhé) t
each test, the corresponding control method is alwaysfsigni Bare Bones Particle Swarm Optimization (BBPSO) [46], ii)
cantly different to the origingtPSO algorithm. Additionally, the Dynamic Multi Swarm Particle Swarm Optimization (DM-
from the first two tests, we can highlight that there is a gigni SPSO) [53], iii) the Fully Informed Particle Swarm Optimiza
cant difference between the corresponding control methdd a tion (FIPS) [57], iv) the Unified Particle Swarm Optimizatio
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Table 5: Error values of the BBPSO algorithm and their cqoesling explorative hybrid DE variants on the 30 and 50—dsienal CEC 2005 benchmark functions

BBPSO BBPSO:DE/rand/1 BBPSO:DE/rand/2 BBPSO:TDE/rand/1
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
f, 30| 0.000e+00 0.000e+00 0.000e+Q0 0.000e+00 0.000e+00 0.000e+00 [ 0.000e+00 0.000e+00 0.000e+00 F 0.000e+00 0.000e+00 0.000e+00
50| 0.000e+00 0.000e+00 0.000e+(0 0.000e+00 0.000e+00 0.000e+00 E 0.000e+00 0.000e+00 0.000e+00 [ 0.000e+00 0.000e+00 0.000e+00
f, 30| 6.000e-03 9.260e-03 8.480e-03 0.000e+000.000e+00 0.000e+00 + 0.000e+00 7.200e-04 2.295e-03 + 0.000e+000.000e+00 0.000e+00
50| 2.407e+02 2.886e+02 1.452e+(J2 6.600e-02 9.474e-02 9.389e-02 + 6.257e+03 6.169e+03 2.161e+03 |- 4.234e+015.274e+01 4.550e+01
f3 30| 1.243e+06 1.295e+06 5.728e+(Q5 2.884e+053.398e+05 1.905e+05 + 6.326e+056.659e+05 3.727e+05 4+ 4.366e+054.476e+05 1.635e+05
50| 3.693e+06 3.709e+06 9.352e+(58.047e+058.501e+05 2.933e+05 + 2.445e+07 2.565e+07 1.008e+07 [+ 1.202e+061.365e+06 5.064e+05
f, 30| 1.962e+03 2.307e+03 1.188e+(3 4.600e-02 4.047e-01 1.048e+00 + 1.436e+002.362e+00 4.151e+00 4 5.250e-02 3.123e-01 1.149e+00
50| 3.026e+04 2.965e+04 6.094e+(03 6.533e+027.857e+02 5.018e+02 + 1.811e+041.861e+04 5.227e+03 + 2.708e+032.837e+03 1.400e+03
fs 30| 5.243e+03 5.314e+03 1.033e+(3 2.470e+032.490e+03 4.814e+02 + 4.436e+024.746e+02 3.038e+02 + 2.569e+032.614e+03 4.749e+02
+ +
= +
n
mn
4
mn

50| 1.295e+04 1.262e+04 1.969e+(3 3.425e+033.363e+03 5.542e+02 4.249e+034.278e+03 6.310e+02 3.830e+033.796e+03 4.907e+02
fs 30| 1.148e+01 2.796e+01 4.218e+(1 1.665e+012.363e+01 2.879e+01 9.000e-03 5.609e-01 1.738e+00 1.758e+012.241e+01 2.147e+01
50| 4.016e+01 5.831e+01 4.576e+(1 3.806e+015.808e+01 3.589e+01 3.782e+015.276e+01 2.660e+01 3.897e+015.049e+01 2.297e+01
f; 30| 4.696e+03 4.696e+03 5.039%e-(1 4.696e+034.696e+03 1.837e-12 4.696e+034.696e+03 1.837e-12 4.696e+034.696e+03 1.837e-12
50| 6.195e+03 6.197e+03 4.553e+(006.195e+036.195e+03 4.594e-12 6.196e+03 6.196e+03 4.949e-01 | 6.195e+036.195e+03 4.594e-12
fg 30| 2.095e+01 2.094e+01 5.696e-02 2.094e+012.094e+01 5.119e-02 2.095e+01 2.095e+01 4.447e-02 F 2.096e+01 2.095e+01 5.207e-02 =
50| 2.115e+01 2.114e+01 2.978e-(2 2.114e+012.114e+01 4.412e-02 2.114e+012.113e+01 3.845e-02 = 2.114e+012.113e+01 4.265e-02 =
fg 30| 5.622e+01 5.635e+01 1.079e+(1 3.980e+014.107e+01 1.164e+01 4.278e+014.473e+01 1.369e+01 + 4.179e+014.171e+01 1.250e+01 +
50| 1.338e+02 1.329e+02 2.131e+(1 8.805e+018.911e+01 1.861e+01 9.999e+019.657e+01 2.265e+01 + 8.656e+018.754e+01 2.055e+01 +
fio 30| 7.213e+01 7.556e+01 1.919e+(1 4.908e+016.447e+01 4.302e+01 1.553e+02 1.419e+02 4.825e+01  1.033e+02 1.113e+02 6.642e+01 =
50| 1.691e+021.755e+02 4.101e+01 3.418e+02 2.837e+02 1.187e+02 - 3.100e+02 2.837e+02 1.024e+02 |- 3.528e+02 3.404e+02 5.788e+01 —
fi1 30| 2.790e+01 2.802e+01 1.926e+(0 2.872e+012.737e+01 7.856e+00 7 3.503e+01 3.471e+01 3.749e+00 |- 2.575e+012.604e+01 8.401e+00 =
50| 5.483e+015.471e+01 3.821e+0Q 6.843e+01 6.552e+01 9.517e+00 |- 6.948e+01 6.915e+01 4.423e+00 | 6.922e+01 6.769e+01 5.956e+00 —
fi, 30| 1.590e+03 2.585e+03 2.746e+(3 1.762e+032.423e+03 2.512e+03 = 1.247e+032.217e+03 2.435e+03 = 1.970e+03 2.826e+03 3.003e+03 =
50| 1.447e+04 1.505e+04 9.270e+(3 8.694e+031.056e+04 8.017e+03 + 1.665e+04 1.667e+04 1.244e+04 E 4.577e+037.914e+03 7.815e+03 +
fi3 30| 6.252e+00 6.503e+00 1.855e+(0 3.049e+003.164e+00 7.816e-01 + 3.260e+003.286e+00 8.615e-01 + 3.294e+003.376e+00 8.327e-01 +
50| 1.763e+01 1.839e+01 4.973e+(005.909e+005.914e+00 1.052e+00 + 6.739e+007.813e+00 4.580e+00 + 5.988e+006.000e+00 1.184e+00 +
fi4 30 1.237e+011.229e+01 3.984e-01 1.300e+01 1.279e+01 5.299e-01 | 1.307e+01 1.299e+01 4.143e-01 | 1.295e+01 1.292e+01 3.989e-01 —
50| 2.223e+012.209e+01 4.659e-01 2.297e+01 2.288e+01 2.941e-01 - 2.301e+01 2.288e+01 3.969e-01 - 2.295e+01 2.291e+01 2.038e-01 —
fis 30| 3.033e+023.249e+02 8.537e+0] 4.000e+02 3.663e+02 7.742e+01 [ 4.000e+02 3.758e+02 8.810e+01 [ 3.000e+02 3.477e+02 7.293e+01 =
50| 2.511e+022.834e+02 8.431e+01 4.000e+02 3.541e+02 8.385e+01 - 4.000e+02 3.563e+02 8.323e+01 |- 4.000e+02 3.360e+02 9.207e+01 —
fie 30| 1.187e+02 1.356e+02 5.300e+(1 7.661e+011.064e+02 8.450e+01 H 1.792e+02 1.719e+02 7.859e+01 [ 1.004e+02 1.459e+02 1.164e+02 =
50| 1.318e+021.408e+02 3.960e+01 2.399e+02 2.025e+02 8.719e+01 - 2.095e+02 1.981e+02 6.608e+01 |- 2.475e+02 2.417e+02 3.913e+01 —
fi7 30| 1.580e+02 1.737e+02 6.599e+(1 8.545e+011.348e+02 1.009e+02 + 1.851e+02 2.043e+02 8.026e+01 [+ 1.872e+02 1.837e+02 1.024e+02 =
50| 2.038e+022.099e+02 4.542e+01 2.602e+02 2.527e+02 5.254e+01 - 2.653e+02 2.620e+02 3.378e+01 |- 2.620e+02 2.666e+02 4.111e+01 —
fig 30| 9.270e+02 9.101e+02 4.536e+(1 9.101e+029.036e+02 2.658e+01 9.071e+028.988e+02 2.948e+01 9.119e+028.892e+02 4.808e+01
50| 9.928e+02 9.935e+02 2.367e+(1 9.279e+029.255e+02 1.890e+01 9.234e+029.069e+02 9.336e+01 9.280e+029.182e+02 3.614e+01
fig 30| 9.247e+02 9.209e+02 3.222e+(1 9.103e+028.950e+02 3.879e+01 9.067e+029.029e+02 2.133e+01 9.120e+029.016e+02 3.442e+01
50| 9.866e+02 9.913e+02 1.812e+(1 9.259e+029.111e+02 9.017e+01 9.229e+029.031e+02 9.205e+01 9.276e+029.235e+02 2.762e+01
foo 30| 9.247e+02 9.167e+02 3.558e+(1 9.097e+028.930e+02 4.106e+01 9.076e+029.054e+02 1.534e+01 9.121e+028.927e+02 4.399e+01
50| 9.868e+02 9.890e+02 2.113e+(1 9.270e+029.193e+02 3.153e+01 9.226e+029.180e+02 2.445e+01 9.267e+029.131e+02 3.987e+01
fo1 30| 5.000e+02 5.060e+02 4.243e+(15.000e+02 5.248e+02 1.067e+02 F 5.000e+02 5.240e+02 8.221e+01 F 5.000e+02 5.512e+02 1.647e+02 =
50| 5.000e+02 5.199e+02 1.063e+(25.000e+02 5.060e+02 4.243e+01 = 5.000e+02 5.000e+02 0.000e+00 F 5.000e+02 5.242e+02 8.277e+01 =
fo, 30| 9.649e+02 9.675e+02 2.823e+(19.155e+029.161e+02 1.481e+01 + 9.201e+029.157e+02 1.564e+01 + 9.168e+029.163e+02 1.373e+01 +
50| 1.006e+03 1.006e+03 1.564e+(1 9.648e+029.623e+02 1.051e+01 4+ 9.812e+029.810e+02 1.259e+01 H 9.626e+029.612e+02 9.699e+00 +
f,3 30| 5.000e+02 5.653e+02 1.887e+(25.000e+025.180e+02 7.197e+01 = 5.000e+025.180e+02 7.197e+01 = 5.000e+025.321e+02 1.348e+02 =
50| 5.000e+02 5.000e+02 0.000e+Q05.000e+02 5.060e+02 4.243e+01 [ 5.000e+02 5.060e+02 4.243e+01 [ 5.000e+02 5.120e+02 5.938e+01
fos 30| 2.000e+02 2.000e+02 0.000e+(0 2.000e+02 2.000e+02 0.000e+00 F 2.000e+02 2.000e+02 0.000e+00 [F 2.000e+02 2.000e+02 0.000e+00
50| 2.000e+02 2.211e+02 1.374e+(22.000e+02 2.000e+02 0.000e+00 [ 2.000e+02 2.000e+02 0.000e+00 [ 2.000e+02 2.000e+02 0.000e+00
fos 30| 1.669e+03 1.668e+03 7.609e+(0 1.636e+031.637e+03 7.052e+00 + 1.658e+031.657e+03 9.273e+00 + 1.632e+031.634e+03 6.186e+00 +
50| 1.724e+03 1.724e+03 6.689e+(00 1.686e+031.687e+03 5.760e+00 + 1.713e+031.714e+03 4.454e+00 + 1.683e+031.683e+03 3.877e+00 +
Total number of (+/-/=): (27/8/15) Total number of (+/—/=): (23/13/14) | Total number of (+/—/=): (25/7/18)
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(UPSO) [75, 76], and v) the Comprehensive Learning Particldrids substantially influence its performance. Table 5hhig
Swarm Optimizer (CLPSO) [52]. lights that all hybrid variants exhibit significant improwents
We evaluate the performance of the five PSO variants andn all unimodal €; — fs), the majority of hybrid composition
their corresponding DE-based modifications on the 30 and théfis — f2s), and on five multimodal functionsfd — fs, and
50—dimensional versions of the CEC 2005 function set. Tafiz). On the contrary, the performance of the BBPSO algo-
bles 5-9 report their comprehensive experimental redtittan  rithm is deteriorated by the hybrid DE mutation strategiely o
be easily observed that the hybrid approaches exhibitaiimil on 6 functions, i.e. in two multimodalf{, and f11), one ex-
ties on their performance, so based on their performande simpandedfi4, and three hybrid composition functiongd — f;7).
larities, we can distinguish them on three groups; BBPSO anfoncluding, we observe that between the three hybrids the
DMSPSO, FIPS and UPSO, and CLPSO. best performing variant, in terms of lower error values his t
For the first group, we can easily observe that all hybrid-vari BBPSO:DE/rand/1; second comes BBPSO:TDE/rand/1, while
ants result either significant performance gains or opeiate ~ Next comes the BBPSO:DE/rand/2 hybrid. This observation is
ilarly, on all unimodal and the majority of hybrid compositi  Validated through the aforementioned statistical rankesss
functions. In the multimodal function cases, each algarith and the corresponding post-hoc analysis, which strongly su
exhibits different performance, but in most of the casesigre  gest that there exist statistical significant performaniffere
brids outperform the corresponding PSO algorithms. ences among the considered hybrids and the BBPSO algorithm.

More specifically, in the BBPSO case, the proposed hy-Tying to rationalize the highlighted improvements, weatec
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Table 6: Error values of the DMSPSO algorithm and their gpoading explorative hybrid DE variants on the 30 and 50edsional CEC 2005 benchmark

functions
DMSPSO DMSPSO:DE/rand/1 DMSPSO:DE/rand/2 DMSPSO: T Dt
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
fi 30| 1.143e+02 3.135e+02 4.149e+(2 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 +
50| 2.349e+02 3.870e+02 3.855e+(2 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 + 0.000e+000.000e+00 0.000e+00 +
f, 30| 1.536e+02 7.801e+02 2.109e+(3 0.000e+000.000e+00 0.000e+00 + 0.000e+00 4.000e-05 1.979e-04 + 0.000e+000.000e+00 0.000e+00 +
50| 3.311e+02 9.666e+02 1.409e+(3 7.500e-02 1.199e-01 1.503e-01 + 2.365e+03 2.583e+03 1.134e+03 |- 1.426e+011.863e+01 1.291e+01 +
f3 30| 3.898e+06 5.623e+06 6.225e+(6 4.907e+055.242e+05 2.489e+05 + 7.316e+058.041e+05 4.326e+05 4+ 6.509e+057.501e+05 3.905e+05 +
50| 8.835e+06 1.317e+07 1.579e+(7 1.373e+061.434e+06 4.832e+05 + 2.395e+07 2.499e+07 9.690e+06 |- 2.382e+062.423e+06 9.628e+05 +
f4, 30| 2.945e+02 8.561e+02 1.292e+(3 5.500e-03 5.178e-02 1.071e-01 + 1.770e-016.673e+00 4.310e+01 4 9.000e-035.451e+00 3.003e+01 +
50| 1.306e+04 1.343e+04 3.945e+(3 3.866e+025.254e+02 4.393e+02 + 1.014e+041.077e+04 3.905e+03 + 1.586e+031.653e+03 9.844e+02 +
fs 30| 4.368e+03 4.261e+03 1.873e+(3 2.283e+032.296e+03 8.238e+02 + 4.280e-011.787e+02 6.176e+02 4+ 2.550e+032.590e+03 8.867e+02 +
50| 5.311e+03 5.533e+03 1.449e+(3 3.073e+033.170e+03 7.913e+02 + 3.207e+033.150e+03 1.448e+03 + 3.454e+033.560e+03 6.465e+02 +
fs 30| 2.226e+06 2.721e+07 7.289e+(Q7 1.678e+015.107e+01 8.251e+01 + 8.445e-011.503e+00 1.816e+00 + 1.910e+014.303e+01 5.599e+01 +
50| 2.226e+06 1.768e+07 4.103e+(7 5.984e+011.031e+02 8.942e+01 + 3.591e+015.565e+01 3.536e+01 + 4.329e+017.337e+01 4.989e+01 +
fz 30| 4.297e+03 4.335e+03 2.190e+(2 4.186e+034.208e+03 1.397e+02 + 4.224e+034.204e+03 1.629e+02 H 4.214e+034.220e+03 2.013e+02 +
50| 6.029e+03 6.050e+03 1.312e+(2 6.001e+035.989e+03 5.232e+01 + 5.973e+035.963e+03 8.479e+01 + 5.974e+035.979e+03 5.398e+01 +
fg 30| 2.093e+012.093e+01 6.189e-03 2.097e+01 2.097e+01 4.510e-02 | 2.098e+01 2.098e+01 5.030e-02  2.098e+01 2.098e+01 4.104e-02 —
50| 2.113e+012.113e+01 3.770e-04 2.115e+01 2.114e+01 3.609e-02 F 2.116e+01 2.115e+01 3.617e-02 - 2.116e+01 2.115e+01 3.091e-02 —
fo 30| 4.524e+01 4.848e+01 1.499e+(1 3.096e+013.194e+01 1.017e+01 + 4.324e+014.726e+01 1.254e+01 = 2.639e+012.798e+01 9.064e+00 +
50| 1.006e+02 9.893e+01 2.169e+(15.926e+016.024e+01 1.518e+01 + 9.372e+019.706e+01 2.443e+01 5 5.330e+015.209e+01 1.215e+01 +
fio 30| 7.797e+01 7.999e+01 2.003e+(Q15.940e+015.972e+01 2.586e+01 + 9.556e+01 9.700e+01 1.619e+01 [ 8.544e+01 8.464e+01 1.613e+01 =
50| 1.673e+021.662e+02 2.167e+01 1.977e+02 1.966e+02 1.990e+01 |- 2.255e+02 2.209e+02 2.477e+01 |- 1.899e+02 1.874e+02 1.633e+01 —
fi; 30| 2.929e+01 2.903e+01 2.259e+(0 2.981e+012.787e+01 5.862e+00 5 3.315e+01 3.297e+01 1.829e+00 [ 3.150e+01 3.089e+01 2.397e+00 —
50| 5.795e+015.774e+01 2.256e+0Q 6.084e+01 6.083e+01 1.433e+00 |- 6.385e+01 6.346e+01 2.902e+00 |- 6.102e+01 6.085e+01 2.349e+00 —
fi, 30| 5.375e+04 7.843e+04 6.836e+04 2.957e+044.452e+04 4.304e+04 + 2.522e+045.098e+04 7.114e+04 4+ 1.866e+043.142e+04 3.786e+04 +
50| 1.212e+05 1.659e+05 1.461e+(56.368e+047.716e+04 7.845e+04 + 6.368e+048.903e+04 7.232e+04 + 5.644e+047.678e+04 7.333e+04 +
fi3 30| 9.962e+00 1.127e+01 5.622e+(0 2.981e+003.039e+00 8.358e-01 + 6.792e+006.786e+00 1.972e+00 4+ 3.251e+003.827e+00 1.716e+00 +
50| 7.812e+00 8.219e+00 2.218e+(0 5.843e+006.220e+00 1.726e+00 + 1.487e+01 1.490e+01 4.858e+00 |- 1.128e+01 1.163e+01 5.020e+00 —
fia 30| 1.212e+011.207e+01 6.594e-01 1.294e+01 1.289e+01 2.232e-01 |- 1.314e+01 1.306e+01 2.150e-01  1.294e+01 1.285e+01 3.322e-01 —
50| 2.246e+012.241e+01 2.289e-01 2.278e+01 2.276e+01 1.869e-01 |- 2.272e+01 2.274e+01 2.212e-01 - 2.277e+01 2.272e+01 2.164e-01 —
fis 30| 5.105e+02 5.222e+02 8.016e+(1 3.277e+023.364e+02 9.731e+01 + 2.767e+022.926e+02 8.687e+01 + 3.047e+023.248e+02 7.782e+01 +
50| 3.694e+02 3.778e+02 6.679e+(1 2.265e+022.479e+02 6.049e+01 + 2.784e+022.913e+02 5.926e+01 + 2.143e+022.401e+02 6.021e+01 +
fis 30| 2.250e+02 2.916e+02 1.683e+(2 1.109e+021.553e+02 1.157e+02 + 1.332e+021.753e+02 9.790e+01 4 1.114e+021.650e+02 1.174e+02 +
50| 1.419e+02 1.670e+02 8.193e+(1 1.495e+021.614e+02 3.348e+01 + 1.730e+02 1.869e+02 4.981e+01 |- 1.502e+02 1.789e+02 7.482e+01 —
fi7 30| 2.300e+02 2.988e+02 1.675e+(2 1.653e+022.035e+02 1.136e+02 + 1.865e+022.311e+02 9.230e+01 =| 1.817e+022.310e+02 1.113e+02 =
50| 2.163e+022.413e+02 7.257e+0] 2.281e+02 2.471e+02 5.777e+01 |- 2.472e+02 2.579e+02 4.811e+01 |- 2.154e+022.411e+02 6.038e+01 =
fig 30| 9.249e+02 9.372e+02 3.011e+(Q19.059e+029.070e+02 2.901e+00 + 9.069e+029.072e+02 2.548e+00 + 9.068e+029.076e+02 4.379e+00 +
50| 9.300e+02 9.334e+02 1.156e+(19.170e+029.200e+02 7.908e+00 + 9.146e+029.167e+02 6.179e+00 + 9.185e+029.200e+02 5.550e+00 +
fig 30| 9.191e+02 9.328e+02 2.703e+(1 9.068e+029.069e+02 2.713e+00 + 9.060e+029.064e+02 1.991e+00 + 9.074e+029.083e+02 5.963e+00 +
50| 9.297e+02 9.315e+02 9.374e+(0 9.158e+029.169e+02 4.131e+00 + 9.153e+029.166e+02 4.368e+00 + 9.202e+029.205e+02 4.918e+00 +
foo 30| 9.281e+02 9.394e+02 2.991e+(1 9.068e+029.087e+02 8.649e+00 + 9.053e+029.073e+02 5.078e+00 + 9.069e+029.070e+02 2.187e+00 +
50| 9.299e+02 9.303e+02 8.262e+(0 9.170e+029.184e+02 5.230e+00 + 9.149e+029.165e+02 5.067e+00 + 9.194e+029.194e+02 5.415e+00 +
f1 30| 1.098e+03 1.037e+03 1.558e+(2 1.091e+039.962e+02 2.188e+02 + 1.091e+03 1.090e+03 5.062e+00 [ 1.088e+039.138e+02 2.702e+02 +
50| 1.011e+03 1.011e+03 2.700e+(0 1.008e+031.009e+03 3.169e+00 + 1.008e+031.009e+03 3.548e+00 + 1.009e+031.009e+03 3.347e+00 +
f2 30| 9.261e+02 9.344e+02 5.295e+(1 8.737e+028.730e+02 2.520e+01 + 8.569e+028.644e+02 2.003e+01 + 8.695e+028.702e+02 2.505e+01 +
50| 8.997e+02 9.059e+02 1.972e+(1 8.960e+028.983e+02 8.919e+00 = 8.997e+029.011e+02 8.508e+00 7 8.960e+028.980e+02 9.710e+00 +
fo3 30| 1.097e+03 1.063e+03 1.192e+(2 1.089e+031.013e+03 1.957e+02 + 1.091e+03 1.089e+03 6.121e+00 [ 1.082e+038.302e+02 2.894e+02 +
50| 1.011e+03 1.011e+03 2.830e+(0 1.008e+031.009e+03 4.458e+00 + 1.010e+031.010e+03 3.895e+00 5 1.009e+031.009e+03 2.799e+00 +
foq 30| 9.769e+02 9.851e+02 5.687e+(19.624e+029.588e+02 2.023e+01 + 9.667e+029.605e+02 1.655e+01 + 9.609e+029.571e+02 2.019e+01 +
50| 1.025e+03 1.025e+03 2.067e+(0 1.026e+031.009e+03 1.168e+02 + 1.023e+031.022e+03 6.450e+00 + 1.026e+039.928e+02 1.635e+02 =
fos 30| 1.639e+03 1.640e+03 8.368e+(0 1.634e+031.634e+03 5.722e+00 + 1.636e+031.635e+03 4.445e+00 + 1.635e+031.634e+03 6.052e+00 +
50| 1.675e+03 1.676e+03 4.880e+(0 1.674e+031.673e+03 5.170e+00 5 1.676e+03 1.677e+03 3.927e+00 |- 1.674e+031.673e+03 4.884e+00 =
Total number of (+/-/=): (40/6/4) Total number of (+/-/=): (29/16/5) Total number of (+/-/=): (36/9/5)

that BBPSO updates its particles positions though a Gaussiaut of 50 cases where the proposed framework exhibits deteri
distribution, which is based on the particle’s best perkfoway-  orated performance against DMSPSO; the multimdgl&inc-
nitive) and the best neighborhood (social) positions. Tlass tion, the expandedy, function, and thef;o, f1; and fi17 50—

the experimental results suggest, an intelligent evatudiothe  dimensional cases. Here, the best performing algorithmneis t
aforementioned positions can lead them to more promising reODMSPSO:DE/rand/1, since it produces significantly superio
gions of the optimization space and enhance the power of thgerformance in 40 out of 50 benchmark functions. The DM-
utilized distribution, resulting in a scheme with subsi@nier- SPSO:TDE/rand/1 variant follows, which demonstrates sig-
formance gains. nificant performance enhancements on 36 benchmark func-
ions. Although DMSPSO:DE/rand/2 produces significant im-
rovements in most of the unimodaf,(f4, and f5) and the
ybrid composition functionsf(; — fyo and fy4), it hinders
the performance of DMSPSO in four multimodal functions
(fs, f10, f11, and f14). The aforementioned observations have
been validated by statistical ranking tests, which indicaat
there are statistical significant performance differetetaeen

the original DMSPSO and all the hybrid algorithm. It has

A similar behavior is observed in the case of the DMSPSOt
algorithm, as demonstrated in Table 6. Let us remind you thaﬁ
DMSPSO implements multiple small swarms that randomly re
group, in an attemptto introduce a dynamically changingmei
borhood structure to each particle. It can be clearly olesbiv
the reported results that the hybridization framework duoeats
affect the design of DMSPSO; on the contrary, the hybrid-algo
rithms exhibit significant performance gains. There are @nl
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Table 7: Error values of the FIPS algorithm and their coresiing explorative hybrid DE variants on the 30 and 50-dsi@ral CEC 2005 benchmark functions

FIPS FIPS:DE/rand/1 FIPS:DE/rand/2 FIPS:TDE/rand/1
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
fi 30| 3.185e+02 5.252e+02 5.571e+(02 0.000e+00 3.832e-02 2.647e-01 0.000e+000.000e+00 0.000e+00 0.000e+000.000e+00 0.000e+00
50| 1.149e+03 1.673e+03 1.524e+(3 0.000e+000.000e+00 0.000e+00 0.000e+000.000e+00 0.000e+00 0.000e+000.000e+00 0.000e+00
f, 30| 1.460e+04 1.470e+04 2.316e+(3 0.000e+000.000e+00 0.000e+00 0.000e+000.000e+00 0.000e+00 0.000e+000.000e+00 0.000e+00
50| 2.633e+04 2.574e+04 4.424e+(3 0.000e+00 1.580e-03 5.218e-03 0.000e+00 1.140e-03 7.492e-03 0.000e+00 6.860e-03 4.111e-02
f3 30| 1.530e+07 1.945e+07 1.109e+Q7 3.881e+054.428e+05 2.337e+05 5.373e+056.079e+05 2.831e+05 3.810e+054.056e+05 1.826e+05
50| 5.586e+07 5.867e+07 2.346e+(7 6.488e+059.426e+05 1.479e+06 4.667e+065.565e+06 4.507e+06 9.555e+051.079e+06 5.859e+05
fs 30| 2.077e+04 2.068e+04 3.107e+(3 4.952e+034.871e+03 2.180e+03 3.581e+012.442e+02 6.464e+02 7.306e+037.655e+03 2.637e+03
50| 3.355e+04 3.424e+04 3.850e+(03 1.220e+041.165e+04 4.941e+03 1.306e+031.641e+03 1.231e+03 2.004e+041.931e+04 4.259e+03
fs 30| 1.164e+04 1.174e+04 1.393e+(3 3.398e+033.429e+03 7.359e+02 5.186e+035.143e+03 8.013e+02 3.619e+033.538e+03 5.916e+02
50| 1.594e+04 1.589e+04 1.147e+(3 4.519e+034.543e+03 9.469e+02 7.063e+036.949e+03 9.818e+02 4.657e+034.727e+03 6.627e+02
fs 30| 9.832e+06 2.457e+07 3.493e+(7 7.246e+012.963e+02 6.637e+02 1.361e+011.268e+01 1.095e+01 1.939e+013.597e+01 4.064e+01
50| 6.483e+07 8.021e+07 6.118e+(7 1.067e+021.364e+02 1.299e+02 4.074e+015.653e+01 2.737e+01 6.222e+018.810e+01 6.819e+01
f; 30| 7.507e+03 7.477e+03 2.158e+(2 6.989e+036.928e+03 2.364e+02 6.729e+036.704e+03 1.477e+02 6.865e+036.842e+03 2.133e+02
50| 1.037e+04 1.036e+04 2.122e+(29.271e+039.266e+03 2.407e+02 9.071e+039.055e+03 1.651e+02 9.228e+039.253e+03 2.641e+02
fg 30| 2.095e+012.094e+01 6.409e-04 2.098e+01 2.097e+01 5.124e-02 | 2.100e+01 2.099e+01 5.169e-02 | 2.099e+01 2.098e+01 6.824e-02 —
50| 2.115e+012.114e+01 4.304e-04 2.116e+01 2.115e+01 3.071e-02 [ 2.115e+01 2.115e+01 4.101e-02 [ 2.116e+01 2.115e+01 3.189e-02 =
fo 30| 5.401e+01 5.395e+01 1.097e+(1 2.935e+012.973e+01 7.191e+00 2.637e+012.854e+01 6.386e+00 2.686e+012.698e+01 6.635e+00
50| 1.550e+02 1.530e+02 1.791e+(1 6.368e+016.632e+01 9.660e+00 7.263e+017.315e+01 1.040e+01 5.870e+016.133e+01 1.013e+01
fio 30| 1.545e+02 1.525e+02 2.533e+(1 3.333e+013.277e+01 8.352e+00 3.234e+013.544e+01 1.695e+01 3.134e+013.086e+01 6.779e+00
50| 3.868e+02 3.928e+02 3.625e+(01 7.164e+017.174e+01 1.459e+01 8.159e+018.501e+01 1.440e+01 7.014e+017.132e+01 1.417e+01
f11 30| 2.662e+01 2.688e+01 2.641e+(00 1.137e+011.119e+01 2.168e+00 1.159e+011.545e+01 9.702e+00 1.185e+011.196e+01 2.325e+00
50| 5.363e+01 5.343e+01 3.789e+(0 2.274e+012.440e+01 7.502e+00 5.923e+014.992e+01 1.998e+01 2.387e+012.437e+01 3.438e+00
fi2 30 4.679e+04 5.185e+04 3.213e+(04 3.239e+034.036e+03 3.810e+03 1.299e+032.104e+03 2.493e+03 3.066e+033.670e+03 3.464e+03
50| 2.771e+05 2.929e+05 1.490e+(5 1.694e+041.672e+04 1.033e+04 1.392e+041.364e+04 1.144e+04 1.263e+041.408e+04 1.134e+04
fi3 30| 9.604e+00 9.641e+00 1.730e+Q0 2.788e+002.903e+00 6.031e-01 2.910e+003.192e+00 1.411e+00 2.797e+002.949e+00 6.968e-01
50| 2.583e+01 2.638e+01 3.451e+(0 4.883e+004.848e+00 8.670e-01 4.659e+005.496e+00 2.803e+00 4.594e+004.694e+00 8.625e-01
fi4 30 1.237e+01 1.234e+01 3.198e-(01 1.148e+011.143e+01 4.640e-01 1.168e+011.167e+01 4.321e-01 1.151e+011.147e+01 3.986e-01
50| 2.196e+01 2.190e+01 3.078e-(1 2.086e+012.087e+01 4.916e-01 2.155e+012.147e+01 4.193e-01 2.093e+012.078e+01 5.681e-01
fis 30| 4.536e+02 4.556e+02 8.414e+(1 3.149e+023.472e+02 7.027e+01 4.000e+023.754e+02 6.530e+01 3.119e+023.445e+02 5.427e+01
50| 5.175e+02 5.174e+02 5.406e+(1 4.000e+023.430e+02 8.769e+01 4.000e+023.630e+02 7.620e+01 4.000e+023.551e+02 7.709e+01
fie 30| 3.271e+02 3.414e+02 1.081e+(2 6.025e+011.458e+02 1.688e+02 6.798e+011.380e+02 1.339e+02 6.027e+011.740e+02 1.904e+02
50| 3.227e+02 3.296e+02 6.967e+(1 5.036e+017.310e+01 8.493e+01 5.663e+016.513e+01 3.390e+01 4.877e+017.650e+01 9.686e+01
fiz 30| 4.333e+02 4.502e+02 1.420e+(2 7.310e+011.562e+02 1.659e+02 6.372e+011.164e+02 1.052e+02 6.647e+011.700e+02 1.842e+02
50| 4.371e+02 4.576e+02 9.022e+(1 6.467e+019.462e+01 1.009e+02 6.479e+017.626e+01 5.689e+01 6.394e+019.427e+01 1.014e+02
fig 30| 1.055e+03 1.052e+03 2.219e+(1 9.662e+029.315e+02 7.552e+01 9.706e+029.313e+02 7.494e+01 9.630e+029.288e+02 7.394e+01
50| 1.070e+03 1.069e+03 1.346e+(01 9.982e+029.848e+02 3.978e+01 1.002e+039.840e+02 6.248e+01 9.787e+029.660e+02 4.164e+01
fig 30| 1.047e+03 1.049e+03 1.873e+(1 9.694e+029.385e+02 7.080e+01 9.729e+029.517e+02 6.263e+01 9.621e+029.393e+02 6.294e+01
50| 1.070e+03 1.070e+03 1.603e+(01 9.849e+029.720e+02 4.461e+01 1.004e+039.856e+02 6.329e+01 9.827e+029.540e+02 9.002e+01
foo 30 1.049e+03 1.050e+03 1.811le+(19.674e+029.316e+02 7.572e+01 9.691e+029.357e+02 7.328e+01 9.583e+029.262e+02 7.171e+01
50| 1.062e+03 1.065e+03 1.335e+(]1 9.944e+029.836e+02 3.583e+01 9.990e+029.781e+02 6.715e+01 9.865e+029.744e+02 3.637e+01
f1 30| 1.172e+03 1.093e+03 1.633e+(2 5.000e+025.130e+02 9.193e+01 5.000e+025.187e+02 9.839e+01 5.000e+025.194e+02 1.007e+02
50| 1.209e+03 1.196e+03 5.787e+(1 5.000e+025.645e+02 1.761e+02 5.000e+025.000e+02 0.000e+00 5.000e+025.720e+02 1.936e+02
fo, 30 1.121e+03 1.126e+03 2.782e+(01 9.995e+029.999e+02 1.781e+01 1.006e+031.004e+03 1.734e+01 9.987e+021.000e+03 1.827e+01
50| 1.200e+03 1.202e+03 2.191e+(01 1.081e+031.082e+03 1.643e+01 1.074e+031.077e+03 1.170e+01 1.077e+031.077e+03 1.523e+01
fo3 30 1.177e+03 1.072e+03 1.936e+(02 5.000e+025.726e+02 1.914e+02 5.000e+025.381e+02 1.398e+02 5.000e+025.205e+02 9.989e+01
50| 1.210e+03 1.191e+03 9.395e+(1 5.000e+025.809e+02 2.213e+02 5.000e+025.545e+02 1.868e+02 5.000e+025.862e+02 2.213e+02
fog 30 1.268e+03 1.254e+03 5.409e+(1 2.000e+022.000e+02 0.000e+00 2.000e+022.000e+02 0.000e+00 2.000e+022.000e+02 0.000e+00
50| 1.282e+03 1.283e+03 1.049e+(1 2.000e+022.000e+02 0.000e+00 2.000e+022.000e+02 0.000e+00 2.000e+022.000e+02 0.000e+00
fos 30 1.780e+03 1.781e+03 1.046e+(01 1.749e+031.747e+03 1.070e+01 1.749e+031.747e+03 7.632e+00 1.744e+031.744e+03 1.096e+01
50| 1.866e+03 1.866e+03 7.076e+(0 1.815e+031.814e+03 8.022e+00 1.807e+031.807e+03 6.792e+00 1.812e+031.812e+03 8.940e+00
Total number of (+/—/=): (48/1/1) Total number of (+/—/=): (48/1/1) Total number of (+/—/=): (48/1/1)
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been also observed that DMSPSO:DE/rand/1 algorithm alwaysergence dynamics strongly depend on the best personal posi
exhibits significant performance differences against tihé- D tions of the swarm. Hence, it is expected that the evolution-
SPSO:DE/rand/2. Finally, the performance difference betw ary process of the proposed framework will have a great im-
DMSPSO:DE/rand/1 and DMSPSO:TDE/rand/1 is not statistipact on their performance. This can be validated by the ex-
cal significant. perimental results reported in Table 7 and Table 8. It is ev-

The second group consists of the Fully Informed PSOdent that the proposed framework significantly enhances th
(FIPS) [57] and the Unified PSO (UPSO) [75, 76] algorithms.Performance of both algorithms for almost all benchmarlcfun
Recall that FIPS depends on the particle’s best personal podions. Both algorithms exhibit inferior performance onfythe
tions, since it produces new particles by calculating the- ce multimodal fg function. Generally speaking, in PSO variants
troid of its neighboring best personal positions. Additityy ~ Where the update rule strongly depends on the swarm’'s best
UPSO algorithm utilizes a velocity update scheme that effipersonal positions (such as the FIPS and UPSO algorithms),
ciently combines the local and global versions of #SO  an intelligent evolution of the best personal positionsighty
algorithm to balance their explorative and exploitativartt-  recommended, since it may yield significant improvements in
teristics. For each particle, it incorporates four besspeal  the quality of the solutions, with a relatively small comput
positions in its velocity update rule, i.e. the global bés, best tional overhead. Moreover, based on statistical rankinfgs o
neighborhood, and two times the best personal positioneof ththeir performance, all hybrids demonstrate statisticghidi-
corresponding particle. Consequently, their evolutiod eon-  cant performance differences against their corresporfd$Q
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Table 8: Error values of the UPSO algorithm and their cowasing explorative hybrid DE variants on the 30 and 50—dsimral CEC 2005 benchmark functions

UPSO UPSO:DE/rand/1 UPSO:DE/rand/2 UPSO:TDE/rand/1
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
fi 30| 1.269e+03 1.306e+03 7.328e+(2 0.000e+001.115e+01 3.569e+01 + 0.000e+00 5.600e-04 3.818e-03 + 0.000e+00 4.000e-05 2.828e-04 +
50| 6.840e+02 7.100e+02 3.290e+(2 0.000e+000.000e+00 0.000e+00 + 0.000e+00 4.000e-05 1.979e-04 + 0.000e+000.000e+00 0.000e+00 +
f, 30| 6.688e+03 7.602e+03 5.290e+(3 0.000e+00 5.032e-02 3.380e-01 + 0.000e+00 1.020e-03 2.190e-03 + 0.000e+000.000e+00 0.000e+00 +
50| 3.632e+03 4.220e+03 2.894e+(3 0.000e+000.000e+00 0.000e+00 + 3.450e-01 6.988e-01 1.017e+00 + 0.000e+000.000e+00 0.000e+00 +
f3 30| 4.308e+07 5.303e+07 3.856e+(Q7 4.715e+055.827e+05 3.593e+05 + 7.485e+051.103e+06 1.135e+06 + 5.068e+055.212e+05 2.279e+05 +
50| 4.885e+07 5.340e+07 3.743e+(7 1.922e+052.047e+05 1.143e+05 + 1.098e+061.442e+06 1.337e+06 + 4.470e+055.147e+05 2.627e+05 +
fs 30| 1.913e+04 1.876e+04 6.086e+(3 1.246e+016.605e+01 1.234e+02 + 1.450e+002.466e+00 2.450e+00 + 9.230e-012.132e+00 2.568e+00 +
50| 1.353e+04 1.449e+04 4.462e+(3 0.000e+00 1.340e-03 5.009e-03 + 1.261e+012.093e+01 3.546e+01 +H 3.400e-02 7.682e-02 1.300e-01 +
fs 30| 1.268e+04 1.282e+04 2.288e+(3 4.335e+034.602e+03 1.181e+03 + 8.583e+038.398e+03 1.048e+03 + 4.486e+034.799e+03 1.273e+03 +
50| 1.177e+04 1.207e+04 2.304e+(3 6.300e+036.330e+03 1.679e+03 4+ 7.946e+037.927e+03 1.067e+03 + 5.411e+035.738e+03 1.690e+03 +
fs 30| 6.826e+06 1.187e+07 1.355e+(7 8.930e+018.370e+04 4.973e+05 + 5.959e+005.795e+00 3.843e+00 + 2.160e+013.938e+01 4.717e+01 +
50| 1.160e+06 2.731e+06 3.667e+(6 1.848e+012.034e+01 2.199e+01 4+ 9.178e+001.485e+01 1.959e+01 + 8.322e+008.388e+00 9.917e+00 +
f; 30| 7.513e+03 7.524e+03 3.409e+(2 7.813e+03 7.802e+03 2.404e+02 [ 7.325e+037.286e+03 2.317e+02 + 7.829e+03 7.812e+03 2.308e+02 —
50| 7.419e+03 7.420e+03 3.034e+(2 7.725e+03 7.713e+03 1.853e+02 - 7.134e+037.091e+03 1.528e+02 + 7.774e+03 7.739e+03 2.122e+02 —
fg 30| 2.096e+012.095e+01 5.009e-04 2.098e+01 2.098e+01 4.811e-02 |- 2.100e+01 2.098e+01 5.656e-02 | 2.097e+01 2.096e+01 5.457e-02 =
50| 2.094e+012.093e+01 5.023e-04 2.097e+01 2.096e+01 4.350e-02 - 2.096e+01 2.095e+01 5.223e-02 - 2.096e+01 2.094e+01 5.685e-02 =
fg 30| 7.719e+01 7.839e+01 1.689e+(14.079e+014.047e+01 1.103e+01 + 5.671e+015.819e+01 1.534e+01 + 3.930e+014.167e+01 1.408e+01 +
50| 6.326e+01 6.520e+01 1.764e+(14.079e+014.209e+01 1.191e+01 4+ 5.572e+015.717e+01 1.477e+01 + 3.880e+013.761e+01 1.051e+01 +
fio 30| 1.526e+02 1.589e+02 5.514e+(14.129e+014.673e+01 2.823e+01 + 1.295e+021.118e+02 6.239e+01 + 4.676e+019.200e+01 7.336e+01 +
50| 1.453e+02 1.442e+02 4.564e+(13.731e+017.085e+01 6.409e+01 + 1.532e+02 1.284e+02 6.151e+01 [ 5.273e+019.895e+01 6.778e+01 +
fi1 30| 3.164e+01 3.140e+01 4.692e+(0 1.455e+011.666e+01 7.222e+00 + 3.579e+01 2.791e+01 1.310e+01 F 1.417e+011.557e+01 5.399e+00 +
50| 2.910e+01 2.954e+01 4.439e+(0 9.605e+001.125e+01 8.024e+00 + 3.621e+01 3.014e+01 1.232e+01 |- 7.917e+001.132e+01 9.895e+00 +
fi, 30| 7.752e+04 8.984e+04 5.430e+(4 2.678e+034.814e+03 5.487e+03 + 1.989e+032.706e+03 3.458e+03 + 1.992e+033.049e+03 3.232e+03 +
50| 6.052e+04 7.135e+04 4.785e+(4 1.891e+033.180e+03 4.053e+03 + 1.500e+033.142e+03 4.370e+03 + 1.429e+032.281e+03 3.023e+03 +
fi3 30| 8.489e+00 9.231e+00 4.563e+00 3.091e+003.330e+00 8.610e-01 + 3.258e+003.456e+00 1.053e+00 + 3.194e+003.304e+00 1.034e+00 +
50| 6.236e+00 6.478e+00 2.102e+(0 2.846e+002.946e+00 7.385e-01 + 3.154e+003.365e+00 1.071e+00 + 3.019e+003.215e+00 8.605e-01 +
fi4 30| 1.289e+01 1.283e+01 4.178e-(01 1.268e+011.253e+01 6.116e-01 + 1.300e+01 1.292e+01 4.140e-01 [ 1.271e+011.254e+01 6.114e-01 +
50| 1.282e+01 1.274e+01 4.817e-01 1.277e+011.271e+01 4.678e-01 = 1.297e+01 1.289e+01 4.299e-01 F 1.266e+011.254e+01 4.786e-01 +
fis 30| 5.373e+02 5.305e+02 9.060e+(1 3.255e+023.527e+02 9.148e+01 + 4.000e+023.523e+02 8.342e+01 4+ 3.110e+023.420e+02 9.342e+01 +
50| 5.087e+02 4.843e+02 1.137e+(2 4.000e+023.777e+02 9.675e+01 + 4.000e+023.901e+02 8.137e+01 + 3.000e+023.402e+02 8.983e+01 +
fis 30| 3.827e+02 3.865e+02 1.416e+(2 8.047e+011.546e+02 1.503e+02 + 2.493e+022.713e+02 8.026e+01 + 1.476e+021.918e+02 1.473e+02 +
50| 2.909e+02 3.287e+02 1.336e+(2 2.138e+022.171e+02 1.296e+02 + 2.368e+022.529e+02 1.042e+02 + 2.337e+022.777e+02 1.099e+02 +
fiz 30| 3.486e+02 3.875e+02 1.322e+(2 1.241e+021.678e+02 1.301e+02 + 2.669e+023.006e+02 8.620e+01 + 2.520e+022.903e+02 1.380e+02 +
50| 3.100e+02 3.497e+02 1.259e+(2 2.456e+022.710e+02 1.000e+02 +H 2.677e+022.920e+02 1.032e+02 + 2.438e+023.080e+02 1.035e+02 =
fig 30| 1.051e+03 1.047e+03 3.627e+(Q1 1.003e+039.833e+02 7.023e+01 + 1.009e+031.002e+03 4.283e+01 +H 9.924e+029.627e+02 7.874e+01 +
50| 1.035e+03 1.033e+03 3.041e+(1 1.022e+031.006e+03 5.580e+01 +H 9.966e+029.928e+02 2.924e+01 + 1.018e+039.866e+02 8.327e+01 +
fig 30| 1.040e+03 1.049e+03 4.636e+(1 1.002e+039.740e+02 7.272e+01 + 1.008e+039.988e+02 5.215e+01 + 9.933e+029.567e+02 8.142e+01 +
50| 1.027e+03 1.028e+03 3.344e+(1 1.016e+039.852e+02 8.262e+01 4+ 9.948e+029.961e+02 9.678e+00 H 1.015e+039.896e+02 7.872e+01 +
foo 30| 1.043e+03 1.044e+03 2.626e+(1 9.900e+029.617e+02 7.339e+01 + 1.012e+039.822e+02 7.535e+01 + 9.940e+029.721e+02 6.738e+01 +
50| 1.027e+03 1.026e+03 2.788e+(1 1.017e+039.980e+02 6.876e+01 4+ 9.960e+029.969e+02 1.033e+01 + 1.021e+039.903e+02 7.944e+01 =
fo1 30| 1.162e+03 1.021e+03 2.099e+(2 5.000e+025.127e+02 5.931e+01 + 5.000e+025.120e+02 5.938e+01 + 5.001e+025.663e+02 1.709e+02 +
50| 7.525e+02 8.542e+02 2.499e+(2 5.000e+025.000e+02 5.051e-04 + 5.000e+025.240e+02 8.221e+01 + 5.000e+025.248e+02 1.066e+02 +
f,, 30| 1.106e+03 1.109e+03 4.488e+(1 1.057e+031.054e+03 3.798e+01 + 1.038e+031.040e+03 2.096e+01 + 1.039e+031.035e+03 2.602e+01 +
50| 1.085e+03 1.086e+03 4.747e+(1 1.055e+031.053e+03 3.036e+01 4+ 1.028e+031.031e+03 1.829e+01 + 1.046e+031.052e+03 2.912e+01 +
fo3 30| 1.156e+03 1.030e+03 2.002e+(2 5.000e+025.411e+02 1.448e+02 + 5.000e+025.000e+02 2.399e-04 + 5.002e+025.799e+02 1.881e+02 +
50| 1.049e+03 9.335e+02 2.551e+(25.000e+025.060e+02 4.243e+01 + 5.000e+025.060e+02 4.243e+01 + 5.000e+025.060e+02 4.243e+01 +
fos 30| 1.141e+03 9.806e+02 3.183e+(2 2.000e+022.000e+02 0.000e+00 + 2.000e+022.000e+02 0.000e+00 + 2.000e+022.000e+02 0.000e+00 +
50| 5.298e+02 6.952e+02 3.888e+(2 2.000e+022.000e+02 0.000e+00 + 2.000e+022.000e+02 0.000e+00 + 2.000e+022.000e+02 0.000e+00 +
fos 30| 1.778e+03 1.778e+03 1.256e+(1 1.769e+031.767e+03 1.031e+01 + 1.762e+031.761e+03 9.534e+00 + 1.765e+031.763e+03 1.048e+01 +
50| 1.769e+03 1.771e+03 1.389e+(11.770e+03 1.769e+03 9.494e+00 F 1.759e+031.758e+03 6.791e+00 + 1.773e+03 1.771e+03 9.548e+00 =
Total number of (+/-/=): (44/4/2) Total number of (+/-/=): (43/3/4) Total number of (+/-/=): (43/2/5)

algorithm, while the most promising hybrid for both algbrits ~ behave similarly, with an increased performance on six func
is the one that incorporates the TDE/rand/1 mutation gyate tions (fig, f17, and f, — fz5). It is interesting to observe
i.e., FIPS:TDE/rand/1, and UPSO:TDE/rand/1. The hybrid al that although their performance is decreased on the 30-
gorithms that employ the DE/rand/1 perform marginally veors dimensional cases of;g — fyp, the opposite happens on
that the corresponding hybrids with the TDE/rand/1 mutatio the 50—-dimensional cases. CLPSO:DE/rand/2 demonstrates
strategy. an increased performance against CLPSO only in three hy-
This subsection ends with a discussion on the experimentdrid composition functionsff; — f). For the multimodal
results of the proposed framework, applied to the CLPSO-algdfunctions both CLPSO:DE/rand/1 and CLPSO:TDE/rand/1 re-
rithm [52]. As demonstrated in Table 9, this is the only vari-sult in significant performance gains only ifip and fi,
ant in which the proposed approach causes deterioratearperf functions.  Nevertheless, we have performed the afore-
mance in almost all multimodal and expanded functions. Thénentioned statistical ranking tests, which suggested that
hybrid variants exhibit an increased performance on thé hathere exists a significant performance difference among the
functions of the considered benchmark suite, which are iyain considered algorithms, with the best performing algorithm
unimodal and hybrid composition functions. to be the CLPSO:DE/rand/1 algorithm. Moreover, both
In more detail, all hybrids operate similarly or produce im- CLPSO:DE/rand/1 and CLPSO:TDE/rand/1 are statistically
proved performance in all unimodal functiorfs ¢ fs). In the better in comparison with the original CLPSO algorithm, lghi
hybrid functions CLPSO:DE/rand/1 and CLPSO:TDE/rand/1marginal performance difference can be observed between
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Table 9: Error values of the CLPSO algorithm and their cqroesling explorative hybrid DE variants on the 30 and 50—disienal CEC 2005 benchmark functions

CLPSO CLPSO:DE/rand/1 CLPSO:DE/rand/2 CLPSO:TDE/rand/1
fi D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
fi, 30| 0.000e+00 0.000e+00 0.000e+Q0 0.000e+00 0.000e+00 0.000e+00 [ 0.000e+00 0.000e+00 0.000e+00 F 0.000e+00 0.000e+00 0.000e+00 =
50| 0.000e+00 0.000e+00 0.000e+(0 0.000e+00 0.000e+00 0.000e+00 E 0.000e+00 0.000e+00 0.000e+00 [ 0.000e+00 0.000e+00 0.000e+00 =
f, 30| 3.828e+02 3.828e+02 1.060e+(2 0.000e+000.000e+00 0.000e+00 + 0.000e+00 1.000e-04 3.030e-04 + 0.000e+000.000e+00 0.000e+00 +
50| 1.013e+04 1.021e+04 1.357e+(3 2.100e-02 3.002e-02 3.293e-02 + 1.014e+04 9.933e+03 2.373e+03 [ 1.027e+011.128e+01 7.425e+00 +
f3 30| 1.204e+07 1.188e+07 3.107e+(6 3.336e+053.406e+05 1.339e+05 + 4.047e+054.646e+05 2.456e+05 + 3.712e+054.149e+05 1.674e+05 +
50| 5.084e+07 4.930e+07 1.161e+(7 6.927e+056.661e+05 2.143e+05 + 5.399e+07 5.356e+07 1.281e+07 | 1.249e+061.439e+06 6.393e+05 +
f, 30| 5.481e+03 5.396e+03 1.250e+(3 7.700e-02 3.318e-01 8.563e-01 + 9.700e-011.456e+00 1.583e+00 4 4.900e-02 1.709e-01 2.517e-01 +
50| 3.477e+04 3.428e+04 5.637e+(3 2.968e+023.415e+02 2.116e+02 4+ 3.341e+043.254e+04 5.068e+03 = 1.563e+031.704e+03 6.936e+02 +
fs 30| 4.011e+03 4.001e+03 4.276e+(2 2.712e+032.683e+03 5.203e+02 + 1.213e+031.277e+03 5.506e+02 + 2.937e+033.060e+03 6.308e+02 +
50| 9.753e+03 9.698e+03 7.903e+(2 3.064e+033.070e+03 4.047e+02 4+ 8.794e+038.800e+03 7.676e+02 + 3.888e+033.895e+03 5.917e+02 +
fs 30| 7.369e+00 1.779e+01 2.285e+(Q1 1.102e+01 3.727e+01 6.968e+01 | 1.340e-015.998e-01 1.191e+00 + 7.037e+01 6.755e+01 5.690e+01 —
50| 8.998e+01 8.705e+01 3.757e+(1 4.090e+016.993e+01 6.255e+01 4+ 4.240e+015.339e+01 2.736e+01 H 4.263e+016.680e+01 3.517e+01 +
f; 30| 4.696e+034.696e+03 1.837e-14 4.696e+03 4.696e+03 1.837e-12 F 4.696e+03 4.696e+03 1.837e-12 F 4.696e+03 4.696e+03 1.837e-12 =
50| 6.195e+036.195e+03 4.594e-14 6.195e+03 6.195e+03 4.594e-12 E 6.195e+03 6.195e+03 5.345e-03 |- 6.195e+03 6.195e+03 4.594e-12 =
fg 30| 2.072e+012.072e+01 5.905e-04 2.098e+01 2.097e+01 5.312e-02 |- 2.097e+01 2.096e+01 7.255e-02 |- 2.098e+01 2.098e+01 5.331e-02 —
50| 2.105e+012.104e+01 4.617e-04 2.117e+01 2.116e+01 4.574e-02 |- 2.117e+01 2.116e+01 3.962e-02 |- 2.118e+01 2.117e+01 3.914e-02 —
fg 30| 0.000e+000.000e+00 0.000e+00 1.990e+01 2.020e+01 1.056e+01 [ 2.436e+00 2.792e+00 1.584e+00 |- 2.479e+00 5.407e+00 7.859e+00 —
50| 0.000e+000.000e+00 0.000e+0Q 3.333e+01 3.271e+01 4.353e+00 - 3.350e+01 3.279e+01 4.242e+00 |- 3.373e+01 3.319e+01 4.141e+00 —
fio 30| 8.008e+01 8.023e+01 1.495e+(1 4.531e+014.588e+01 1.263e+01 + 8.011le+01 7.937e+01 1.377e+01 [F 5.297e+015.392e+01 1.203e+01 +
50| 2.183e+02 2.173e+02 2.000e+(11.871e+021.863e+02 2.020e+01 + 2.974e+02 2.955e+02 1.961e+01 |- 1.765e+021.749e+02 2.034e+01 +
fi1 30| 2.548e+012.526e+01 1.854e+00 2.663e+01 2.533e+01 4.641e+00 [ 2.761e+01 2.744e+01 1.658e+00 |- 2.705e+01 2.684e+01 1.670e+00 —
50| 5.263e+015.268e+01 2.212e+0Q 5.751e+01 5.730e+01 1.923e+00 |- 5.783e+01 5.784e+01 1.716e+00 |- 5.686e+01 5.698e+01 1.847e+00 —
fi, 30| 1.293e+04 1.324e+04 4.162e+(3 2.044e+033.073e+03 2.817e+03 + 2.637e+04 2.540e+04 5.554e+03 |- 1.930e+033.118e+03 3.229e+03 +
50| 8.996e+04 8.949e+04 2.001le+(4 1.051e+041.280e+04 9.229e+03 + 1.894e+05 1.911e+05 3.140e+04 |- 7.859e+031.079e+04 9.715e+03 +
fi3 30| 1.979e+001.888e+00 3.977e-01 3.679e+00 3.785e+00 1.082e+00 | 4.396e+00 4.461e+00 5.141e-01  3.893e+00 4.088e+00 6.032e-01 —
50| 7.093e+007.074e+00 6.947e-01] 1.276e+01 1.267e+01 1.451e+00 - 1.615e+01 1.600e+01 1.238e+00 |- 1.320e+01 1.318e+01 1.332e+00 —
fi4 30| 1.248e+01 1.248e+01 3.051e-(1 1.254e+01 1.255e+01 3.082e-01 [ 1.275e+01 1.271e+01 2.222e-01 - 1.245e+011.239e+01 3.126e-01 =
50| 2.214e+012.212e+01 2.642e-01 2.254e+01 2.250e+01 2.506e-01 - 2.263e+01 2.262e+01 1.905e-01  2.245e+01 2.242e+01 2.147e-01 —
fis 30| 4.116e+015.623e+01 5.212e+0] 3.106e+02 3.471e+02 8.166e+01 |- 4.000e+02 3.781e+02 7.639e+01 | 3.593e+02 3.628e+02 7.260e+01 —
50| 1.301e+021.422e+02 5.276e+01 4.000e+02 3.439e+02 8.621e+01 |- 4.000e+02 3.801e+02 6.044e+01 | 4.000e+02 3.423e+02 9.073e+01 —
fig 30| 1.413e+02 1.453e+02 3.171e+(1 7.145e+011.260e+02 1.226e+02 + 1.036e+021.032e+02 1.660e+01 + 7.016e+011.238e+02 1.270e+02 +
50| 1.967e+02 1.969e+02 3.751e+(1 1.344e+021.427e+02 5.437e+01 + 2.127e+02 2.129e+02 1.412e+01 |- 1.262e+021.398e+02 5.774e+01 +
fiz 30| 2.084e+02 2.134e+02 3.624e+(Q1 1.074e+021.503e+02 1.337e+02 + 1.557e+021.585e+02 4.209e+01 4+ 1.093e+022.001e+02 1.521e+02 +
50| 2.767e+02 2.822e+02 3.860e+(1 1.935e+022.005e+02 3.869e+01 +H 2.708e+022.716e+02 1.624e+01 = 1.877e+021.938e+02 3.733e+01 +
fig 30| 9.132e+02 8.993e+02 7.031e+(Q19.199e+02 9.008e+02 4.830e+01 | 9.074e+029.078e+02 1.582e+00 4+ 9.238e+02 9.073e+02 4.805e+01 —
50| 9.430e+02 9.414e+02 1.894e+(19.333e+029.313e+02 2.106e+01 4+ 9.339e+029.287e+02 2.658e+01 + 9.354e+029.274e+02 3.420e+01 +
fig 30| 9.140e+02 9.102e+02 1.853e+(19.192e+02 8.921e+02 5.571e+01  9.078e+029.058e+02 1.536e+01 + 9.226e+02 9.176e+02 3.155e+01 —
50| 9.435e+02 9.418e+02 1.317e+(19.328e+029.184e+02 9.196e+01 4+ 9.353e+029.325e+02 1.912e+01 + 9.335e+029.234e+02 3.782e+01 +
foo 30| 9.132e+02 9.119e+02 8.572e+(0 9.226e+02 9.173e+02 3.076e+01  9.085e+029.066e+02 1.547e+01 + 9.273e+02 9.095e+02 4.903e+01 —
50| 9.430e+02 9.438e+02 4.918e+(0 9.327e+029.247e+02 3.453e+01 4+ 9.345e+029.290e+02 2.660e+01 + 9.349e+029.345e+02 1.121e+01 +
f,1 30| 5.000e+02 5.000e+02 0.000e+(0 5.000e+02 5.520e+02 1.781e+02  5.000e+02 5.060e+02 4.243e+01 F 5.000e+02 6.622e+02 2.806e+02 —
50| 5.000e+02 5.000e+02 0.000e+(0 5.000e+02 5.060e+02 4.243e+01 = 5.000e+02 5.000e+02 0.000e+00 F 5.000e+02 5.329e+02 1.384e+02 =
f,, 30| 9.603e+02 9.609e+02 1.477e+(19.143e+029.133e+02 1.587e+01 + 9.191e+029.181e+02 1.020e+01 + 9.093e+029.099e+02 1.552e+01 +
50| 9.912e+02 9.917e+02 7.240e+(0 9.614e+029.619e+02 8.822e+00 +H 9.935e+02 9.934e+02 7.254e+00 F 9.596e+029.572e+02 8.136e+00 +
fo3 30| 5.000e+02 5.000e+02 0.000e+(0 5.000e+02 6.110e+02 2.349e+02 [ 5.000e+02 5.060e+02 4.243e+01 F 5.000e+02 5.988e+02 2.338e+02 —
50| 5.000e+02 5.000e+02 0.000e+(05.000e+02 5.251e+02 1.087e+02 F 5.000e+02 5.000e+02 0.000e+00 [ 5.000e+02 5.120e+02 5.938e+01 =
fos 30| 2.000e+02 2.000e+02 0.000e+(0 2.000e+02 2.000e+02 0.000e+00 F 2.000e+02 2.000e+02 0.000e+00 F 2.000e+02 2.000e+02 0.000e+00 =
50| 2.000e+02 2.000e+02 4.950e-03 2.000e+02 2.000e+02 0.000e+00 F 2.000e+02 2.000e+02 0.000e+00 [ 2.000e+02 2.000e+02 0.000e+00 =
fos 30| 1.659e+03 1.659e+03 4.102e+(0 1.648e+031.646e+03 8.901e+00 + 1.664e+03 1.664e+03 3.667e+00 |- 1.643e+031.643e+03 8.630e+00 +
50| 1.701e+03 1.702e+03 2.610e+(0 1.697e+031.696e+03 5.477e+00 + 1.709e+03 1.709e+03 2.369e+00 |- 1.692e+031.691e+03 5.838e+00 +
Total number of (+/—/=): (24/16/10) | Total number of (+/—/=): (16/19/15) | Total number of (+/—/=): (24/17/9)

CLPSO:DE/rand/1 and CLPSO:TDE/rand/1, as well as belem’s minima. Depending on the problem at hand, the combina-
tween CLPSO and CLPSO:TDE/rand/1 algorithms. tion of the aforementioned characteristics may lead to winfl
Trying to rationalize the aforementioned behavior, we maying effects. On unimodal benchmark functions, it may result
concentrate on CLPSO characteristics along with Difféaént in & more exploitative behavior and enhance its performance
Evolution dynamics. CLPSO updates each particle’s vefocit While on the multimodal functions it may rapidly spread the
by utilizing a novel learning scheme based on the swarms be®est personal positions to many optima and enhance its-explo
personal positions. Specifically, CLPSO uses the bestiposit rative characteristics. Although the latter may incre&s@er-
of the other particles as exemplars to be learned from. Thi§rmance, it may also quickly drive the best personal poisgi
strategy is applied to each dimension of a particle, praupai  t0 a stagnation stage [50] and subsequently hinder theperfo
scheme in which each particle may potentially learn from dif mance of the hybrid PSO variant.
ferent exemplars per dimension. Hence, CLPSO permits the
particles to have more exemplars to learn from and a potgntia °-3. Hybridization of PSO with State-of-the-art DE varignt
larger search space to fly over. CLPSO has exhibited great per The experimental results end with the utilization of pop-
formance gains mostly on multimodal functions, while it wasular DE algorithms into the aforementioned state-of-the-a
not the best choice for solving unimodal problems [52]. AsPSO variants. To keep the article compact we will incorpo-
previously described, explorative DE mutation strate¢éesl  rate four DE algorithms into the BBPSO and CLPSO variants,
to rapidly spread the individuals on the vicinity of the prob namely the Self-Adaptive Control Parameters in DE algarith
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Table 10: Error values of the BBPSO algorithm and their agpoading hybrid DE variants on the 30 and 50-dimensional CEI5

benchmark functions

T 5 % T
Algorithm D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
BBPSO 30| 0.000e+000.000e+00 0.000e+00 | 6.000e-03 9.260e-03 8.480e-03| 1.243e+06 1.295e+06 5.728e+05| 1.962e+03 2.307e+03 1.188e+03
50| 0.000e+000.000e+00 0.000e+00 | 2.407e+022.886e+02 1.452e+02 | 3.693e+06 3.709e+06 9.352e+05| 3.026e+04 2.965e+04 6.094e+03
BBPSO:JDE 30| 0.000e+000.000e+00 0.000e+00 [ 7.500e-03 2.158e-02 4.149e-02|4.174e+06 1.249e+06 5.851e+05| £.479e+03 1.654e+03 9.787e+02 +
50 | 0.000e+000.000e+00 0.000e+00 F2.456e+02 2.779e+02 1.173e+02| 3.624e+06 3.767e+06 1.067e+06| 2.789e+04 2.911e+04 6.197e+03 =
BBPSO:JADE 30/ 0.000e+000.000e+00 0.000e+00 F 3.000e-03 1.166e-02 2.664e-02 {+1.314e+06 1.441e+06 6.787e+05| 8.637e+02 1.330e+03 9.517e+02 +
50 | 0.000e+000.000e+00 0.000e+00 F2.527e+02 2.748e+02 1.226e+02| 3.619e+063.815e+06 1.077e+06 2.622e+04 2.627e+04 5.887e+03 +
BBPSO:SADE 30 0.000e+000.000e+00 0.000e+00 F 6.000e-03 1.304e-02 2.119e-02|4.396e+06 1.472e+06 6.310e+05| 9.130e+02 1.083e+03 6.935e+02 +
50 | 0.000e+000.000e+00 0.000e+00 F2.616e+02 2.803e+02 1.379e+02| 4.127e+06 4.276e+06 1.360e+06| 2.208e+042.257e+04 5.153e+03 +
BBPSO:DEGL 30| 0.000e+000.000e+00 0.000e+00 f 1.300e-02 2.044e-02 1.992e-02|2.152e+061.244e+06 5.385e+05 £8.792e+029.866e+02 6.383e+02 +
50 | 0.000e+000.000e+00 0.000e+00 F2.432e+02 2.753e+02 1.425e+02| 3.702e+06 3.854e+06 1.284e+06| 2.211e+04 2.302e+04 6.255e+03 +
fs f f7 fg
BBPSO 30| 5.243e+03 5.314e+03 1.033e+03| 1.148e+012.796e+01 4.218e+01 | 4.696e+034.696e+03 5.039e-01 | 2.095e+012.094e+01 5.696e-02
50| 1.295e+04 1.262e+04 1.969e+03| 4.016e+015.831e+01 4.576e+01 | 6.195e+036.197e+03 4.553e+00 | 2.115e+01 2.114e+01 2.978e-02
BBPSO:JDE 30| 4.585e+03 4.733e+03 9.571e+02| £.802e+01 3.151e+01 3.791e+01| 4.696e+034.696e+03 1.098e-02 F2.096e+01 2.096e+01 4.627e-02 =
50| 1.224e+04 1.212e+04 1.641e+03| 8.146e+01 7.447e+01 4.285e+01| 6.195e+036.196e+03 1.758e+00 F2.114e+01 2.114e+01 3.791e-02 =
BBPSO:JADE 30| 4.726e+03 4.657e+03 7.968e+02| 4+.616e+01 3.926e+01 7.156e+01| 4.696e+034.696e+03 1.414e-03 F2.095e+012.095e+01 4.929e-02 =
50| 1.164e+04 1.162e+04 1.791e+03| ¥.508e+01 6.557e+01 3.765e+01| 6.195e+036.196e+03 1.006e+00 [+2.113e+012.113e+01 4.247e-02 =
BBPSO:SADE 30| 4.775e+03 4.770e+03 1.059e+03| 4.887e+01 4.006e+01 4.486e+01| 4.696e+034.696e+03 2.399e-03 £2.097e+01 2.096e+01 6.451e-02 =
50| 1.166e+04 1.181e+04 1.643e+03| ¥.619e+01 7.304e+01 5.615e+01| 6.195e+036.195e+03 2.709e-01 2.114e+01 2.113e+01 3.721e-02 =
BBPSO:DEGL 30| 4.578e+034.480e+03 1.035e+03 (2.040e+01 4.057e+01 4.745e+01| 4.696e+034.696e+03 1.116e-01 F2.097e+01 2.095e+01 5.331e-02 =
50| 1.069e+041.076e+04 1.942e+03 +7.396e+01 7.125e+01 5.296e+01| 6.195e+036.197e+03 4.057e+00 F2.114e+01 2.114e+01 3.603e-02 =
fq f10 f11 f1o
BBPSO 30[ 5.622e+01 5.635e+01 1.079e+01| 7.213e+01 7.556e+01 1.919e+01| 2.790e+012.802e+01 1.926e+00 | 1.590e+032.585e+03 2.746e+03
50| 1.338e+02 1.329e+02 2.131e+01| 1.691e+02 1.755e+02 4.101e+01| 5.483e+015.471e+01 3.821e+00 | 1.447e+04 1.505e+04 9.270e+03
BBPSO:JDE 30| 1.232e+01 1.335e+01 5.592e+00| ¥.539e+01 8.057e+01 1.834e+01| 2.835e+01 2.790e+01 2.507e+00| £.721e+03 2.834e+03 3.284e+03 =
50| 3.159e+01 3.377e+01 8.744e+00| £.726e+02 1.754e+02 3.789e+01| £.558e+01 5.532e+01 3.098e+00| £.341e+041.480e+04 9.558e+03 =
BBPSO:JADE 30 2.836e+01 2.973e+01 8.438e+00| 8.009e+01 8.211e+01 2.184e+01| 2.801e+01 2.771e+01 2.939e+00| £.904e+03 2.754e+03 2.711e+03 =
50| 8.353e+01 7.963e+01 1.457e+01| £.512e+021.605e+02 3.897e+01 £5.527e+01 5.516e+01 2.880e+00| 2.447e+04 1.708e+04 9.857e+03 =
BBPSO:SADE 30| 4.792e+005.704e+00 3.343e+00 (-6.965e+017.927e+01 2.813e+01 F2.838e+01 2.804e+01 2.568e+00| 2.045e+03 2.841e+03 2.754e+03 =
50| 1.240e+011.261e+01 4.482e+00 +1.740e+02 1.709e+02 3.390e+01| £.556e+01 5.451e+01 3.592e+00| 2.010e+04 1.935e+04 1.053e+04 —
BBPSO:DEGL 30| 4.875e+01 5.096e+01 1.355e+01| ¥.213e+01 7.223e+01 2.067e+01| 2.795e+01 2.771e+01 2.493e+00| 3.136e+03 4.576e+03 4.325e+03 —
50| 1.254e+02 1.221e+02 1.952e+01{ £+.562e+02 1.593e+02 4.102e+01| $.505e+01 5.474e+01 2.999e+00| £.408e+04 1.571e+04 8.759e+03 =
f13 f14 fi5 f16
BBPSO 30| 6.252e+00 6.503e+00 1.855e+00| 1.237e+01 1.229e+01 3.984e-01| 3.033e+02 3.249e+02 8.537e+01| 1.187e+02 1.356e+02 5.300e+01
50| 1.763e+01 1.839e+01 4.973e+00| 2.223e+01 2.209e+01 4.659e-01| 2.511e+02 2.834e+02 8.431e+01| 1.318e+02 1.408e+02 3.960e+01
BBPSO:JDE 30| 3.909e+00 3.964e+00 1.116e+00| £.229e+011.229e+01 3.157e-01 F3.000e+022.831e+02 1.036e+02 F1.214e+02 1.616e+02 9.723e+01 =
50| 1.059e+01 1.152e+01 3.881e+00[ 2.221e+01 2.214e+01 3.570e-01| 2.346e+02 2.692e+02 7.953e+01| £.306e+02 1.373e+02 2.888e+01 =
BBPSO:JADE 30 4.971e+00 5.284e+00 1.664e+00| +.246e+01 1.239e+01 3.553e-01|38.000e+023.311e+02 8.566e+01 F1.358e+02 1.711e+02 1.049e+02 =
50| 1.521e+01 1.532e+01 4.473e+00| 2.209e+012.207e+01 3.390e-01 2.388e+02 2.869e+02 9.089e+01| £.304e+02 1.394e+02 5.168e+01 =
BBPSO:SADE 30 2.104e+002.249e+00 5.793e-01 (+1.239e+01 1.238e+01 4.176e-01| 3.000e+022.891e+02 9.370e+01 F1.140e+021.390e+02 7.860e+01 =
50 | 5.190e+005.265e+00 1.102e+00 [+2.219e+01 2.210e+01 3.993e-01| 2.071e+022.688e+02 8.621e+01 1.340e+02 1.405e+02 3.155e+01 =
BBPSO:DEGL 30| 4.807e+00 4.755e+00 1.279e+00| +.248e+01 1.245e+01 3.008e-01|-3.000e+023.244e+02 8.845e+01 F1.251e+02 1.597e+02 9.832e+01 =
50| 1.328e+01 1.369e+01 4.105e+00| 2.209e+012.205e+01 4.329e-01 3.452e+02 3.145e+02 8.870e+01| £.190e+021.289e+02 5.551e+01 +
f17 f1g f1o fa0
BBPSO 30| 1.580e+02 1.737e+02 6.599e+01| 9.270e+02 9.101e+02 4.536e+01| 9.247e+02 9.209e+02 3.222e+01| 9.247e+02 9.167e+02 3.558e+01
50| 2.038e+02 2.099e+02 4.542e+01| 9.928e+02 9.935e+02 2.367e+01| 9.866e+02 9.913e+02 1.812e+01| 9.868e+02 9.890e+02 2.113e+01
BBPSO:JDE 30| 1.433e+02 1.640e+02 7.868e+01| 9.249e+02 9.191e+02 3.129e+01| ©.238e+02 9.156e+02 3.488e+01| 9.231e+02 9.202e+02 2.576e+01 =
50 | 2.037e+02 2.104e+02 4.645e+01| 9.826e+02 9.835e+02 3.118e+01| 9.930e+02 9.921e+02 1.728e+01| ©.896e+02 9.860e+02 3.296e+01 =
BBPSO:JADE 30 1.410e+021.842e+02 9.689e+01 £9.215e+029.068e+02 4.400e+01 {+9.265e+02 9.149e+02 3.935e+01| 8.223e+029.095e+02 4.115e+01 =
50| 1.941e+02 2.004e+02 6.386e+01| 8.774e+029.818e+02 1.820e+01 [+9.869e+02 9.872e+02 1.819e+01| 9.910e+02 9.904e+02 1.693e+01 =
BBPSO:SADE 30| 1.446e+02 1.616e+02 6.112e+01| 9.266e+02 9.211e+02 3.201e+01| 8.227e+029.128e+02 3.856e+01 £9.249e+02 9.167e+02 3.540e+01 =
50| 2.101e+02 2.062e+02 4.960e+01| 9.849e+02 9.879e+02 1.615e+01| £.815e+029.843e+02 1.978e+01 {+9.838e+02 9.804e+02 4.138e+01 =
BBPSO:DEGL 30| 1.435e+02 1.789e+02 1.050e+02| 9.228e+02 9.166e+02 3.037e+01| 9.246e+02 9.135e+02 3.880e+01| £.227e+02 9.036e+02 4.970e+01 =
50 | 1.859e+021.910e+02 5.182e+01 F9.823e+02 9.840e+02 1.814e+01| £.851e+029.846e+02 1.684e+01 £9.729e+029.713e+02 3.957e+01 +
fa1 fa2 fag faq
BBPSO 30[ 5.000e+025.060e+02 4.243e+01 | 9.649e+02 9.675e+02 2.823e+01| 5.000e+025.653e+02 1.887e+02 | 2.000e+022.000e+02 0.000e+00
50 | 5.000e+025.199e+02 1.063e+02 | 1.006e+03 1.006e+03 1.564e+01| 5.000e+025.000e+02 0.000e+00 | 2.000e+022.211e+02 1.374e+02
BBPSO:JDE 30| 5.000e+025.263e+02 9.080e+01 9.486e+029.525e+02 2.552e+01 [+5.000e+025.510e+02 1.517e+02 F2.000e+022.000e+02 0.000e+00 =
50 | 5.000e+025.000e+02 0.000e+00 F1.004e+031.004e+03 1.626e+01 F5.000e+025.272e+02 1.347e+02 £2.000e+022.187e+02 1.325e+02 =
BBPSO:JADE 30 5.000e+025.252e+02 1.090e+02 9.488e+02 9.514e+02 2.365e+01| $.000e+025.592e+02 1.854e+02 =2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.060e+02 4.243e+01 £1.010e+03 1.008e+03 1.336e+01| £.000e+025.262e+02 1.152e+02 F2.000e+022.200e+02 1.413e+02 =
BBPSO:SADE 30 5.000e+025.507e+02 1.513e+02 £9.671e+02 9.679e+02 2.659e+01| £.000e+025.386e+02 1.419e+02 =2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.062e+02 4.355e+01 £1.006e+03 1.008e+03 1.539e+01| £.000e+025.334e+02 1.407e+02 F2.000e+022.811e+02 2.779e+02 =
BBPSO:DEGL 30| 5.000e+025.000e+02 0.000e+00 F9.522e+02 9.559e+02 2.997e+01| 5.000e+025.137e+02 9.722e+01 £2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.141e+02 9.977e+01 £1.005e+03 1.003e+03 1.306e+01{ £.000e+025.000e+02 0.000e+00 F2.000e+022.603e+02 2.410e+02 =
fas
BBPSO 30| 1.669e+03 1.668e+03 7.609e+00]
50 | 1.724e+03 1.724e+03 6.689e+00|
BBPSO:DE 30| 1.665e+031.666e+03 6.955e+00 F
: 50 | 1.720e+031.720e+03 6.691e+00 |+ Total number of (+/-/=): (9/0/41)
SSOTOE T 1o Tt 7 7
SO i g ¢ Fomatert 7 GO
soPsoOECL I Lty L ci Fomater 7 A
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Table 11: Error values of the CLPSO algorithm and their gpoading hybrid DE variants on the 30 and 50—dimensional CEI5

benchmark functions

T 5 % T
Algorithm D Median Mean St.D. Median Mean St.D. Median Mean St.D. Median Mean St.D.
CLPSO 30( 0.000e+000.000e+00 0.000e+00 | 3.828e+02 3.828e+02 1.060e+02[ 1.204e+07 1.188e+07 3.107e+06| 5.481e+03 5.396e+03 1.250e+03
50| 0.000e+000.000e+00 0.000e+00 | 1.013e+04 1.021e+04 1.357e+03| 5.084e+07 4.930e+07 1.161e+07| 3.477e+04 3.428e+04 5.637e+03
CLPSO:DE 30| 0.000e+000.000e+00 0.000e+00 F3.384e+02 3.316e+02 1.032e+02| £.145e+07 1.120e+07 3.205e+06| 5.132e+03 5.106e+03 1.634e+03 =
50| 0.000e+000.000e+00 0.000e+00 F9.389e+03 9.517e+03 1.574e+03| $.261e+07 5.196e+07 1.053e+07| 8.425e+04 3.427e+04 5.186e+03 =
CLPSO:JADE 30 0.000e+000.000e+00 0.000e+00 F1.884e+02 1.951e+02 6.106e+01| 4+.000e+07 9.867e+06 3.015e+06[ #.194e+03 4.229e+03 1.055e+03 +
50| 0.000e+000.000e+00 0.000e+00 F7.163e+03 7.267e+03 1.331e+03| 8.768e+073.813e+07 8.497e+06 [2.857e+04 2.859e+04 5.809e+03 +
CLPSO:SADE 30 0.000e+000.000e+00 0.000e+00 F1.172e+02 1.365e+02 7.185e+01| 4.188e+07 1.229e+07 3.305e+06( 3.229e+03 3.256e+03 1.163e+03 +
50| 0.000e+000.000e+00 0.000e+00 F3.652e+034.199e+03 1.631e+03 {+5.332e+07 5.227e+07 9.488e+06| 2.347e+042.348e+04 4.820e+03 +
CLPSO:DEGL 30| 0.000e+000.000e+00 0.000e+00 F1.131e+021.144e+02 3.671e+01 [+5.214e+065.313e+06 1.518e+06 {+2.935e+033.101e+03 1.018e+03 +
50| 0.000e+000.000e+00 0.000e+00 F6.699e+03 6.928e+03 1.277e+03| 8.709e+07 3.689e+07 9.227e+06| 2.745e+04 2.808e+04 4.855e+03 +
fs f fz fg
CLPSO 30| 4.011e+03 4.001e+03 4.276e+02| 7.369e+00 1.779e+01 2.285e+01| 4.696e+034.696e+03 1.837e-12 | 2.072e+012.072e+01 5.905e-02
50| 9.753e+03 9.698e+03 7.903e+02| 8.998e+018.705e+01 3.757e+01 | 6.195e+036.195e+03 4.594e-12 | 2.105e+012.104e+01 4.617e-02
CLPSO:DE 30| 3.829e+03 3.795e+03 4.181e+02| ¥.038e+001.744e+01 2.225e+01 4.696e+034.696e+03 1.837e-12 2.074e+01 2.072e+01 6.404e-02 =
50| 9.311e+03 9.268e+03 8.360e+02( £.038e+02 1.031e+02 4.247e+01| 6.195e+036.195e+03 4.594e-12 F2.106e+01 2.105e+01 5.017e-02 =
CLPSO:JADE 30 3.778e+03 3.836e+03 3.654e+02| 4.060e+01 1.984e+01 2.327e+01| 4.696e+034.696e+03 1.837e-12 F2.075e+01 2.073e+01 7.820e-02 =
50| 9.124e+039.222e+03 9.158e+02 +9.471e+01 9.106e+01 3.912e+01| 6.195e+036.195e+03 4.594e-12 F2.105e+012.105e+01 4.404e-02 =
CLPSO:SADE 30 3.983e+03 4.026e+03 4.631e+02| 2.563e+01 2.283e+01 2.454e+01| 4.696e+034.696e+03 1.837e-12 F2.074e+01 2.074e+01 5.717e-02 =
50 | 9.624e+03 9.619e+03 9.466e+02 ©.110e+01 9.131e+01 3.783e+01| 6.195e+036.195e+03 4.594e-12 F£2.105e+012.105e+01 4.747e-02 =
CLPSO:DEGL 30| 3.650e+033.640e+03 4.758e+02 {+9.552e+00 1.912e+01 2.190e+01| 4.696e+034.696e+03 1.837e-12 F2.074e+01 2.074e+01 5.682e-02 =
50| 9.131e+03 9.085e+03 9.073e+02| 9.070e+01 9.109e+01 3.637e+01| 6.195e+036.195e+03 4.594e-12 F2.107e+01 2.106e+01 3.639e-02 =
fq f10 f11 f1o
CLPSO 30| 0.000e+000.000e+00 0.000e+00 | 8.008e+01 8.023e+01 1.495e+01| 2.548e+01 2.526e+01 1.854e+00| 1.293e+04 1.324e+04 4.162e+03
50 | 0.000e+000.000e+00 0.000e+00 | 2.183e+02 2.173e+02 2.000e+01| 5.263e+015.268e+01 2.212e+00 | 8.996e+04 8.949e+04 2.001le+04
CLPSO:DE 30| 0.000e+000.000e+00 0.000e+00 F7.661e+01 7.760e+01 1.517e+01| 2.576e+01 2.541e+01 2.171e+00| £.168e+041.320e+04 4.979e+03 =
50 | 0.000e+000.000e+00 0.000e+00 F2.190e+02 2.162e+02 2.560e+01| £.304e+01 5.286e+01 1.965e+00| 8.834e+04 8.706e+04 1.916e+04 =
CLPSO:JADE 30 0.000e+00 1.990e-02 1.407e-01 7.634e+01 7.616e+01 1.184e+01| 2.541e+01 2.529e+01 1.496e+00| £.226e+04 1.263e+04 4.373e+03 =
50| 0.000e+00 1.990e-02 1.407e-01 £2.083e+02 2.111e+02 2.337e+01| £.277e+01 5.271e+01 1.916e+00| 8.098e+04 8.215e+04 1.577e+04 =
CLPSO:SADE 30 0.000e+000.000e+00 0.000e+00 E7.139e+017.468e+01 1.474e+01 F2.577e+01 2.539e+01 1.523e+00| £.409e+04 1.324e+04 4.115e+03 =
50| 0.000e+000.000e+00 0.000e+00 F2.176e+02 2.177e+02 2.397e+01| £.276e+01 5.283e+01 1.807e+00| ¥.727e+047.933e+04 1.722e+04 +
CLPSO:DEGL 30| 0.000e+000.000e+00 0.000e+00 E7.408e+01 7.355e+01 1.145e+01| 2.514e+012.502e+01 1.380e+00 F1.298e+04 1.333e+04 4.428e+03 =
50| 0.000e+00 1.990e-02 1.407e-01 £2.022e+022.010e+02 2.098e+01 #5.331e+01 5.298e+01 2.258e+00| 8.130e+04 9.142e+04 1.726e+04 =
f13 f1a fi5 f16
CLPSO 30| 1.979e+00 1.888e+00 3.977e-01| 1.248e+011.248e+01 3.051e-01 | 4.116e+01 5.623e+01 5.212e+01| 1.413e+02 1.453e+02 3.171e+01
50| 7.093e+00 7.074e+00 6.947e-01| 2.214e+01 2.212e+01 2.642e-01| 1.301e+02 1.422e+02 5.276e+01| 1.967e+02 1.969e+02 3.751e+01
CLPSO:DE 30| 2.085e+00 2.000e+00 3.761e-01| 42.257e+01 1.250e+01 3.046e-01| 2.857e+014.064e+01 4.865e+01 {+1.393e+02 1.440e+02 3.052e+01 =
50| 6.852e+00 6.995e+00 7.806e-01f 2.223e+01 2.218e+01 3.182e-01| £.096e+021.228e+02 5.394e+01 F1.948e+02 1.998e+02 3.684e+01 =
CLPSO:JADE 30 2.131e+00 2.107e+00 2.973e-01| 4.255e+01 1.252e+01 2.482e-01| 5.075e+01 7.378e+01 6.405e+01| £.237e+021.293e+02 3.214e+01 +
50| 7.303e+00 7.290e+00 6.558e-01f 2.223e+01 2.218e+01 2.394e-01| £.337e+02 1.357e+02 4.519e+01| £.798e+02 1.811e+02 3.379e+01 +
CLPSO:SADE 30 1.809e+001.803e+00 3.047e-01 £1.253e+01 1.248e+01 3.113e-01| $.907e+01 8.021e+01 7.144e+01f £.407e+02 1.455e+02 3.519e+01 =
50| 4.431e+004.510e+00 6.041e-01 #2.232e+01 2.223e+01 2.663e-01| 4.355e+02 1.368e+02 5.355e+01| £.907e+02 1.996e+02 3.631e+01 =
CLPSO:DEGL 30| 2.057e+00 2.043e+00 2.510e-01| £.258e+01 1.259e+01 2.758e-01| 4.277e+01 6.249e+01 5.778e+01| 2.272e+02 1.292e+02 2.906e+01 +
50| 7.037e+00 7.078e+00 7.025e-01f 2.212e+012.209e+01 3.147e-01 F1.227e+02 1.390e+02 4.285e+01| £.759e+021.792e+02 3.028e+01 +
f17 f1g f1o fa0
CLPSO 30| 2.084e+02 2.134e+02 3.624e+01| 9.132e+02 8.993e+02 7.031e+01| 9.140e+02 9.102e+02 1.853e+01| 9.132e+02 9.119e+02 8.572e+00
50| 2.767e+02 2.822e+02 3.860e+01{ 9.430e+02 9.414e+02 1.894e+01| 9.435e+02 9.418e+02 1.317e+01| 9.430e+02 9.438e+02 4.918e+00
CLPSO:DE 30| 1.907e+02 1.924e+02 4.072e+01| 9.138e+02 9.113e+02 1.610e+01| 9.133e+02 9.092e+02 2.092e+01| 9.133e+02 8.957e+02 4.114e+01 =
50| 2.674e+02 2.718e+02 3.792e+01| £.408e+029.416e+02 5.919e+00 #9.410e+02 9.415e+02 5.000e+00| 9.411e+02 9.418e+02 4.779e+00 +
CLPSO:JADE 30 1.932e+02 1.938e+02 4.534e+01| 9.123e+02 9.067e+02 2.437e+01| 9.133e+02 9.067e+02 2.615e+01| £.134e+02 9.048e+02 2.968e+01 =
50| 2.625e+022.644e+02 3.457e+01 +9.428e+02 9.430e+02 6.845e+00| 9.406e+029.418e+02 5.408e+00 F9.415e+02 9.423e+02 4.524e+00 =
CLPSO:SADE 30 2.041e+02 2.086e+02 4.078e+01| 9.135e+02 9.113e+02 1.598e+01| 9.132e+02 9.094e+02 2.016e+01| £.129e+02 9.089e+02 2.073e+01 =
50| 2.631e+02 2.655e+02 3.555e+01{ 9.425e+02 9.421e+02 4.274e+00| 9.419e+02 9.431e+02 5.518e+00| 9.418e+02 9.417e+02 3.588e+00 +
CLPSO:DEGL 30| 1.826e+021.911e+02 4.342e+01 +9.122e+029.057e+02 2.632e+01 [+9.130e+029.041e+02 3.018e+01 {+9.126e+029.063e+02 2.605e+01 +
50| 2.646e+02 2.649e+02 3.706e+01{ 9.412e+02 9.396e+02 1.669e+01| 9.420e+02 9.424e+02 5.561e+00| 9.407e+029.413e+02 4.348e+00 +
fo1 fa2 fa3 foq
CLPSO 30( 5.000e+025.000e+02 0.000e+00 | 9.603e+02 9.609e+02 1.477e+01| 5.000e+025.000e+02 0.000e+00 | 2.000e+022.000e+02 0.000e+00
50| 5.000e+025.000e+02 0.000e+00 | 9.912e+02 9.917e+02 7.240e+00| 5.000e+025.000e+02 0.000e+00 | 2.000e+022.000e+02 4.950e-03
CLPSO:DE 30| 5.000e+025.000e+02 0.000e+00 F9.572e+02 9.591e+02 1.301e+01| 5.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
50 | 5.000e+025.000e+02 0.000e+00 F9.868e+02 9.860e+02 8.951e+00| $.000e+025.000e+02 0.000e+00 2.000e+022.000e+02 1.414e-04 =
CLPSO:JADE 30 5.000e+024.990e+02 7.228e+00 F9.600e+02 9.590e+02 1.420e+01| £.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.000e+02 0.000e+00 £9.875e+02 9.881e+02 8.608e+00| £.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
CLPSO:SADE 30 5.000e+025.000e+02 0.000e+00 F9.613e+02 9.600e+02 1.627e+01| £.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.000e+02 0.000e+00 £9.897e+02 9.888e+02 8.623e+00| £.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
CLPSO:DEGL 30| 5.000e+025.000e+02 0.000e+00 9.522e+029.504e+02 1.464e+01 [+5.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
50| 5.000e+025.000e+02 0.000e+00 F£9.833e+029.817e+02 9.876e+00 +5.000e+025.000e+02 0.000e+00 F2.000e+022.000e+02 0.000e+00 =
fos
CLPSO 30| 1.659e+031.659e+03 4.102e+00
50| 1.701e+031.702e+03 2.610e+00
CLPSO:DE 30| 1.661e+03 1.660e+03 3.624e+00| =
] 50 | 1.703e+03 1.702e+03 2.502+00| = Total number of (+/-/=): (9/0/41)
cresonE 3 T e T o a9 2
CLPSO:SADE 30 1.660e+03 1.660e+03 3.905e+00| =
50 | 1.702e+03 1.702e+03 3.336e+00| = Total number of (+/-/=): (8/1/41)
e ] 17020403 17010403 2 4300+00| - Total number of (+/-/=): 2010130
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1 ‘ ; ‘ ‘ behavior and the main characteristics of the applied alyos.

e In the cases of PSO/DE hybridization one should consider the
discussion in Section 4.2 and Section 4.3, along with othier a
cles that discuss the characteristics of PSO and DE algusith
e.g.[34,41, 42,50, 58, 63, 83, 91, 94, 103, 104]. In rares;ase
1 the hybridization of a PSO variant with a DE mutation strgiteg
may alter its convergence dynamics, which may lead to per-
formance deterioration, e.g. the incorporation of an exgtioe

DE mutation strategy in the CLPSO algorithm (refer to the las

XPSO:DElgg’sSU? — paragraphs of Section 5.2).

XPSO:DE/rand/1 -+
XPSO:DE/cur-to-rand/1 -

ECDF over all functions

XPSO:DE/best/2 -~ 5.4. Overall Performance
XPSO:DE/rand/2 . . . . . . .
o ‘ ‘ | XPSO:TDE/rand/L -~ - The objective of this work is to investigate whether given a
0.0001  0.01 1 100 10000 1e+06 le+08 le+10  well performing PSO algorithm, a performance improvement
Solution error value is possible through the proposed framework, without dgstro

) ., ) L ) ing its dynamics. Based on the aforementioned results, we ca
Figure 6: Empirical cumulative probability distributiorf the solution error fel lude that this obiective has b o
values for the local version of thegPSO algorithm against the corresponding Sa_‘ ely conclude that this objective has been SU_CC?SS tyra-
hybrid DE variants on the 30 and 50-dimensional versionhief@EC 2005  plished by the proposed framework for the majority of the-con
benchmark functions. sidered algorithms. In this subsection, we conclude thequre
tation of the experimental results, by providing a sumniagz
comparison of all PSO variants over all benchmark functions
To this end, we include a statistical analysis for ranking th
performance of all algorithms on all benchmark functiong W
also visualize their behavior by firstly employing the Enpir

(JIDE) [7], the Adaptive Differential Evolution with opticai
external archive algorithm (JADE) [111, 112], the Diffetieh
Evolution algorithm with Strategy Adaptation (SaDE) [86].8
and the Differential Evolution with Global and Local Neigith cal Cumulative probability Distribution Function of theeras

hoods (PEGL) [9. 14]. an overall performance procedure and afterwards by iHtisiy

To this end, Table 10 and Table 11 demonstrate the exne convergence graphs of the median solution error vakess o
perimental results of the proposed framework on BBPSO andeyeral functions.
CLPSO respectively. It can be easily observed that, for astmo  Tgple 12 demonstrates the average rankings computed
all functions, the resulting schemes exhibit either sugpeor through the Friedman, the Aligned Friedman, and the Quade
equal performance in comparison with the original PSO varitests. For each test we present the algorithm and its sca in
ants. The impact of the proposed framework is evident mostly.ending order, while at the bottom of the table we illusttae
in the unimodal and the hybrid composition functions, inethi computed statistics and the correspondirgalues. Based on
there are statistical significqnt performance differendebas e reportedp-values, all tests strongly suggests the existence
to be noted that the behavior of the proposed framework ogs significant differences among the considered algorithains
CLPSO has totally changed. Its performance is greatly enme o = 0.05 level of significance. In general, it can be ob-
hanced by the proposed framework, in particular with the insgpyed that in almost every test, the proposed hybrid verian
corporation of the DEGL algorithm (CLPSO:DEGL), which, gccupy the first positions as well as they are better tham thei
as presented in the next section, is one of the best perfgrmirtorresponding original PSO algorithm. In more detail, ia th
hybrids considered in this study. Friedman test, the first six positions are acquired by thégix

In addition, among the four hybrid schemes the best perforbrid variants. Based on Friedman’s characteristics thkimgn
mance is observed in hybrids which implement either JADE oiindicates that the hybrid variants reach the first positifams
DEGL algorithms. In the BBPSO case, both BBPSO:JADE andhe majority of the considered functions. Subsequentlyra-si
BBPSO:DEGL resultin significant performance gains in 13 outiar behavior can be observed for the Aligned Friedman test. |
of 50 functions, while BBPSO:jDE and BBPSO:SADE in 10 this test, BBPSO reaches the fourth position, while the othe
out of 50 functions. In the CLPSO case the most promising/ariants follow a similar ranking order. Finally, in the Qi
approach is CLPSO:DEGL, since it demonstrates substantigst the first place is acquired by the CLPSO:DEGL, the sec-
performance improvements in 20 out of 50 functions. ond by the CLPSO algorithm and the following seven positions

To conclude, the incorporation of the proposed frameworkby the proposed hybrid variants. This behavior indicates th
in any PSO variant is straightforward and, as suggested by olCLPSO:DEGL, FIPS:TDE/rand/1 and CLPSO algorithms per-
extensive experimental and statistical analysis, resufiignif-  form better on the most difficult benchmarks of the considere
icant performance gains in the majority of the consideresgsa set. Based on the aforementioned tests, we can safely anclu
with a relatively small computational overhead. Severatbp  that CLPSO:DEGL, CLPSO:DE/rand/1 and BBPSO/DE/rand/1
nation with popular DE variants can be implemented, in an atean be characterized as the best performing algorithmseof th
tempt to produce an algorithm with increased performanae, oconsidered study.
a specific class of problems. Nevertheless, before implemen Consequently, Figure 7 illustrates the Empirical Cumuéati
ing the proposed framework, one should pay attention on thprobability Distribution FunctionECDF) of the solution error
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Table 12: Average Rankings of all PSO variants over all berark functions

Average Ranking

Friedman Aligned Friedman Quade

Rank Algorithm Score Algorithm Score Algorithm Score
1 CLPSO:DE/rand/1 5.329 CLPSO:DE/rand/1 243.59( CLPSO:DEGL 5.581
2 BBPSO:DE/rand/1 5.550 BBPSO:DE/rand/1 263.05( CLPSO 5.927
3 DMSPSO:DE/rand/1 5.884 BBPSO:JADE 290.519 FIPS:TDE/rand/1 5.982
4 FIPS:TDE/rand/1 5.979 BBPSO 299.540| DMSPSO:DE/rand/1 6.145
5 CLPSO:DEGL 6.329| DMSPSO:DE/rand/1 ~ 303.010 CLPSO:DE/rand/1 6.262
6 xPSO:DE/rand/1 6.440 CLPSO:DEGL 308.250, BBPSO:DE/rand/1 6.334
7 CLPSO 6.770| xPSO:DE/rand/1 314.879 yPSO:DE/rand/1 6.554
8 UPSO:TDE/rand/1 6.859 UPSO:TDE/rand/1 317.84( BBPSO:JADE 7.150
9 BBPSO:JADE 6.899| FIPS:TDE/rand/1 318.400 UPSO:TDE/rand/1 7.432
10 BBPSO 7.479 CLPSO 341.470 DMSPSO 7.893
11 DMSPSO 8.400 DMSPSO 374.679 BBPSO 7.961
12 xPSO 8.930 xPSO 400.329 xPSO 8.753
13 UPSO 11.339 UPSO 532.160 UPSO 10.842
14 FIPS 12.799 FIPS 599.279 FIPS 12.176

Statistic 179.7137 445192 10.4220

p-value 1.2529e-10 2.5164e-5 3.4296e-20

this work, obtained from 100 independent simulations. As ex
pected, the graphs capture the previously observed betwvio

1
os b gz: | the PSO algorithms, while they indicate that in most of treesa
I 2 the proposed framework either enhances the convergence of a
0.96 | I PSO variant or operates similarly. There are relativelydages
06 | 0.95 : i - where the proposed hybrids exhibit performance detei@rat

1le+06

XPSO
Al XPSO:DE/rand/1
/ BBPSO

BBPSO:DE/rand/1
CLPSO

0.4 CLPSO:DE/rand/1
DMSPSO

1 6. Concluding Remarks

ECDF over all functions

DMSPSO:DE/rand/1 . . .
T It has been recognized that during the evolutionary process

FIPS
FIPSTDENand I of the Particle Swarm Optimization (PSO) algorithm the so-

0.2

UPSO
UPSOITREandlL cial and cognitive experience of each particle, i.e.rtiesnory-
o ., CLRSODEGL swarm tend to be distributed in the vicinity of the problem’s

100 10000 1le+06 1e+08 le+10

Solution error value

0 ‘ ‘
o.0001 - 0.01 ! optima. In this work, we attempt to take advantage of this-cha
acteristic behavior in an attempt to improve the perforneanc
of the algorithm. To this end, we propose a hybrid evolution-
ary framework to evolve the social and cognitive experience
of the swarm and enhance the convergence properties of the
PSO algorithm, without sacrificing its search capabilitidere,
we propose to incorporate the Differential Evolution alfon,
values for the PSO variants on all considered benchmark funGynich is a simple and compact evolutionary algorithm esthibi
tions. As it can be clearly observed the hybrid PSO variantsng good convergence characteristics.
exhibit a great potential on the CEC 2005 function set. Al- |n detail, after each evolution step of the PSO algorithm, we
most all hybrid PSO variants have higher ECDF values comgyplve both social and cognitive experience of a swarm wigh t
pared with their original PSO algorithms. In general, the-pr pifferential Evolution algorithm. The newly evolved pdsits
posed hybrids produce one to two orders of magnitude less efj|| be the outcome of the best experience of the swarm, which
ror values than the corresponding original PSO algorithqn, € |l have the potential to either locate better regions acbu
the CLPSO:DE:rand/1, UPSO:TDE/rand/1, FIPS:TDE/rand/Jpromem’s minima or to rapidly exploit already found promis
and BBPSO:DE/rand/1 curves reach unity at approximatelyng regions, and thus accelerate convergence. The proposed
10° error, while the curves corresponding to the originalhypridization framework is generic and scalable, as it éin
PSO algorithms (CLPSO, UPSO, FIPS and BBPSO) at erropendent of the main evolution stages of any Particle Swarm Op
107, 10%,10°, and 10, respectively (please refer to the zoomedtimization variant. In this study we have applied it to thaca-
subfigure inside Figure 7). ical PSO algorithm and five state-of-the-art PSO variantslen
Finally, in Figure 8, we provide convergence graphs for 15we have considered six classic DE mutation strategies aid fo
out of the 50—-dimensional CEC 2005 benchmark functions, i.epopular DE variants.
the f; — fe, fg — f13, f16, f17, f21, and fo3. The graphs illus- Extensive experimental results on the CEC 2005 bench-
trate median solution error value curves for all PSO vasiantmark function suite validated by statistical significancela
and their corresponding best performing hybrids consilare ysis, demonstrate that the proposed framework is very [gomi
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Figure 7: Empirical cumulative probability distributior the solution error for
the state of the art PSO variants against the correspongimgdhframeworks
on the CEC 2005 benchmark functions.
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Figure 8: Convergence graph (median curves) for all PSCantwiand their corresponding best performing hybrids onSedimensionalf; — fg, fg —
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ing. We have firstly employed in canonical PSO six DE mu-anonymous reviewers for their valuable comments and sugges

tation strategies separated in two groups, namely the expldions that helped to improve the content as well as the glafit
rative and the exploitative mutation strategies. An extens the manuscript.

experimental analysis clearly suggests that the expler&E
mutation strategies exhibited significant performancegan

the canonical PSO, over the majority of the considered benctReferences

mark functions. There are relatively few cases where the pro
posed framework results in performance deterioration. l@n t
other hand, the performance improvement of the hybrids with
exploitative mutation strategies was less prominent. Wes ha
observed that the more exploitative a mutation strategthés,
more it's performance deteriorates. All previously men&d
observations have been validated by a statistical analiysis
cluding statistical significance tests and ranking proceslu

Based on the aforementioned analysis, we have further ap-
plied the three best performing DE mutation strategies>o si
state-of-the-art PSO variants. Extensive experimentalyan
sis indicates that the incorporation of the proposed fraonkew
in any PSO variant was straightforward and significantly en-
hances the performance of the majority of the consideregscas
The experimental analysis ended with the incorporatiomof f
popular DE algorithms on the aforementioned PSO variants.
Again, the resulting schemes demonstrated the expected be{7]
havior. Thus, the incorporation of the proposed framewaork i
a PSO variant is highly recommended. Nevertheless, before
implementing the proposed framework, one should pay atten- [g]
tion on the behavior and the characteristics of the appligal-a
rithms. In rare cases, the hybridization of a PSO varian wit
a DE mutation strategy may alter its convergence dynamics,
which may lead to performance deterioration. [10]

The proposed framework can be easily extended in several
different ways. Thereby, in a future work we intend to incor- [
porate specialized mutation strategies with differentabizr- [12]
istics [27] into the proposed framework, since their gooplex
rative/exploitative capabilities may result in very cortifiee
optimization algorithms. Furthermore, employing otheti-op
mization algorithms to the proposed framework, such as Evo-
lutionary Strategies or Estimation of Distribution Algibmins,
may also result in high potential hybrid PSO variants.

The behavior and the spatial characteristics of the swaryn ma
resultin great benefits in multimodal optimization. Thus,in
tend to further study the swarm'’s spatial characteristizhits
impact on locating many global optima [26], either in one or [16]
many structured swarms. Finally, we are interested in apgly
the proposed framework to large-scale and real-world dpam
tion problems.

(1]

(2]
(31
(4]
(5]

(6]

El

[13]
[14]

[15]

[17]

(18]
Acknowledgements

This research has been co-financed by the European Unio?lg]
(European Social Fund — ESF) and Greek national funds
through the Operational Program “Education and Lifelong [20]
Learning” of the National Strategic Reference Framework
(NSRF) — Research Funding Program: Heracleitus II. Invest-[21]
ing in knowledge society through the European Social Fund.
The authors would like to thank the Associate Editor, and the[22]

26

Angeline, P.J.. Evolutionary optimization versus et swarm opti-
mization: Philosophy and performance differences. In: &® 'Pro-
ceedings of the 7th International Conference on EvolutipRaogram-
ming VII. London, UK: Springer-Verlag; 1998. p. 601-610.

van den Bergh, F., Engelbrecht, A.P.. A cooperative apph to particle
swarm optimization. |IEEE Transactions on Evolutionary @atation
2004;8(3):225-239.

van den Bergh, F., Engelbrecht, A.P.. A cooperative apph to particle
swarm optimization. IEEE Transactions on Evolutionary @atation
2004;8(3):225-239.

Blackwell, T., Branke, J.. Multiswarms, exclusion, araahti-

convergence in dynamic environments. IEEE TransactionEaiu-

tionary Computation 2006;10(4):459-472.

Blackwell, T.M., Bentley, P.. Improvised music with swas. In: IEEE
Congress on Evolutionary Computation, 2002. (CEC 2002ume 2;

2002. p. 1462-1467.

Bratton, D., Kennedy, J.. Defining a standard for pagtisivarm op-
timization. In: IEEE Swarm Intelligence Symposium, 2007S 2007.
IEEE; 2007. p. 120-127.

Brest, J., Greiner, S., Boskovic, B., Mernik, M., Zumev,. Self-

Adapting control parameters in differential evolution: Ancparative
study on numerical benchmark problems. IEEE TransactiorBwolu-

tionary Computation 2006;10(6):646—657.

Chakraborty, U.K.. Advances in Differential Evolutio®pringer Pub-
lishing Company, Incorporated, 2008.

Chakraborty, U.K., Das, S., Konar, A.. Differential éution with

local neighborhood. In: IEEE Congress on Evolutionary Cotagon,

2006. CEC 2006. 2006. p. 2042—2049.

Clerc, M.. Particle Swarm Optimization. ISTE PublisgiCompany,
2006.

11] Clerc, M.. Standard Particle Swarm Optimization, fré606 to 2011.

Technical Report; http://www.particleswarm.info/; 2011

Clerc, M., Kennedy, J.. The particle swarm - explosistability, and
convergence in a multidimensional complex space. |EEEsEeions
on Evolutionary Computation 2002;6(1):58—73.

Conover, W.J.. Practical Nonparametric Statistiasl 1. Wiley, 1999.
Das, S., Abraham, A., Chakraborty, U.K., Konar, A.. fBintial
evolution using a Neighborhood-Based mutation operatEH Trans-
actions on Evolutionary Computation 2009;13(3):526-553.

Das, S., Abraham, A., Konar, A.. Particle swarm optiatian and
differential evolution algorithms: Technical analysigpécations and
hybridization perspectives. In: Advances of Computationtlligence
in Industrial Systems. Springer-Verlag; volume 116Stfidies in Com-
putational Intelligence2008. p. 1-38.

Das, S., Konar, A., Chakraborty, U.K.. Improving pel¢i swarm op-
timization with differentially perturbed velocity. In: Bceedings of the
2005 conference on Genetic and evolutionary computati@w Mork,
NY, USA: ACM; GECCO '05; 2005. p. 177-184.

Das, S., Suganthan, P.N.. Differential evolution: Anay of
the state-of-the-art. |EEE Transactions on Evolutionapm@utation
2011;15(1):4-31.

Derrac, J., Garcia, S., Molina, D., Herrera, F.. A pict tuto-
rial on the use of nonparametric statistical tests as a rdetbgy for
comparing evolutionary and swarm intelligence algorith@&arm and
Evolutionary Computation 2011;1(1):3-18.

Eberhart, R., Simpson, P., Dobbins, R.. Computatiamalligence PC
tools. San Diego, CA, USA: Academic Press Professional, Iri96.
Eberhart, R.C., Kennedy, J.. A new optimizer usingipkrswarm the-
ory. In: In Proceedings 6th Symposium on Micro Machine andnidn
Science. Nagoya, Japan; 1995. p. 39-43.

Engelbrecht, A.. Computational Intelligence: An biduction. Halsted
Press, 2002.
Engelbrecht,

A.P.. Heterogeneous particle swarmnapétion. In:



(23]

[24]

[25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37

(38]

(39]

[40]

[41]

Proceedings of the 7th international conference on Swatefligence.
Berlin, Heidelberg: Springer-Verlag; ANTS'10; 2010. p.1+202.
Epitropakis, M.G., Plagianakos, V.P., Vrahatis, M.NBalancing the
exploration and exploitation capabilities of the diffetiahevolution al-
gorithm. In: IEEE Congress on Evolutionary ComputatiorQ2QCEC
2008). (IEEE World Congress on Computational Intelliggn2€08. p.
2686-2693.

Epitropakis, M.G., Plagianakos, V.P., Vrahatis, M.NEvolutionary
adaptation of the differential evolution control parameteIn: IEEE
Congress on Evolutionary Computation, 2009. (CEC 2009092(p.
1359-1366.

Epitropakis, M.G., Plagianakos, V.P., Vrahatis, M.NEvolving cog-
nitive and social experience in particle swarm optimizatiorough dif-
ferential evolution. In: IEEE Congress on Evolutionary Gutation,
2010, (CEC 2010). 2010. p. 1-8.

Epitropakis, M.G., Plagianakos, V.P., Vrahatis, M.Rinding multiple
global optima exploiting differential evolution’s niclgrcapability. In:
IEEE Symposium on Differential Evolution, 2011. SDE 201IEEE
Symposium Series on Computational Intelligence). Parané¢e; 2011.
p. 80-87.

Epitropakis, M.G., Tasoulis, D.K., Pavlidis, N.G.aglanakos, V.P.,
Vrahatis, M.N.. Enhancing differential evolution utiligj proximity-
based mutation operators. IEEE Transactions on EvolutoBampu-
tation 2011;15(1):99-119.

Epitropakis, M.G., Tasoulis, D.K., Pavlidis, N.G.aglanakos, V.P.,
Vrahatis, M.N.. Tracking particle swarm optimizers: An ptiee ap-
proach through multinomial distribution tracking with exential for-
getting. In: IEEE Congress on Evolutionary Computationl 2QCEC
2012). 2012. p. in press.

Fan, H.Y., Lampinen, J.. A trigonometric mutation ogtéon to differ-
ential evolution. Journal of Global Optimization 2003;205—129.
Garcia, S., Fernandez, A., Luengo, J., Herrera, Fvafced non-
parametric tests for multiple comparisons in the designxpeaments
in computational intelligence and data mining: Experiraéahalysis of
power. Information Sciences 2010;180(10):2044—-2064.

Ghosh, A, Das, S., Chowdhury, A., Giri, R.. An improveiffer-
ential evolution algorithm with fithess-based adaptatiérthe control
parameters. Information Sciences 2011;181(18):374%-376
Ghosh, S.,Das, S.,Kundu, D., Suresh, K., Abraham, rertparticle
communication and search-dynamics of Ibest particle svegotimizers:
An analysis. Information Sciences 2012;182(1):156—-168.

Hansen, N.. Adaptive encoding: How to render searchidinate sys-
tem invariant. In: Proceedings of the 10th internationaifecence on
Parallel Problem Solving from Nature: PPSN X. Berlin, Hétdeg:
Springer-Verlag; 2008. p. 205-214.

Hansen, N., Ros, R., Mauny, N., Schoenauer, M., Auger,lrpacts
of invariance in search: When cma-es and pso face ill-cromgitd and
non-separable problems. Applied Soft Computing 201113785~
5769.

Hao, Z., Guo, G., Huang, H.. A particle swarm optimizatalgorithm
with differential evolution. In: International Conferemon Machine
Learning and Cybernetics, 2007. volume 2; 2007. p. 10315:103
Hart, W., Krasnogor, N., Smith, J.. Memetic evolutiopalgorithms.
In: Hart, W., Smith, J., Krasnogor, N., editors. Recent Atbes
in Memetic Algorithms. Springer Berlin / Heidelberg; voleni66 of
Studies in Fuzziness and Soft Comput2@05. p. 3-27.

Hendtlass, T.. A combined swarm differential evolatialgorithm for
optimization problems. In: Monostori, L., Vancza, J.,,AM., edi-
tors. Engineering of Intelligent Systems. Springer Beflideidelberg;
volume 2070 oLecture Notes in Computer Scien@901. p. 11-18.
Hiot, L.M., Ong, Y.S., Panigrahi, B.K., Shi, Y., Lim, M., editors.
Handbook of Swarm Intelligence. volume 8 Atlaptation, Learning,
and Optimization Springer Berlin Heidelberg, 2010.

Hopkins, B., Skellam, J.G.. A new method for determinthe type of
distribution of plant individuals. Annals of Botany 1958(2):213-227.
lacca, G., Neri, F., Mininno, E., Ong, Y.S., Lim, M.H..c&hams
razor in memetic computing: Three stage optimal memetitoeafion.
Information Sciences 2012;188(0):17-43.

lorio, A., Li, X.. Improving the performance and scailé of differ-
ential evolution. In: Li, X., Kirley, M., Zhang, M., Green, .l’Ciesiel-
ski, V., Abbass, H., Michalewicz, Z., Hendtlass, T., Deb, Fan, K.,

27

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

Branke, J., Shi, Y., editors. Simulated Evolution and LeaynSpringer
Berlin / Heidelberg; volume 5361 afecture Notes in Computer Science
2008. p. 131-140.

lorio, A., Li, X.. Improving the performance and scailip of dif-
ferential evolution on problems exhibiting parameter riattions. Soft
Computing - A Fusion of Foundations, Methodologies and Agapions
2011;15:1769-1792.

Islam, S.M., Das, S., Ghosh, S., Roy, S., Suganthan,. ANadap-
tive differential evolution algorithm with novel mutaticand crossover
strategies for global numerical optimization. |IEEE Traniges on Sys-
tems, Man, and Cybernetics, Part B: Cybernetics 2012;482)500.
Jain, AK., Dubes, R.C.. Algorithms for clustering datJpper Saddle
River, NJ, USA: Prentice-Hall, Inc., 1988.

Kannan, S., Slochanal, S.M.R., Subbaraj, P., Padhyp.. NAppli-
cation of particle swarm optimization technique and itsarts to gen-
eration expansion planning problem. Electric Power SystB@&search
2004;70(3):203-210.

Kennedy, J.. Bare bones particle swarms. In: IEEE Swlatelligence
Symposium, 2003. SIS '03. 2003. p. 80-87.

Kennedy, J., Eberhart, R.C.. Particle swarm optiniatin: Proceed-
ings IEEE International Conference on Neural Networkscd&esvay,
NJ: IEEE Service Center; volume IV; 1995. p. 1942-1948.
Krasnogor, N.. Towards robust memetic algorithms. Hart, W.,
Smith, J., Krasnogor, N., editors. Recent Advances in Mienfdgo-
rithms. Springer Berlin / Heidelberg; volume 166Stidies in Fuzziness
and Soft Computing2005. p. 185-207.

Krink, T., Lovbjerg, M.. The LifeCycle model: Combirgnparticle
swarm optimisation, genetic algorithms and HillClimbelrs. Guervos,
J., Adamidis, P., Beyer, H.G., Schwefel, H.P., Fernandéaeanas,
J.L., editors. Parallel Problem Solving from Nature PPSN Springer
Berlin / Heidelberg; volume 2439 dfecture Notes in Computer Science
2002. p. 621-630.

Lampinen, J., Zelinka, I.. On stagnation of the diffefel evo-
lution algorithm. In: Proceedings of MENDEL 2000, 6th Inter
national Mendel Conference on Soft Computing. Online]. ikuze:
http://citeseer.ist.psu.edu/317991.html; 2000. p. 36—8

Li, X., Yao, X.. Cooperatively coevolving particle swas for large
scale optimization. |IEEE Transactions on Evolutionary @atation
2011;:to appear.

Liang, J.J., Qin, A.K., Suganthan, P.N., Baskar, S..m@rehen-
sive learning particle swarm optimizer for global optintiaa of mul-
timodal functions. IEEE Transactions on Evolutionary Caoiagion
2006;10(3):281-295.

Liang, J.J., Suganthan, P.N.. Dynamic multi-swarmtipi@ swarm
optimizer. In: Proceedings of the 2005 IEEE Swarm Intefice Sym-
posium, 2005. SIS '05. 2005. p. 124-129.

Liu, H., Cai, Z., Wang, Y.. Hybridizing particle swarmptimiza-
tion with differential evolution for constrained numeii@ad engineer-
ing optimization. Applied Soft Computing 2010;10(2):6326.

Liu, J., Lampinen, J.. A fuzzy adaptive differentialodution algo-
rithm. Soft Computing - A Fusion of Foundations, Methodaésgand
Applications 2005;9(6):448—-462.

Mendes, R.. Population Topologies and Their Influentéarticle
Swarm Performance. Ph.D. thesis; Escola de Engenharigetdidade
do Minho; 1977.

Mendes, R., Kennedy, J., Neves, J.. The fully informadiple swarm:
simpler, maybe better. IEEE Transactions on Evolutionaygn@utation
2004;8(3):204-210.

Monson, C.K., Seppi, K.D.. Exposing origin-seekingdin PSO. In:
Proceedings of the 2005 conference on Genetic and evcéuiacom-
putation. New York, NY, USA: ACM; GECCO ’'05; 2005. p. 241248.
Montes de Oca, M.A., Cotta, C., Neri, F.. Local search: Neri,
F., Cotta, C., Moscato, P., editors. Handbook of Memeticofitgms.
Berlin, Heidelberg: Springer Berlin Heidelberg; volumed32012. p.
29-41.

Montes de Oca, M.A., Pefia, J., Stltzle, T., Pincir&@i, Dorigo, M..
Heterogeneous particle swarm optimizers. In: Haddow, tRl.eedi-
tors. IEEE Congress on Evolutionary Computation, 2009,G2B09).
Piscataway, NJ: IEEE Press; 2009. p. 698-705.

Montes de Oca, M.A,, Stutzle, T., Birattari, M., Dorighl.. Franken-
stein’s PSO: a composite particle swarm optimization étigor. |IEEE



(62]

(63]

(64]

(65]

(66]

(67]

(68]

(69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

Transactions on Evolutionary Computation 2009;13(5)0:1232.
Neri, F., Cotta, C.. A primer on memetic algorithms. MNeri, F.,
Cotta, C., Moscato, P., editors. Handbook of Memetic Alidyonis.
Berlin, Heidelberg: Springer Berlin Heidelberg; volumed32012. p.
43-52.

Neri, F., lacca, G., Mininno, E.. Disturbed exploitaticompact differ-
ential evolution for limited memory optimization probleniaformation
Sciences 2011;181(12):2469-2487.

Neri, F., Tirronen, V.. Scale factor local search irfeliéntial evolution.
Memetic Computing 2009;1:153-171.

Neri, F., Tirronen, V.. Recent advances in differengéaolution:
a survey and experimental analysis. Artificial IntelligenReview
2010;33:61-106.

Olorunda, O., Engelbrecht, A.P.. An analysis of hegerteous coop-
erative algorithms. In: IEEE Congress on Evolutionary Catafon,
2009. (CEC 2009). 2009. p. 1562-1569.

Omran, M., Salman, A., Engelbrecht, A.. Self-adaptiierential
evolution. In: Hao, Y., Liu, J., Wang, Y., Cheung, Y.m., Yi{.,
Jiao, L., Ma, J., Jiao, Y.C., editors. Computational Iigelhce and
Security. Springer Berlin / Heidelberg; volume 3801Lefture Notes in
Computer Science005. p. 192-199.

Omran, M.G.H., Engelbrecht, A.P., Salman, A.. Diffetial evolu-
tion based particle swarm optimization. In: IEEE Swarm lligence
Symposium, 2007. SIS 2007. 2007. p. 112-119.

Ong, Y.S., Lim, M., Chen, X.. Memetic computation — pgsesent —
future [research frontier]. |IEEE Computational Intellige Magazine
2010;5(2):24-31.

Pant, M., Thangaraj, R., Abraham, A.. DE-PSO: a new idybreta-
heuristic for solving global optimization problems. New ti@matics
and Natural Computation 2011;07(03):363.

Pant, M., Thangaraj, R., Grosan, C., Abraham, A.. Hyldlifferen-
tial evolution - particle swarm optimization algorithm feolving global
optimization problems. In: Third International Conferenan Digital
Information Management, 2008. ICDIM 2008. 2008. p. 18-24.
Parsopoulos, K.E., Plagianakos, V.P., Magoulas, G/Eahatis, M.N..
Stretching technique for obtaining global minimizers thgb particle
swarm optimization. In: Particle Swarm Optimization Wdrkg. Indi-
anapolis, U.S.A.; 2001. p. 22—29.

Parsopoulos, K.E., Vrahatis, M.N.. Recent approathagobal opti-
mization problems through particle swarm optimization.tudal Com-
puting 2002;1(2-3):235-306.

Parsopoulos, K.E., Vrahatis, M.N.. On the computatdrall global
minimizers through particle swarm optimization. IEEE Tgactions on
Evolutionary Computation 2004;8(3):211-224.

Parsopoulos, K.E., Vrahatis, M.N.. UPSO: A unified jzd&tswarm
optimization scheme. In: Lecture Series on Computer and pliter
tional Sciences, Proceedings of the International Conteref "Com-
putational Methods in Sciences and Engineering” (ICCMS@&420vol-
ume 1; 2004. p. 868-873.

Parsopoulos, K.E., Vrahatis, M.N.. Parameter sedactind adapta-
tion in unified particle swarm optimization. Mathematicati&Computer
Modelling 2007;46(1-2):198-213.

Parsopoulos, K.E., Vrahatis, M.N.. Particle Swarm i@ptation and
Intelligence: Advances and Applications. Hershey, PA,.A.Sinfor-
mation Science Reference (IGI Global), 2010.

Pavlidis, N.G., Tasoulis, D.K., Plagianakos, V.P.aWatis, M.N..
Human designed vs. genetically programmed differentialugion op-
erators. In: IEEE Congress on Evolutionary Computatiofd&2QCEC
2006). 2006. p. 1880-1886.

Peram, T., Veeramachaneni, K., Mohan, C.K.. Fitnéstadce-ratio
based particle swarm optimization. In: IEEE Swarm Inteifige Sym-
posium, 2003. SIS '03. 2003. p. 174-181.

Plagianakos, V.P., Vrahatis, M.N.. Parallel evologaoy training al-
gorithms for ‘hardware—friendly’ neural networks. Natu&omputing
2002;1:307-322.

Potter, M., De Jong, K.. A cooperative coevolutionappeach to
function optimization. In: Davidor, Y., Schwefel, H.P.aviier, R., ed-
itors. Parallel Problem Solving from Nature — PPSN III. 8ger Berlin /
Heidelberg; volume 866 dfecture Notes in Computer Sciend®94. p.
249-257.

Price, K.. Eliminating drift bias from the differenti@volution algo-

28

(83]

(84]

(85]

(86]

[87]

(88]

(89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

rithm. In: Chakraborty, U., editor. Advances in DifferaitEvolution.
Springer Berlin / Heidelberg; volume 143 Btudies in Computational
Intelligence 2008. p. 33-88.

Price, K., Storn, R.M., Lampinen, J.A.. Differentiav@ution: A
Practical Approach to Global Optimization (Natural ConipgtSeries).
Secaucus, NJ, USA: Springer-Verlag New York, Inc., 2005.

Qin, AK., Huang, V.L., Suganthan, P.N.. Differentmlolution algo-
rithm with strategy adaptation for global numerical optiation. IEEE
Transactions on Evolutionary Computation 2009;13(2):3499 .

Qin, AK., Huang, V.L., Suganthan, P.N.. Different&lolution algo-
rithm with strategy adaptation for global numerical optiation. IEEE
Transactions on Evolutionary Computation 2009;13(2):3499 .

Qin, AK., Suganthan, P.N.. Self-adaptive differahtevolution al-
gorithm for numerical optimization. |IEEE Congress on Eviolvary
Computation, 2005 (CEC 2005) 2005;2:1785-1791 \ol. 2.
Robinson, J., Sinton, S., Rahmat-Samii, Y.. Partielarsn, genetic
algorithm, and their hybrids: optimization of a profiled mayated horn
antenna. In: Antennas and Propagation Society InterredtiSympo-
sium, 2002. IEEE. volume 1; 2002. p. 314-317 vol.1.

Salman, A., Engelbrecht, A.P., Omran, M.G.. Empirieallysis
of self-adaptive differential evolution. European JoliofeOperational
Research 2007;183(2):785-804.

Sheskin, D.J.. Handbook of Parametric and Nonparaen8tatistical
Procedures. 4th ed. Chapman & Hall/CRC, 2007.

Spanevello, P., Montes de Oca, M.A.. Experiments orptz het-
erogeneous pso algorithms. In: Hutter, F., Montes de Ocd.,Mdi-
tors. Proceedings of SLS-DS 2009: Doctoral Symposium oririeeg-
ing Stochastic Local Search Algorithms. Brussels, BelgiuRIDIA,
Université Libre de Bruxelles; 2009. p. 36—40. Technicap&t No.
TR/IRIDIA/2009-024.

Spears, W.M., Green, D.T., Spears, D.F.. Biases ingharswarm
optimization. International Journal of Swarm IntelligenResearch
2010;1(2):34-57.

Storn, R., Price, K.. Differential evolution — a simpdad efficient
adaptive scheme for global optimization over continuowsep. Journal
of Global Optimization 1997;11:341-359.

Suganthan, P.N., Hansen, N., Liang, J.J., Deb, K., CheR, Auger,
A., Tiwari, S.. Problem Definitions and Evaluation Critef@ the
CEC 2005 Special Session on Real-Parameter Optimizati@thnl-
cal Report; Nanyang Technological University AND KanGAL et
#2005005, IIT Kanpur, India.; 2005.

Sutton, A.M., Lunacek, M., Whitley, L.D.. Differenti@volution and
non-separability: using selective pressure to focus kedrc Proceed-
ings of the 9th annual conference on Genetic and evolutjor@mputa-
tion. New York, NY, USA: ACM; GECCO '07; 2007. p. 1428-1435.
Talbi, H., Batouche, M.. Hybrid particle swarm with fdifential evolu-
tion for multimodal image registration. In: IEEE Interratal Confer-
ence on Industrial Technology, 2004. IEEE ICIT '04. volume2804.
p. 1567-1572.

Tang, K. Yao, X., Suganthan, P.N., MacNish, C., Chen,P.Y
Chen, C.M., Yang, Z.. Benchmark Functions for the CEC’2008c%al
Session and Competition on Large Scale Global Optimizatiechni-
cal Report; Nature Inspired Computation and Applicatioaddratory,
USTC, China; 2007.

Tasoulis, D.K., Pavlidis, N.G., Plagianakos, V.P.aWatis, M.N.. Par-
allel differential evolution. In: IEEE Congress on Evobartary Compu-
tation, 2004. (CEC 2004). volume 2; 2004. p. 2023-2029.
Tasoulis, D.K., Plagianakos, V.P., Vrahatis, M.N.. u§ring in
evolutionary algorithms to efficiently compute simultansly local and
global minima. In: IEEE Congress on Evolutionary Compuotati2005.
(CEC 2005). volume 2; 2005. p. 1847-1854 \ol. 2.

Thangaraj, R., Pant, M., Abraham, A., Bouvry, P.. Réetiswarm
optimization: Hybridization perspectives and experinaéillustrations.
Applied Mathematics and Computation 2011;217(12):520265
Theodoridis, S., Koutroumbas, K.. Pattern Recogniti4th ed. Aca-
demic Press, 2008.

Vesterstrom, J., Thomsen, R.. A comparative studyifiérential
evolution, particle swarm optimization, and evolutionafgorithms on
numerical benchmark problems. In: IEEE Congress on Ewiaty
Computation, 2004. (CEC 2004). volume 2; 2004. p. 1980-1987
Wang, V., Li, B., Weise, T., Wang, J., Yuan, B., Tian,.C5elf-



[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

adaptive learning based particle swarm optimization. rimftion Sci-
ences 2010;In Press, Corrected Proof:—.

Weber, M., Neri, F., Tirronen, V.. A study on scale fadn distributed
differential evolution. Information Sciences 2011;184)(2488-2511.
Weber, M., Tirronen, V., Neri, F.. Scale factor inlianice mecha-
nism in distributed differential evolution. Soft Compugin A Fusion of
Foundations, Methodologies and Applications 2009;14(11B7-1207.
Wolpert, D., Macready, W.G.. No free lunch theoremsdiatimization.
IEEE Transactions on Evolutionary Computation 1997;8(2)82.

Xin, B., Chen, J., Zhang, J., Fang, H., Peng, Z.. Hybing differ-
ential evolution and particle swarm optimization to degigaverful op-
timizers: A review and taxonomy. IEEE Transactions on SysteMan,
and Cybernetics, Part C: Applications and Reviews 2012¢s$1-24.
Yang, Z., Tang, K., Yao, X.. Large scale evolutionaptimization us-
ing cooperative coevolution. Information Sciences 2008(15):2985—
2999.

Zaharie, D.. Control of population diversity and atdjon in differen-
tial evolution algorithms. In: R. Matouek, P.O., editoroBeedings of
MENDEL 2003, 9th International Mendel Conference on Softpat-
ing. 2003. p. 41-46.

Zaharie, D.. A multipopulation differential evolati algorithm for mul-
timodal optimization. In: R. Matousek, P.O., editor. Prediegs of
Mendel 2004, 10th International Conference on Soft Comgut2004.
p. 17-22.

Zhang, C., Ning, J., Lu, S., Ouyang, D., Ding, T.. A nokbrid
differential evolution and particle swarm optimizatiomg@dithm for un-
constrained optimization. Operations Research Letted9;37(2):117—
122.

Zhang, J., Sanderson, A.C.. Adaptive Differentiabrion: A Robust
Approach to Multimodal Problem Optimization. Springer020
Zhang, J., Sanderson, A.C.. JADE: adaptive difféatvolution with
optional external archive. |IEEE Transactions on EvolignCompu-
tation 2009;13(5):945-958.

Zhang, W., Xie, X.. DEPSO: hybrid particle swarm witlfferential
evolution operator. In: IEEE International Conference gat&ms, Man
and Cybernetics, 2003. (SMC 2003). volume 4; 2003. p. 388813
Zhao, S., Suganthan, P.N., Das, S.. Self-adaptilerdiftial evo-
lution with multi-trajectory search for large-scale opigation. Soft
Computing - A Fusion of Foundations, Methodologies and Agapions
2010;15(11):2175-2185.

29



