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Abstract:  This paper presentsa new multi-objective evolu-

tionary algorithm based on differ ential evolution. The pro-
posedapproach adopts a secondarypopulation in order to re-
tain the nondominated solutions found during the evolution-

ary process. Additionally, the approach also incorporates the
conceptof e-dominanceto get a good distrib ution of the solu-
tions retained. The main goal of this work was to keep the
fast convergenceexhibited by Differ ential Evolution in global
optimization when extending this heuristic to multi-objective
optimization. We adopted standard test functions and perfor-

mance measures reported in the specializedliteratur e to vali-

date our proposal. Our resultsare compared with respectto

another multi-objecti ve evolutionary algorithm basedon differ -

ential evolution (Pareto Differ ential Evolution) and with respect
to two approacheghat arerepresentatie of the state-of-the-art
in the area: the NSGA-Il and e-MOEA.

[. Intr oduction

Most real world problemsinvolve the simultaneousopti-

mizationof two or more (often conflicting) objectives. The
solutionof suchproblemgcalled“multi-objective”) is differ-

entfrom thatof asingle-objectie optimizationproblem.The
maindifferencas thatmulti-objective optimizationproblems
normally have not one but a setof solutionswhich are all

equallygood.

In the past,a wide variety of evolutionaryalgorithms(EA's)

have beenusedto solve multi-objective optimizationprob-
lems[5]. However, from the severaltypesof EAs available,
few researcherbave attemptedo extend Differential Evo-

lution (DE) [25] to solve multi-objective optimizationprob-
lems. DE hasbeenvery successfuln the solutionof a va-

riety of continuougsingle-objectie) optimizationproblems
in which it hasshovn a greatrobustnessanda very fastcon-
vergence.Theseare preciselythe characteristicof DE that

male it attractive to extendit to solve multi-objective opti-
mizationproblems.

In this paper we proposea newv multi-objective evolution-
ary algorithmbasedon differentialevolution. Our approach
usesanexternalarchive in which therelaxedform of Pareto
dominanceknown ase-dominancas adopted We alsoadopt
a hybrid selectionschemean which a randomand an elitist
schemeareinterleaved. Additionally, a constraint-handling
techniqueis also provided for our approach.The proposed
mechanismareableto overcomesomeof the limitations of
differentialevolution whendealingwith multi-objective op-
timization problems(suchlimitations are mainly relatedto
thelossof diversity producedby the high selectionpressure
of the differentialevolution algorithm).

The remainderof this paperis organizedasfollows. Sec-
tion 1l provides some basic definitions related to multi-
objectve optimization. Sectionlll provides a brief intro-
ductionto differentialevolution. In SectionlV, we provide
a quick review of the mostrelevant previous relatedwork,
including a more detaileddescriptionof ParetoDifferential
Evolution (PDE), againstwhich we comparedesults. Sec-
tion V describeour proposedapproach Our comparisorof
resultsis providedin SectionVI. Finally, SectionVIlI con-
tainsour conclusionsand somepossiblepathsfor future re-
search.

[I. Definitions
Somebasicdefinitionsrelatedto this work are introduced
next.

A. Multi-objective optimization problem (MOP)

The multi-objective optimization problem can be formally
definedasthe problemof finding:
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T =[z7,23,.. .,x;]T which satisfieshe minequalitycon-
straints:
9:i(T) <0i=1,...,m

thep equalityconstraints:
hi(Z)=0;i=1,....p
andoptimizesthevectorfunction:

fl(?)LfQ(?): .- 7fk(7)

In otherwords,we aim to determinefrom amongthe setF
of all numberswhich satisfythe constraintg¢hosethatyield
the optimum valuesfor all the k-objectve functions. The
constraintgdlefinethe feasibleregion F andary point 2 in
thefeasibleregionis calledafeasiblesolution.

B. Pareto Dominance

Pareto dominance is formally definedasfollows:

A vector @ = (us,...,uy) is said to dominate ¥ =

(v1,...,v;) if and only if @ is partially less than 7/, i.e,

Vied,...,k),u; <v;ATi€(1,...,k) s u; <uy

In words, this definition saysthat a solution dominatesan-
otherone,only if it's strictly betterin atleastoneobjective,

andnot worsein ary of them. So, whenwe are comparing
two differentsolutionsA & B, thereare3 possibilities:

« A dominateB
« A isdominatecby B

« A andB arenondominated

C. Pareto Optimality

Theformal definition of Pareto optimality is providednext:
A solution z,, € F (where F is the feasible region) is said
to be Pareto optimal if and only if there isno z; € F for
whichv = f(z,) = (v1,...,v;) dominatesu = f(z,) =
(u1,...,ux), wherek is thenumberof objectves.

In words, this definition saysthat 2, is Paretooptimal if
thereexistsnofeasiblevectorz; whichwoulddecreassome
criterion without causinga simultaneousncreasen at least
oneothercriterion (assumingninimization).
Unfortunately this doesnot provide us a single solution(in
decisionvariablespace)but a setof solutionscalled Pareto
Optimal Set. The vectorsthat correspondo the solutions
includedin the Paretooptimal setarecallednondominated.

D. Pareto Front

When all nondominatedsolutionsare plotted in objective
space,the nondominatedsectorsare collectively known as
the Pareto Front. Formally:

ForagivenMOP f (x) andParetooptimalsetP*, thePareto
front (F P*) is definedas:

FP* = {f = [/i(@),..., fx(@)]|]z € P*}

L.V. Santana-QuinterandC.A. Coello Coello

[1l. Differential Evolution

Differential Evolution [25, 26] is a relatively recentheuris-
tic designedo optimize problemsover continuousdomains.
In DE, eachdecisionvariableis representeih the chromo-
someby a realnumber As in ary otherevolutionaryalgo-
rithm, the initial populationof DE is randomlygenerated,
andthen evaluated. After that, the selectionprocesstakes
place. During the selectionstage threeparentsare chosen
and they generatea single offspring which competeswith
a parentto determinewho passedo the following genera-
tion. DE generates single offspring (insteadof two asthe
geneticalgorithm) by addingthe weighteddifferencevec-
tor betweentwo parentsto a third parent. In the context of
single-objectie optimization,if theresultingvectoryieldsa
lower objective functionvaluethana predeterminegopula-
tion memberthe newly generatedectorreplaceshevector
with respecto which it wascomparedIn addition,the best
parametevectorX,.; ¢ is evaluatedor every generatiorG
in orderto keeptrackof the progresghatis madeduringthe
minimizationprocess.Formally, the processs describedas
follows:

For eachvectorm;z‘ =0,1,2,...,N — 1., atrial vector
o generatedccordingo:

V=T b+ F (T2 — Tr3.0)

with r1,72,r3 € [0, N — 1], integer an mutually different,
andF > 0.
Theintegersry, r, andrs arechoserrandomlyfrom thein-
tenal [0, N — 1] andaredifferentfrom i. F'is arealand
constantfactor which controlsthe amplificationof the dif-
ferentialvariation(Z,5.¢ — Z,3.¢;)- Figurel shavsatwo di-
mensionaéxamplethatillustrateshedifferentvectorswhich
playarolein DE.

X

A, X NP Parameter vectors from the current population

o newly generated parameter vector
y FOK - X)

Minimum

4 _— Contour lines of the
~ cost function

X

=0

Figure. 1: Two dimensionalexampleof an objectie func-
tion shawing its contourlines andthe procesdor generating
offspring.

In orderto increasehediversityof theparametevectorsthe
following vectoris adopted:

ﬁ = (ul,u2,...

7un)T
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with:

o

wherei,j = 1,2, ..., n; andCR is a userdefinedcrossover

ratein therange[0, 1]. In otherwords,a certainsequencef

thevectorelementof ¥ areidenticalto the elementf 7,

andat leastone of the elementsof @ acquiresthe original

valuesof z; ¢.

In orderto decidewhetherthe new vector @ shallbecome
a populationmemberat generation7 + 1, it is comparedo

Ti . If W yieldsalower objectivefunctionvaluethanz; ¢,

thenit replacest (i.e., z; ¢ = u). Otherwisetheold value
m is retained.

if (z€[0,1]) <CRorj =4
otherwise.

’Uj,
T35,G 5

IV. Previous Related Work

Currently therearerelatively few papersthat proposeways
of extending DE to handlemultiple objectves. The most
representatie of themarebriefly discussedhext:

A. Pareto-based Differential Evolution Approach

The Pareto-BasedDifferential Evolution was proposedin
[18]. In this algorithm, Differential Evolution is extended
to multi-objective optimizationby incorporatinga nondom-
inatedsortingandranking selectionprocedureproposedby
Debetal. [8, 10]. Oncethe new candidateis obtainedus-
ing DE operatorsthe new populationis combinedwith the
existing parentspopulationand then the best membersof
the combinedpopulation(parentsplus offspring) are cho-
sen. This algorithm is not comparedwith respectto ary
otherapproachand is testedon 10 differentunconstrained
problemsperforming250,000evaluations.Theauthorsindi-
catethatthe approachasdifficultiesto corvergeto thetrue
Paretofront in two problems(Kursave's testfunction [16]
andzDT4 [32]).

B. Multi-Objective Differential Evolution (MODE)

MODE wasproposedn [31]. This algorithmusesa variant
of theoriginal DE, in which the bestindividual is adoptedo
createthe offspring. A Pareto-base@pproactis introduced
to implementthe selectionof the bestindividual. If a solu-
tion is dominateda setof nondominatedndividualscanbe
identifiedandthe “best” turnsout to be ary individual (ran-
domly picked)from this set. Also, theauthorsadopt(u + )
selection,Paretorankingand crowding distancein orderto
produceand maintainwell-distributed solutions. MODE is
usedto solwe five high dimensionalityunconstrainegrob-
lemswith 250,000evaluationsandthe resultsare compared
only to thoseobtainedby SPEA[33].

C. Differential Evolution for Multi-Objective Optimization

It was proposedin [3]. This algorithm usesthe single-
objectie DifferentialEvolution stratgyy with anaggreyating
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function to solve bi-objective problems. A single optimal
solutionis obtainedafter N iterationsusing both a Penalty
Function Method (to handlethe constraintsiandthe Weigh-
ing Factor Method (to provide the importanceof eachob-
jective from the users perspectie) [7] to optimize a single
value. The authorspresentesultsfor two bi-objective prob-
lems and comparethemwith respectto a simple GA. The
authorsndicatethatthe DE algorithmprovidestheexactop-
timum with alower numberof evaluationghanthe GA.

D. Vector Evaluated Differential Evolution for
Objective Optimization (VEDE)

Multi-

VEDE wasproposedn [20]. It is aparallel,multi-population
Differential Evolution algorithm, which is inspired by the

VectorEvaluatedGeneticAlgorithm (VEGA) [22] approach.
A number M of subpopulationsare consideredin a ring

topology Eachpopulationis evaluatedusingoneof the ob-

jective functionsof the problem,andthereis an exchange
of information amongthe populationsthrough the migra-

tion of the bestindividuals. VEDE is validatedusing four

bi-objective unconstrainegroblemsand was comparedto

VEGA. Theauthorsndicatethatthe proposedpproactout-

performedVEGA in all cases.

E. Nondominated Sorting Differential Evolution (NSDE)

This approachwas proposedn [12]. It is a simple modifi-
cation of the NSGA-II [10]. The only differencebetween
this approachand the NSGA-II is in the methodfor gen-
erating new individuals. The NSGA-II usesa real-coded
cross@erandmutationoperatoybut in the NSDE, theseop-
eratorswerereplacedvith the operatorof DifferentialEvo-
lution. New candidatesregeneratedisingthe DE/current-
to-rand/1strat@y. NSDE is usedto solve rotatedproblems
with a certaindegreeof rotationon eachplane. Theresults
of the NSDE outperformedhoseproducedoy the NSGA-II.

F. Generalized Differential Evolution (GDE)

This approachwas proposedn [15]. GDE extendsthe se-
lection operationof the basicDE algorithmfor constrained
multi-objective optimization. The basicideain this selection
ruleisthatthetrial vectoris requiredto dominatetheold pop-
ulationmembelusedasareferenceeitherin constrainviola-
tion spaceor in objective functionspace.f bothvectorsare
feasibleandnondominateavith respecto eachother theone
residingin a lesscrowdedregion is chosento becomepart
of the populationof the next generation.GDE is validated
usingfive bi-objective unconstrainegrroblems. Resultsare
comparedvith respecto the NSGA-Il andSPEA[33]. The
authorsreportthatthe performanceof GDE is similar to the
NSGA-II, but they claimthattheir approachrequiresalower
CPUtime. GDE is ableto outperformSPEAIn all the test
functionsadopted.
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G. Differential Evolution for Multi-Objective Optimization
(DEMO)

DEMO wasproposedn [21]. This algorithmcombineshe
adwantage®f DE with themechanismsf Pareto-basedank-
ing and crowding distancesorting. DEMO only maintains
one populationandit is extendedwhennewly createdcan-
didatestake partimmediatelyin the creationof the subse-
guentcandidates.This enablesa fast convergencetowards
the true Paretofront, while the use of nondominatedsort-
ing andcrowding distance(derived from the NSGA-II [10])
of the extendedpopulationpromotesthe uniform spreadof
solutions. DEMO is comparedn five high-dimensionality
unconstrainegbroblemsoutperformingin someproblemsto
the NSGA-II, PDEA[1], PAES[14], SPEA[33] andMODE
[31].

H. Pareto Differential Evolution (PDE)

PDE was proposedin [2]. Also, it is importantto men-
tion thatthereis anotherversionof this approacHcalledthe
Self-Adaptive ParetoDifferential Evolution) in which self-
adaptve crosseer and mutationoperatorsare adopted[1].
The PDE algorithmwaschosenfor comparisonsoit is de-
scribednext in moredetail:

1. Theinitial populationis initialized accordingto a Gaus-
sianDistribution N (0.5, 0.15).

2. ThesteplengthparameteF, is generatedrom a Gaus-
sianDistribution N (0, 1).

3. Reproductions undertalenonly amongnondominated
solutionsat eachgeneration.

4. Theboundaryconstraint@represeredeitherby revers-
ing the signif thevariableis lessthan0 or by succes-
sively subtractingdl if it is greaterthan1 until the vari-
ableis within its boundaries.

5. Offspring are placedinto the populationif they domi-
natethemainparent.

Thealgorithmworksasfollows. An initial populationis gen-
eratedat randomfrom a Gaussiardistribution. All domi-
natedsolutionsare removed from the population. The re-
maining nondominatedsolutionsare retainedfor reproduc-
tion. If thenumberof nondominatedolutionsexceedssome
threshold,a distancemetric relation (D(z), as definedin

equationl) is usedto remove thoseparentswhich are very
closeto eachother Threeparentsareselectedatrandom.A

child is generatedrom the threeparentsandis placedinto

thepopulationif it dominateghefirst selectecparent;,other

wiseanew selectiorprocesdakesplace.

A maximumnumberof nondominatedolutionsin eachgen-
erationwassetto 50. If this maximumis exceededthefol-

lowing nearesheighbordistanceunctionis adopted:

(min||z — || + min||z — 27||)
2

D(z) = 1)
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wherez # zt # 27.

That is, the nearestneighbordistanceis the averageEu-
clideandistancebetweenthe two closestpoints. The non-
dominatedsolutionwith the smallesiheighbordistancaes re-
moved from the populationuntil the total numberof non-
dominatedsolutionsis reducedo 50.

After analyzingthe diversealgorithmsavailablein the spe-
cialized literature,we identified Paretoranking and crowd-
ing distanceastwo of the mostcommonandeffective mech-
anismsadopted. We also found that most of the previous
approachesveretestedin unconstrainedestproblemswith

only two objectivesandthatlittle attentionwas paidto the
importanceof the selectioncriteria (which are a key issue
to regulatethe high selectionpressureof differentialevolu-

tion) and that none of theseprevious proposalsadoptede-

dominance[17] to generatea setof well-spreadsolutions.
Thesewerethe main motivationsfor our algorithmicdesign,
whichis presentedh the next section.

V. Our ProposedAlgorithm

The pseudocodef our proposedapproachcallede-MyDE)

is shavn in Algorithm 1. Our approactkeepstwo popula-
tions: the main population(which is usedto selectthe par

ents) and a secondary(external) population,in which we

adoptthe conceptof e-dominanceto retain the nondomi-
natedsolutionsfound andto distribute themin an uniform

way. The conceptof e-dominancedoesnot allow two solu-
tionswith a differencelessthane; in thei-th objective to be
nondominatedvith respecto eachother, therebyallowing a
goodspreadf solutions.

e-MyDE usesrealnumbergepresentationyhereeachchro-
mosomeis a vector of real numbers(eachnumbercorre-
spondgo adecisionvariableof the problem).We alsoincor-

poratea constraint-handlingnechanisnthat allows infeasi-
ble solutionsto interveneduring recombination.This helps
to solve in a more efficient way highly constrainedmulti-

objective optimizationproblems.

At the beginning of the evolutionary processpour approach
randomly initializes all the individuals of the population.
Each decisionvariable is normalizedwithin its allowable
bounds.The expressiorthatwe adoptis thefollowing:

zi = LI; + U(0,1) - (LS; — LI;)

where:j = 0,1,2,...,v — 1. (v = total numberof decision
variables)LI; andLS; aretheupperandlowerboundsof the
variablej, respectiely. U (0, 1) generates randomnumber
betweerD and1 with a uniform distribution.

Our approachhastwo selectionmechanismghat are acti-
vatedbasedn thetotal numberof generationgnda param-
etercalled sel> € (0.2 - 1), which regulatesthe selection
pressureFor example,if sel, = 0.6 andthetotal numberof
generationss G,,,, = 200, this meanshatduringthe first
120generation60 % of G,,,..), arandomselectiorwill be
adoptedandduringthelast80generationanelitist selection
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Algorithm 1 Proposedilgorithm: € - MyDE

1: Initialize vectorsof the populationP

2: Evaluatethe costof eachvector

3: for i=0toG do

4 repeat
5: Selectthreedistinctvectorsrandomly
6: PerformcrosseerusingDE scheme
7
8
9

Performmutation
Evaluateobjective values
: if offspringis betterthanmainparentthen
10: replacemainparentin the population
11 endif
12:  until populationis completed
13:  Identify nondominatedolutionsin the population
14:  Add nondominatedsolutionsinto secondarypopula-
tion
15: endfor

will beadopted.

Random gen < (sels * Gmag)

Typeof Selection= { Elitist, otherwise

where:
gen = generatiomumber
G maz = total numberof generations

In both selectiongrandomandelitist), a singleparentis se-
lectedasareference This parentis usedto comparehe off-
springgeneratedby threedifferentparents.This mechanism
guaranteeshat all the parentsof the main populationwill
bereferenceparentsfor only onetime duringthe generating
processBoth typesof selectionaredescribechext:

1. Random Selection.-3 differentparentsare randomly
selectedrom the primarypopulation.

2. Elitist Selection.-3 differentparentsareselectedrom
thesecondarypopulationsuchthatthey maintainaclose
distancef, .. amongthem. In Figure 2, we illustrate
the f,cqar parameter If no parentexist which fulfills
this condition,we randomlyselectanothermarentfrom
the secondaryopulation.

\/EzF:[{)N (Xi,maz - Xi,min)2

9FUN

fnear =

where:

FUN = numberof objective functions

Xi,mae = Upperboundof ¢ — th objective function of
the secondarypopulation

Xi min = lower boundof ¢ — th objective function of
thesecondanpopulation
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Figure. 2: Parameterf, .., for a bi-objective optimization
problem

In Figure 3, we illustrate (for a bi-objective problem)the
main differencebetweertherandomandtheelitist selection
oncethe main parenthasbeenselectedandit is requiredto
selecttwo more parents. The candidatesolutionsarethose
insidethe dottedcircle.

Recombinationin our approachis performed using the
following procedure. For each parent vector i =
0,1,2,...,P — 1(P = population),the offspring vector h
is generated@s:

o~

where: j = 0,1,2,...,var — 1. (var = numberof vari-
ablesfor eachsolutionvector),z € U(0,1), pr1,pr2,Pr3 €
[0, P — 1], areintegersandmutually different. i > 0. The
integersry, ro andrz aretheindexesof the selectedparents
randomlychosenfrom theinterval [0, N-1] andref is the
index of the referenceparent. F' is a constantfactor(a real
number)which controlsthe amplificationof the differential
variationprs ; — pr3,;. Theoptimalvalueof F' for mostof
thefunctionslies within therangefrom 0.4to 1.0[26].
Differential Evolution doesnt usean specificmutationop-
erator since suchoperatoris embeddedwithin its recom-
binationoperator However, in multi-objective optimization
problemswe foundit necessaryo provideanadditionalmu-
tation operatorto allow a better exploration of the search
space(mainly in constrainedoroblems). We adopteduni-
form mutationfor thatsale:

|

where:j =0,1,2,...,v— 1. (v = numberof variables) Ll ;
andLS; arethe lower an upperboundsfor the variable j,
respectiely.

if z < Dcrossovers;
otherwise

Prij+ F- (pr2,j —Prs,j);
Dref.j,

LI; + U(0,1) - (LS; — LI;)],
Dj,

if Tz < DPmutation;
otherwise
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Figure.3: Graphicalillustrationof (1) randomselection(right) and(2) elitist selection(left)

Oncea child hasbeengeneratedit is comparedvith respect
to the referenceparent,againstwhich it competego deter
minewho passeso thefollowing generation.

It is importantto mentionthatin our approachwe normal-
ize the constraintsso that their value rangesbetween0 and
1. This normalizationis transparentor user(the algorithm
doesthis without requiring ary input from the user). This
normalizatiormechanisms describechext:

For eachconstraintC;, two different variablesCS and Cl
storeits upperandlower value. Therefore whenever a con-
straintis required thefollowing expressioris adopted:

C;, —Cl;
CS —-Cl;

The rulesof comparisorbetweena child andits parentare
thefollowing:

NC; =

\ersion for unconstrained problems

* if parent dominates child, the parentis chosen
*if child dominates parent, thechild is chosen

* if both are nondominated with respect to each other, per
forma flip (0.5)to determinavho passeso thefollow-
ing generation.

Version for constrained problems

* if parent is infeasible and child is infeasible, the solution
thatis closesto thefeasibleregionis selected.

* if parentisfeasibleand child isinfeasible, thechild is cho-
senif andonly if thechild is atleastat a distanceof 0.1
of thefeasibleregionanda flip (0.5) returnstrue. Oth-
erwise thefatheris chosen.

* if parent is infeasible and child is feasible, the parentis
chosenf andonly if the parentis at leastat a distance
of 0.1 of thefeasibleregionanda flip (0.5)returnstrue.
Otherwisethechild is chosen.

* if parentisfeasible and child isfeasible, Paretodominance
is verifiedbetweerthem.

Note that the schemepreviously describedallows somein-
feasiblesolutionsto interveneduringtherecombinatiorpro-
cess.We foundthatthis sortof schemds particularlyuseful
whendealingwith highly constrainegroblems.It hasbeen
previously shavn that maintaininginfeasiblesolutionsthat
lie in thefrontierbetweerthefeasibleandinfeasibleregions,
helpsto obtainbettersolutionsin highly constrainedorob-
lems (particularly when dealing with equality constraints)
[19, 23]

For producinga well-distributed set of nondominatedolu-
tions, we adopteda relaxed form of dominancecalled e-
dominance, whichis definedasfollows[17]:

Let f, g € R™, then f is saidto e-dominateg for somee >
0,denotedas f <. g, if andonlyif foralli € {1,...,m}.

(I—€) - fi <gi

As indicatedbefore, our proposedapproachusesan exter-

nal archive (also called secondarypopulation). In orderto

include a solutioninto this archie, it is comparedwith re-
spectto eachmemberalreadycontainedn thearchive using
e-dominanceThis procedurénasbeenusedn anothemulti-

objectiveevolutionaryalgorithmcallede-MOEA proposedn

[9]. Theproceduras describechext.

Every solutionin thearchive is assigned@nidentificationar

ray (B = (Bi, B, ...,Bu)T, whereM is thetotal number
of objectives)asfollows:

(L — £ 1), for minimizing f;;
Bi(f) ‘{ (1(f; — f7")/e;]), for maximizing ;.

where: f;’”’" is the minimum possiblevalue of the j-th ob-
jective ande; is theallowabletolerancein the j-th objectve
[17]. The identificationarray divides the whole objective
spaceinto hyperboxes,eachhaving ¢; sizein the j-th ob-
jective. With the identificationarrayscalculatedfor the off-
springc; andeacharchive membera, we usethe procedure
illustratedin Figure4 anddescribedhext:
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1. If theidentificationarray B, of ary archive membera
dominateghatof theoffspringc;, thenit meanghatthe
offspringis e-dominatecby this archive memberandso
the offspring is not accepted. This is case(a) in Fig-
ure4.

2. If B, of theoffspringdominateshe B, of ary archie
membera, the archve memberis deleted and the
offspringis accepted. Thisis case(b) in Figure4.

If neither of the above two casesoccur then it
means that the offspring is e-nondominatedwith
respectto the archive contents. Thereare two further
possibilitiesin this case:

(a) If the offspring shareghe sameB vectorwith an
archive member(meaningthatthey belongto the
samehyperbox), thenthey arefirst checled for
the usualnondomination. If the offspring domi-
natesthe archive memberor the offspringis non-
dominatedwith respecto the archive membetbut
is closerto the B vector(in termsof the Euclidian
distance)than the archive membey then the off-
springisretained. Thisis case(c) in Figure4.

(b) Intheeventof anoffspringnotsharingthesameB

vectorwith arny archive member the offspringis
accepted. Thisis case(d) in Figure4.

Usingthe above procedurewe canguaranteghe generation
of awell-distributedsetof nondominatedolutions.Also, the

valueof € adoptedregulatesthe size of the externalarchie.

Thus,thereis no needto pre-fixanupperlimit onthesizeof

thearchive asdonein mosttraditionalmulti-objective evolu-

tionaryalgorithms.

Oneof thedifficultiesof this approachs the choiceof the e-

vector, asit dictatesthe cardinalityof the obtainednondom-
inatedset. If alarge valueof ¢; is chosenfewer solutions
will be obtained,and vice versa. However, this difficulty

canalsobecomeanadwantagdf consideredrom adecision-
malker’s point of view. Particularly, for high dimensionality
problems(with mary objectives),thereusuallyexist a large

numberof Pareto-optimakolutions. By choosinganappro-
priatee-vector thedecision-makr canspecifytheminimum

differencehe would like to achiese in eachobjective. This

would allow him to obtaina handful of Pareto-optimalso-

lutions with certain (minimum desirable)trade-ofs among
them.

VI. Comparison of Results

In orderto validateour proposedpproachye adoptedstan-
dard test functionsand metricsreportedin the specialized
literature. The specificmetricsaredescribecdhext.

1.-Error Ratio (ER) [28] The error ratio metric re-
flectsthenumberof memberof P F,,0.,n (theapprox-
imation of the Paretofront obtainedby the approactto
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bevalidated)thatarein PF,.,. (thetrueParetofront of
the problem,normally obtainedby enumeration).This
metricis mathematicallyepresentedy:

ER&— X1t )
n
where(n) is thenumberof vectorsin P F, 0., @and

0 ifvectori,Vi=(1,...,n) € PFyye,
€; = .
1 otherwise
3)

Forexample ER =0 indicateghateveryvectorreported
by thealgorithmin P Fj,0.5 IS actuallyin PFy,....; ER
= 1 indicateshatnoneof the elementf PE},,0wn are
in PFirye.

2.- Generational Distance(GD) [29, 30] This met-
ric is a value representingn the averagehow “far”
PFhpown 1S from PFy,.,. andis definedas:

(Xr, d)?

n

GD =

wheren isthenumberof vectorsan P Fip,0un, p = 2,and
d; istheEuclideardistancdin objectivefunctionspace)
betweereachvectorandthenearestnembenf PF}, ..
A resultof O indicatesP F,.ye = PFrpown; ary other
valueindicatesP F},,,owr deviatesfrom PFy,q ..

3.- Spacing(S) [24] Here,onedesiresto measurehe
spread(distribution) of vectorsthroughoutP Fy,,oun -
This metricis mathematicallyepresentedy:

wheren i.s thenumberof \{ectorsin PFipown, andd; =
min;(|f{(Z)— f{ @)+ @) - @))).4,5=1,...,n
is the meanof all d;. A value of 0 indicatesthat all
memberof PFy,0un areequidistantlyspaced.

4.- Two Setcoverage(CS) [32] This metric can be
termedrelative coveragecomparisonof two sets. CS
is definedasthe mappingof the orderpair (X', X") to
theinterval [0,1] asfollows:

" X"'E ! XIZ > a'
CS(X',X”) — |{a € ) TX3| a~a }l

ConsiderX’, X" C X'astwo setsof decisionvectors.
If all pointsin X’ dominateor are equalto all points
in X", thenby definitionCS= 1. CS= 0 impliesthe
opposite. Obsene thatit is not a distancemeasureof
how closethesesetsareasthatis a differentmetric.
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Parameter e-MyDE NSGA-II PDE e-MOEA
P 100 100 100 100
NP | 100(aprox) 100 100 | 100(aprox)

Gmas 5006250 506250 | 500250 500 250
P, 0.95 0.8 nr 1.0

P,, 1N 1/N nr 1/N

F 0.5 nr N(O, 1) nr

where: N = variablenumber
d = objective number
nr = notrequired
Gmaz = 50for unconstrainegroblems
Gmaa = 250for constrainegproblems

Table 1. Parametersisedby thealgorithmscompared.

Our resultsarecomparedvith respecto thosegeneratedy
anothemulti-objective evolutionaryalgorithmbasedn Dif-
ferential Evolution: PDE [2]. Additionally, we also com-
paredresultswith respectto two approachesepresentatie
of the state-of-the-arin the area: the NSGA-II [10] ande-
MOEA (this wasthefirst multi-objective evolutionaryalgo-
rithm to incorporatethe conceptof e-dominance) Theseap-
proachesrebriefly describechext.

NSGA-II NondominatedSorting Genetic Algorithm - I
(NSGA- 1l) wasproposedn [8, 10]. TheNSGA-II uses
a(u + ) selection(u parentsare combinedwith its A
offspringandrankedbasedn Paretodominance)Also,
it adoptsa crowding comparisoroperatorwhich keeps
diversity without requiring ary additional parameters
from theuser The NSGA-II is oneof themostcompet-
itive multi-objective evolutionary algorithmsavailable
todayandit’s oftenusedasareferenceao determinehe
performancef new approaches.

e-MOEA This approachwas proposedin [9]. It usesthe
conceptof e-dominanceintroducedin [17] andit has
beenfoundto beavery competitive multi-objective evo-
lutionaryalgorithm.

PDE ParetoDifferential Evolution (PDE) was proposedn
[2], andis oneof themostrepresentatie multi-objective
extensionsof differentialevolution. This approachwas
describedn SectionlV-H.

The parametessettingsadoptedfor all the algorithmscom-
paredare summarizedn Table 1. In Table1, P refersto

the populationat eachgenerationG . is the total num-
ber of generationg(or iterations)to be performed. Note
that all the algorithmsperformthe samenumberof objec-
tive function evaluations:5,000for unconstrainegbroblems
and?25,000for constrainegroblems. N P is the size of the
secondarpopulation.Note howeverthatneitherof e-MyDE

or e-MOEA adoptthis parametersincethe size of their sec-
ondarypopulationsis controlledby the valueof e. F'is a

parameteapplicableonly to differential evolution. P, and
P,, arethecross@erandmutationrates respectiely.

Next, we shav the plot of all the nondominatedsolutions
generatedby thedifferentalgorithmsin eachof thetestfunc-

tions. In all caseswe generatedhe PF;,.,. of the problems
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usingexhaustive enumeratiorsothatwe couldmake agraph-
ical comparisorof the quality of the solutionsproducedby
ourapproach.

For eachexample two tablesareshown;

1. Thefirst onecorrespondso the statisticalresultsfrom
applyingthe performancemetricsover the twenty runs
performedby eachof thealgorithms.

2. The secondone is the Set Caverage(SC) metric, ap-
plied to the union of 20 runs of eachalgorithmto ob-
tain 4 differentfiles (one by eachalgorithm). These
four files were comparedusing CS. We first com-
putedCS (algl,alg2) = Table,,,, ,,, andthenCS
(alg2,algl) = Table,,,, .,,,- In thedominated row, a
valuecloseto 0 meanghatthealgorithmoutperformed
theothers;analogouslyin thedominates column avalue
closeto 1 indicatesa superiorperformance.

MOP1. Proposedy Kursave[16].

Minimize: .
[(@) = (f1(£), f2(2))
where:
n—1
A@ = 3 (10 0AVEEE)
i=1
@) = ) (Jz:|" + 5sin(z?))
=1
with:
a 0.8
b = 3
n = 3
and:

-5 S$1,.Z’2,.’L'3 S 5

Ouir first problemhas several disconnectedind asym-
metricalareadn solutionspace.lts PF},.,. consistsof
threedisconnectedParetocurves[4].

TheParetofront generatedby eachof thealgorithmsare
shawn in Figure5. The statisticalresultsobtainedfrom
applyingthe performancenetricsareshovn in Table?2.

Graphically we canseethate-MyDE ande-MOEA both
cover all of PF},.,.. The NSGA-II doesnot reachthe
edgesof the front. Regardingthe Spacingmetric, we
canseethatall the algorithmswereableto obtainwell-
distributedsolutions.

Numerically the performancemetricsadoptedndicate
thate-MyDE is the algorithmthat obtainedthe bestre-
sultsregardingError Ratio and GenerationaDistance.
RegardingSpacingthe NSGA-II slightly outperformed
theotherapproaches.
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Figure.5: Paretofront generatedy e-MyDE (top - left), NSGA-II (top - right), PDE (bottom-left)ande-MOEA (bottom-

right) for MOPL1.

Table 2: Error Ratio(ER),GenerationaDistance(GD), SpacingS) andSetCoveraggSC)for MOP1. Thebestperformance

Metric - Algorithm average best worst St. Dev.

ER e-MyDE | 0.15792013| 0.0654206 0.23301 | 0.04288708

NSGA-II 0.4575 0.31 0.64 0.0907208

PDE 0.5085 0.25 0.64 0.0958219

e-MOEA 0.2820835 0.16326 1 0.17783033

GD e-MyDE | 0.00327069| 0.00288871| 0.00374484| 0.00025872

NSGA-II 0.00416653 | 0.00308047 0.0061631 | 0.00086198

PDE | 0.00467552| 0.00366814| 0.00667008 0.000966

e-MOEA | 0.09699642| 0.00304755 1.87613 | 0.41876465

S e-MyDE | 0.09448982| 0.0548549 0.109133 | 0.01243547

NSGA-Il | 0.06180859 0.047978 0.11722 | 0.01663756

PDE | 0.10522477| 0.0687954 0.145438 | 0.0224935

e-MOEA 0.10113374 0.0564897 0.126934 | 0.01358711
SC [I e-MyDE | NSGA-II | PDE [ e-MOEA [[ Dominates |
e-MyDE 0.824752 | 0.825743 0.615924 0.755473
NSGA-II 0.234375 0.633663 0.375063 0.414367
PDE 0.238511 0.676733 0.408112 0.441118
e-MOEA 0.323529 0.712871 | 0.729703 0.588701

They aredominated 0.26547167| 0.73811867| 0.729703 0.46636633|

measurevaluesareshavn in boldface.
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WhenanalyzingSetCoverage(SC), we canseethat e-
MyDE hadthebestresults becausés theonethatdom-
inatedmoresolutionsof the otheralgorithmswhile be-
ing lessdominatedby the others. Thus, we cancon-
cludethatour e-MyDE is thebestoverall performerfor
this testfunction.

MOP2. Proposedy Deb[6].

Minimize: .

7@ = (51(2), £:@)
where:

A@ = m

f@ = 22
with:

z9—0.6 )2

g(iL'Q) =2- 6_(%&2)2 — 0-86_( 0.4

and:
0.1 S T1,T2 S 1

Oursecondoroblemhasa corvex PFyqe, aNd Py IS
disconnected Note that this problemhasa local front
to which analgorithmcanbe easilyattracted.

The Paretofront generatedy all the algorithmscom-
paredareshavn in Figure6 andstatisticalresultsof the
performanceametricsadoptedareshonvn in Table3.

Graphically we canseethatall thealgorithmsgetclose
to PF;... andproducea well-distributed set of solu-
tions. Note however, that PDE was unableto reach
PF}.. in severalof its runs.

Regardingthe performancemetrics adopted,e-MyDE

wasthe approactthe producedhe bestresultswith re-
spectto Error Ratio, GenerationaDistanceand Spac-
ing.

With respecto SetCoveraggSC),e-MyDE hasthebest
results,becausés the one that dominatesmore solu-
tions of the otheralgorithmsandis lessdominatedby

others. So, we canconcludethat our e-MyDE wasthe
bestoverall performerin this testfunction.

MOP3. Proposedy Kita [13]

Maximize:

-

f(iL') = (f1($,y),f2($,y))
where:

fl(may) = _12 +y7
fa(zy) = sx+y+1l
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subjectto:
0 > éwﬂ/ g
0 > %wﬂ/ ?
0 > 5z+y—30
and:

Our third problemhasa disconnectedgoncae PFy,.,¢
and Py, is also disconnected. Note however, that
Pye is in the boundarybetweenthe feasibleand the
infeasibleregion.

The Paretofront generatedy all the algorithmscom-
paredare shovn in Figure 7 andthe statisticalresults
obtainedfrom applying the performancemetrics are
shavnin Table4.

Graphically we canseethatall algorithmsgetclosethe
PF,... However, only e-MyDE coversall the Pareto
front while obtaininga well-distributedsetof solutions.

Regardingthe performancenetrics,we canseethatour
e-MyDE obtainedthe bestresultswith respecto Error
RatioandGenerationaDistance ande-MOEA wasthe
bestwith respecto Spacing.

With respectto Set Coverage(SC), e-MyDE had the
bestresults. Thus,we canconcludethat our approach
wasthe bestoverall performerin thistestfunction.

MOP4. Proposedy Tamaki[27]

Maximize:

_)F(JI) = (fl ($7y7z)7 fz(.’lf,y,Z), f3('7:7 y,z))

where:
fl(mayaz) = T,
fz(:c,y,z) =y,
f3($,y;z) = =z
subjectto:
0 < 22+9*+2°
and:

0 < zy2<1

Our fourth problem has a connectedP F},.,,. with a
curved surface. Its P, is alsoconnectedandforms
a curved surface. It is a 3-objective problemthat has
beenusedbeforeby severalresearchers.

The Paretofront generatedy all the algorithmscom-
paredare shovn in Figure 8 andthe statisticalresults
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Figure. 6: Paretofront generatedy e-MyDE (top - left), NSGA-II (top - right), PDE (bottom-left)ande-MOEA (bottom-
right) for MOP2.

Metric - Algorithm average best worst | desv Eséndar
ER e-MyDE 0.005804 0 0.02 0.00788824
NSGA-II 0.42 0 1 0.49375042

PDE 0.85 0 1 0.36634755

e-MOEA 0.454029 0 1 0.50551394

GD e-MyDE | 0.00728447| 0.00184096 | 0.0506528 0.01420113
NSGA-II | 0.07853142| 0.00288569| 0.205945 0.09408827

PDE | 0.16741538| 0.00204314 0.20732 0.05819178
e-MOEA | 0.03319034| 0.00116984| 0.0783318 0.03670135
S e-MyDE | 0.08512233| 0.0319032 0.5076 0.1420395
NSGA-II | 0.03992726| 0.0296285| 0.0562794 0.00955353

PDE | 0.05213913| 0.0284482| 0.0851937 0.01131328
e-MOEA | 0.07010082| 0.0471254 | 0.0947282 0.02001717

[ SC [I e-MyDE | NSGA-IT ] PDE [ e-MOEA ][ Dominates ]|
e-MyDE 0.556931 0.952475 | 0.648549 0.7193183
NSGA-II 0.0413223 0.94604 | 0.592814 0.5267254

PDE 0.00729217| 0.411881 0.516352 0.3118417
e-MOEA 0.0291687 | 0.439109 0.90247 0.4569159
They aredominated 0.02592772| 0.469307 | 0.93366167 | 0.585905 |

Table 3: Error Ratio(ER),GenerationaDistance(GD), Spacing(S) andSetCoverage(SC)for MOP2.
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Figure. 7: Paretofront generatedy e-MyDE (top - left), NSGA-II (top - right), PDE (bottom-left)ande-MOEA (bottom-

right) for MOP3.

Metric - Algorithm average best worst St. Dev.

ER e-MyDE | 0.01640604 0 | 0.0550459 | 0.01635306

NSGA-II 0.316 0.19 0.53 | 0.09394287

PDE 0.8395 0.35 1 0.21211901

e-MOEA 0.2500851 0.15625 0.333333 | 0.04454198

GD e-MyDE | 0.00491203 0.0014577 | 0.0464165 0.0097998

NSGA-II 0.01470336| 0.00136745| 0.0902511 | 0.02729836

PDE | 0.00576845| 0.0003873| 0.032941 | 0.00769517

e-MOEA | 0.00631189| 0.00220538 | 0.0476246 | 0.0104118

S e-MyDE | 0.07363313| 0.0394301| 0.492726 | 0.09905315

NSGA-II 0.0925237 | 0.00705687 0.56773 | 0.1688492

PDE | 0.01728939| 3.6065E-05 0.2736 | 0.06115304

e-MOEA 0.07712804 0.0458646 0.492715 | 0.09907925
[ SC [I e-MyDE | NSGA-IT | PDE | e-MOEA ][ Dominates |
e-MyDE 0.806436 0.928498 0.879053 0.871329
NSGA-II 0.0427757 0.666667 0.62069 0.443377
PDE 0.00522814| 0.0965347 0.0761709 0.059311
e-MOEA 0.039924 0.55099 0.951132 0.514015

They aredominated || 0.02930928 | 0.48465357 | 0.84876567 O.52530463|

Table 4: Error Ratio(ER),GenerationaDistance(GD), Spacing(S) andSetCoverage(SC)for MOP3.
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Figure. 8: Paretofront generatedy e-MyDE (top - left), NSGA-II (top - right), PDE (bottom-left)ande-MOEA (bottom-

right) for MOPA4.

Metric - Algorithm average best worst St. Dev.

ER e-MyDE | 0.53778185 0.478261 0.592593 | 0.03600738

NSGA-II 0 0 0 0

PDE | 0.93140125 0.814815 1 0.0536189

e-MOEA 0.249779 0.142857 0.345794 | 0.05573555

GD e-MyDE | 0.00087087| 0.00077159| 0.00103772| 7.1952E-05

NSGA-II 0.00035469 | 0.00023439( 0.00050671| 7.5268E-05

PDE | 0.00804467| 0.00586278 0.011823 | 0.00163697

e-MOEA | 0.00074238| 0.00056286| 0.00105992| 0.0001399

S e-MyDE | 0.04267574| 0.0381671| 0.0493826| 0.0031751

NSGA-Il | 4.8229E-05| 1.4082E-06 | 0.00021099 | 5.7565E-05

PDE | 0.09345934 0.0654136 0.14195 | 0.02128756

e-MOEA 0.04332862 0.0371789 0.0519563 | 0.00372295
[ SC [I e-MyDE | NSGA-IT ] PDE | e-MOEA ][ Dominates |
e-MyDE 0 0.735154 0.0704441 0.268532
NSGA-II 0.00579822 0.118765 | 0.0010209 0.041861
PDE 0.0204871 0 0.0117407 0.010742
e-MOEA 0.175106 0 0.732779 0.302628

They aredominated || 0.06713044 0 0.52889933 0.02773523|

Table 5: Error Ratio(ER),GenerationaDistance(GD), Spacing(S) andSetCoverage(SC)for MOP4.,
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obtainedfrom applying the performancemetrics are
shavnin Table5.

Graphically we canseethat almostall the algorithms
areableto reachthe true Paretofront of this problem.
However, the NSGA-II only covers a portion of the
Paretosurface,whereaghe otherscover mostof it.

Regarding the performance metrics adopted, the
NSGA-II obtainedthe bestresultswith respecto Error
Ratio, GenerationaDistanceandSpacing.

With respecto setcoverage(SC),e-MOEA is the win-

ner, closelyfollowed by our e-MyDE. Although based
on the performancemetricsis difficult to assessvho is

thewinnerin this case graphically it is clearthatboth

e-MOEA and e-MyDE had a better performancethan
thetwo otherapproaches.

MOP5. Proposedy Golinski[11].

Theobjective of Golinski'sSpeedReduceproblem(see
Figure9) is to find the minimum of a gearbox volume
f (and,hencejits minimumweight), subjectto several
constraints.The problemis illustratedin Figure9 and
therearesevendesignvariablesz; to x7, which repre-
sent:

1 width of thegearface,cm

xo teethmodule,cm

23 numberof pinionteeth

x4 Shaftl lengthbetweerbearingsem

x5 shaft2 lengthbetweerbearingsem

z¢ diameterof shaftl,cm

7 diameterof shaft2,cm

Mathematicallythe problemis specifiedasfollows:

Minimize:
fl@) = (A (@), £(&))

where:

fi(Z) = 0.7854z;23(3.3333z3 + 14.9334z3 — 43.0934)
—1.5079(zg + z7)x1 + T.477(xd + x5)
+0.7854(z4zg + T527)
) /(7;15—';34)2 + 1.69¢7

f2(Z) =

0.1z
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Figure.9: ProblemMOP5

and:
1 1
0 > - =,
= xi-xl-xzz 27
1 1
0o > —
= mzy-zi-zi 0 3975’
3
0o > Lz; _ L,
- z2-x3-Tg 193
3
0o > L‘l — L7
- T2-T3-T% 1.93
0 > x2-x3—40,
0 > ¥ _19
T2
0 > 5-24
Z2
0 > 1.9— 24+ 1.5z,
0 > 19—a5+ 1.1z,
1300 > fo,
V/(2228)> 4157568
1100
- 0.1z
and:
26 < w1 <3.6,
07 < <08,
17 S 3 S 28
73 < wa,xs5 <83,
29 < w6<3.9,
50 < 7<55

The Paretofront generatedy all the algorithmscom-
paredare shavn in Figure 10 and the statistical re-
sults obtainedfrom applying the performancemetrics
areshavn in Table6.

Graphically we canseethatall thealgorithmswereable
to cornvergeeitheron thetrue Paretofront or very close
to it, but they haddifficultieswith the nearlyhorizontal
partof the front. Our e-MyDE wasthe only approach
ableto coverthis nearlyhorizontalportion of thefront.

Regardingthe performancenetrics,we canseethatthe
NSGA-II obtainedthe bestresultswith respectto Er-
ror Ratio and Spacing,ande-MyDE wasthe bestwith
respecto generationatlistance.
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Figure. 10: Paretofront generatedby e-MyDE (top - left), NSGA-II (top - right), PDE (bottom-left)ande-MOEA (bottom-
right) for MOPS5.

Metric - Algorithm average best worst St. Dev.

ER e-MyDE 1 1 1 0
NSGA-II 0.7825 0.06 1 | 0.27466487

PDE 1 1 1 0

e-MOEA 1 1 1 0

GD e-MyDE 0.8778645| 0.794507 | 0.971234 | 0.04478237
NSGA-II 10.3952045| 1.04607 32.8294 | 11.7194163

PDE | 9.71233435| 0.952927 34.7247 9.4525265
e-MOEA 0.8952482 | 0.825196 | 0.984609 | 0.04333157
S e-MyDE | 54.6245215| 2.46762 110.915 | 29.5975387
NSGA-II 6.631766 3.20602 14.1835 | 3.79596756

PDE 6.8780055 1.92143 13.9599 3.8825971
e-MOEA | 52.8384655| 1.75852 228.307 | 90.2445227

[ SC [I e-MyDE | NSGA-IT ] PDE [ e-MOEA [[ Dominates |
e-MyDE 0.599505 0.821287 | 0.135014 0.518602
NSGA-II 0.0226777 0.79703 0.00045 0.2733859

PDE 0.56389 0.578218 0.313231 0.485113
e-MOEA 0.953336 0.608911 0.935149 0.83246533
They aredominated 0.51330123 | 0.59554467 | 0.85115533| 0.149565 |

Table 6: Error Ratio(ER),GenerationaDistance(GD), Spacing(S) andSetCoverage(SC) for MOP5.
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Regarding Set Coverage(SC), e-MOEA had the best
results,followed by our e-MyDE. Again, in this case
is difficult to determinewho wasthe bestoverall per

former, but graphically e-MOEA ande-MyDE seento

have producedhebestresults.

VIl. Conclusionsand Futur e Work

We have introducedan approachthat usesDifferential Evo-
lution to solve both unconstrainecand constrainedmulti-
objective optimizationproblems.The high corvergencerate
that characterizeshe Differential Evolution algorithmwas
controlledusingtwo elitist selectionschemesOur proposed
approachwasableto produceresultsthatarevery competi-
tive with respecto otherapproacheshat arerepresentatie
of the state-of-the-arin the area(the NSGA-II, PDE ande-
MOEA).

Theconstraint-handlingchemeadoptedn our algorithmal-
lowedasuccessfuéxplorationof thesearctspaceavenin the
presenceof problemswhoseoptimumlies in the boundary
betweerthe feasibleandinfeasibleregions. Finally, the use
of e-dominanceintroducedthe capability of controlling the
convergenceof our approachwhile achieving a goodspread
of solutions.

As partof our future work, we planto experimentwith dif-
ferentvariationsof the e-dominancemechanismaiming to
facilitatethe way of computingthe e values.lt is alsoof our
interestto experimentwith differentmechanismge.g., dif-
ferentmutationoperators}o controlthe high selectionpres-
sureof the DifferentialEvolution algorithm.
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