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ABSTRACT

Dynamic fitness landscapeanalyses containdifferentmetrics to attempt to analyzeoptimization
problems.Inthisarticle,someofdynamicfitnesslandscapemetricsareselectedtodiscussdifferential
evolution(DE)algorithmpropertiesandperformance.Basedon traditionaldifferentialevolution
algorithm,benchmarkfunctionsanddynamicfitnesslandscapemeasuressuchasfitnessdistance
correlationforcalculatingthedistancetothenearestglobaloptimum,ruggednessbasedonentropy,
dynamicseverityforestimatingdynamicproperties,afitnesscloudforgettingavisualrendering
ofevolvabilityandagradientforanalyzingmicrochangesofbenchmarkfunctionsindifferential
evolutionalgorithm, theauthorsobtainusefulresultsandtry toapplyeffectivedata,figuresand
graphstoanalyzetheperformancedifferentialevolutionalgorithmandmakeconclusions.Those
metricshavegreatvalueandmoredetailsasDEperformance.
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1. INTRoDUCTIoN

Differentialevolution(DE)(Storn&Price,1997),oneofevolutionaryalgorithms,proposedbyStorn
andPricein1995,isasimpleandefficientheuristicforglobaloptimizationovercontinuousspaces.
Thereasonwhydifferentialevolutionhasadoughtyabilitytohandlenon-differentiable,non-linearand
multimodalcostfunctionsisthatitwasdesignedtobeastochasticdirectsearchmethodwhichiseasily
appliedtoexperimentalminimizationwherethecostisderivedfromaphysicalexperimentalrather
thanacomputersimulation.UsingavectorpopulationinDEhasagreatinfluenceincomputationally
demandingoptimizationsbecausethestochasticdisturbanceofthepopulationvectorscanbedone
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independently.Thedifferentialevolutionisaneasyandsimpleprogrammingduetoitsself-organizing
schemewhichemploysthedifferencevectoroftworandomlyselectedpopulationvectorstodisturban
existingvector.Furthermore,theperformanceofevolutionaryalgorithmsfocusesontheconvergence
property.Andthereisnodoubtthatdifferentialevolutionhasagreatconvergencepropertyandthe
convergencespeedisextremelyrapid.

Differentialevolutionalgorithmisoneoftheresearchhotspotsinevolutionarycomputationso
far.MostofworksaboutDEaremodifyingthealgorithmandsolvingproblemsbythesevariants.
TherearefewworksonDEperformanceanalysis,especiallyusingfitnesslandscapeanalysis.This
leadstoalackofunderstandingofDEperformancechangingduringsolvingprocess.

In thispaper,wearegoing toapplydynamic fitness landscape to study theperformanceof
traditionaldifferentialevolutionalgorithmthroughnewinsightsandeffectivedata.Accordingto
experimentresults,wecanseethatdifferentialevolutionalgorithmcannotsuccessfullyhandleallof
benchmarkfunctionswhichhavedifferentfitnesslandscapes.Differentfitnesslandscapesinfluence
theoperatorsinalgorithmandcausealgorithmsolvingtheproblemsuccessfullyornot.Thepaper
isorganizedasfollows:Section2introducestherelatedworkofdifferentialevolutionalgorithmand
fitnesslandscape.Section3describestraditionaldifferentialevolutionalgorithm.Analyzinghow
metricsoffitnesslandscapecouldevaluatetheperformanceofdifferentialevolutionalgorithmand
findoutthecorrelationinsection4.Section5givestheselectedbenchmarkandevaluationcriteria
whicharebasedonmetricsofdynamicfitnesslandscape.Experimentsareshowedthroughfigures,
thendataandexperimentalresultsaresummarizedinsection6,followedbyconclusionandfuture
directionsinsection7.

2. RELATED woRK

Recently,fitnesslandscapeisusedinmanyaspectssuchassearch-basedsoftwaretestingproblems
(Aleti,Moser&Grunske,2016)producingapproximatesolutionsofacombinatorialoptimization
problem through climbing combinatorial fitness landscapes (Basseur & Ffon, 2015). Different
evolutionaryalgorithmsareimprovedfromdifferentaspectsbasedontraditionalalgorithmsinorder
toattainbetterperformanceincludingfasterconvergencespeed,fewerparameters,lessrunningtime
andsoon.Buthere,wearenotgoingtofocusonhowtoimproveorproposenewalgorithms.Onthe
contrary,wearegoingtoemployfitnesslandscapeanalysistostudytheperformanceofdifferential
evolutionalgorithminmanyways.Theconceptoffitness landscapehasbeenadoptedwidely in
recentyearsinmanyfields.(Bolshakov,Pitzer,&Affenzeller,2011))consideredapplyingfitness
landscapeanalysisinsimulationoptimizationformeta-optimizationpurposesandnewinsightsare
obtainedinthefieldoffitnesslandscapesanalysisforstochasticproblems.(Malan&Engelbrecht,
2013b)proposedusingruggedness, funnelsandgradients in thefitness landscapesanalyzedand
evaluatedtheperformanceandtheeffectoftraditionalparticleswarmoptimization(PSO).According
toexperimentalresults,thesethreemetricshavevaluedaspart-predictorsofPSOperformanceon
unknownproblemsifusedinconjunctionwithmeasuresapproximatingotherfeaturesthathavebeen
linkedtoproblemdifficultyforPSOs.Meanwhile,theyinvestigatedwhetheralinkcanbefound
betweenproblemcharacteristicsandalgorithmperformanceforPSOs.Buttherearenotnewinsights
toshowalgorithmperformanceclearly.

3. DIFFERENTIAL EVoLUTIoN ALGoRITHM

Differentialevolutionalgorithm,anevolutionaryalgorithm,attemptstosolveglobaloptimization
problemsofcontinuousvariable.DEisusedformultidimensionalreal-valuedfunctionsbutdoesnot
usethegradientoftheproblembeingoptimized,whichmeansDEdoesnotrequirefortheoptimization
problemtobedifferentiableasisrequiredbyclassicoptimizationmethodssuchasgradientdescent
andquasi-newtonmethods.DEcanthereforealsobeusedonoptimizationproblemsthatarenoteven
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