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ABSTRACT

Thisarticleproposesanewoptimaldataclusteringmethodforfindingoptimalclustersofdataby
incorporatingchaoticmapsintothestandardNOA.NOA,anewlydevelopedoptimizationtechnique,
hasbeenshowntobeefficientingeneratingoptimalresultswithlowestsolutioncost.Theincorporation
ofchaoticmapsintometaheuristicsenablesalgorithmstodiversifythesolutionspaceintotwophases:
exploreandexploitmore.TomaketheNOAmoreefficientandavoidprematureconvergence,chaotic
mapsareincorporatedinthiswork,termedasCNOAs.Tendifferentchaoticmapsareincorporated
individually into standard NOA for testing the optimization performance. The CNOA is first
benchmarkedon23standardfunctions.Secondly,testingwasdoneonthenumericalcomplexityof
thenewclusteringmethodwhichutilizesCNOA,bysolving10UCIdataclusterproblemsand4web
documentclusterproblems.Thecomparisonshavebeenmadewiththehelpofobtainingstatistical
andgraphicalresults.Thesuperiorityoftheproposedoptimalclusteringalgorithmisevidentfrom
thesimulationsandcomparisons.
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INTRODUCTION

Generating and sharing of themagnitude of data via public administrations, business, scientific
research,numerousindustrialandnon-profitsectorshasincreasedimmeasurably.Thesedatainclude
textualcontent(i.e.unstructured,semistructuredaswellasstructured(Hashimietal.,2015), to
multimediacontent (e.g. audio, images,videos)onavarietyofplatforms (e.g. sensornetworks,
system-to-systemcommunications,cyber-physicalsystems,socialmediawebsitesandInternetof
Things)(Wittenetal.,2016).Duetotheincessantgrowthingeneratingandsharingofdata,new
andefficienttechniquesareneededforaccessing,discoveringthehiddenknowledgeandsharing
thesamefromvariousdomains(Laroseetal.,2014).Humaninvestigationforknowledgeextraction
ofthishugedataisatiresometaskanditwasfoundthattheobtainedresultsarenolongeraccurate.
Theclassicalalgorithmsareinaccurateininterpretingandextractinghiddenknowledge.So,new
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andadvancedtechnologiesareneededtocomeintoexistencetounderstandtheknowledgeextraction
processautomaticallyandsummarizethemeaningfulinformationaspertheapplicationrequirements
(Thuraisingham,2014).Therefore, it isanobligationtodesigncleverandefficient techniquesto
analyze thismassivedata.Since1990’swhendatamining techniqueshaveappeared indatabase
family,itisbroadlyusedtoextracthiddenknowledgeandpatternfromenormousdatasets(Han,
2011).Thisextractionusestwodifferenttechniques,namelysupervisedandunsupervisedtechniques
(Brownlee,2016).Clusteringisthemostusedunsupervisedandpopulardataanalysistechniquein
dataminingforextractingthehiddenknowledgeofdatabypartitioningitintoclustersorgroups.
Theultimatepurposeofclusteringistogeneratetheclustersofsimilardataobjectsbyclassifying
theunlabeledinputdata.Bydoingthis,thesimilarityistobeminimizedbetweentheobjectsofeach
clusterwhilethesimilarityisalsotobemaximizedbetweenobjectsofotherclusters.Hierarchicaland
Partitionalclusteringarethetwoprimarycategoriesofthedevelopednumerousclusteringalgorithms
(Jain,2010).Thefirstcategoryalgorithmsseektobuildatreestructureofclusterintheabsenceof
priorknowledgeaboutthecountofinitialclusters.Inthesecondcategory,aninitialclustercentroid
isassigned.Thek-meanspartitionalclusteringtechniqueisthewidelyusedandthemostprevalent
algorithm.Thistechniqueeffectivelygroupsextensivedatasetsbasedonthebestruntime.Inspite
ofthefactthatthek-meansalgorithmisquickerthannumerousotheralgorithms,itexperiencestwo
note-worthyissues,i.e.exhibitinghighsensitivityintheinitializationphaseandlocaloptimaata
lowconvergencerate(Jain,2010;Kantardzic,2011).Ithasbeennoticedfromtheliterature(Alam
etal.,2014;Esminetal.,2015;José-García,&Gómez-Flores,2016;Nanda&Panda,2014;Saidala
&Devarakonda,2018a)thatconjoiningthenature–inspiredoptimizationalgorithmswithstandard
dataclusteringtechniqueswillresultinaccuratesolutions.Italsoenablestoovercomethedrawbacks
foundinthestandarddataclusteringtechniques.

Optimizationisanactionofobtainingtheminimizationormaximizationofafunctiontothe
availableresourcesandissubjecttocertainconstraints.AuthorsBrownlee(2011)andYang(2008)
quotedthat,byconcerningthenatureofoptimization,optimizationalgorithmsarecategorizedinto
deterministicandstochasticintelligentalgorithms.Deterministicalgorithmsaregradientrestricted
algorithmswhichmoverigorouslytowardstheoptimalsolution.Thesekindsofalgorithmsproduce
thepredefinedoutputandexhibitknownsameamountoftimeormemoryorresourceseverytime
tothegivensameinput.Unlikethedeterministicalgorithms,stochasticalgorithmsaregradient
freealgorithms.Thecontradictorythingofstochasticalgorithmstothedeterministicalgorithmis
randomstepsaretobetakenbystochasticalgorithmstoreachtheoptima.Stochasticalgorithms
arefurtherclassifiedintotwogroups,i.e.,HeuristicsandMetaheuristics(Yangetal.,2012).First
group algorithms work by trial-and-error method, whereas the second group works by having
somepriorknowledgeabouttherandomsearch.Severalheuristicalgorithmshavebeenusedin
optimizationfield;forinstance,HillClimbing(HC)(Tsamardinos,2006),SimulatedAnnealing
(SA)(Aarts&Korst,1988;Szu&Hartley,1987)andBatSwarmOptimization(BSO)(Jordehi,
2015). Inmeta-heuristicalgorithms,optimizationprocess startswitha randomsolution.From
thatinitialsolutionMetaheuristicsexploreandexploitsthesolutionspacerandomlywithacertain
probability(Nanda&Panda,2014).

ThelasttwodecadeswitnessedthedevelopmentofComputationalIntelligence(CI)techniques
andtheirapplicationsinvariousdesignandengineeringfields.Manyresearchersworkinginvarious
domainshaveconsequentlyturnedtoCIinhopeofdiscoveringoptimalsolutionstoaplethoraof
complexproblems(Primeauetal.,2018).AsubfieldofCI,i.e.,nature-inspiredmetaheuristicsis
robustandefficientinsolvingNP-hardproblems.TheMetaheuristicsisbecomingmoreandmore
popularduetotheirrobustnessandefficiencyindealingwithreal-worldNP-hardproblems(Bouarara
etal.,2015;Fengetal.,2018;Gheraibiaetal.,2015;Nouaouriaetal.,2014;Saidala&Devarakonda,
2017a;Saidala&Devarakonda,2017b;Schor&Kinsner,2011).Dataclusteringisoneofthemost
usedandsignificantdataanalysisconcepts.Theultimatepurposeofclusteringistogeneratethe
clustersofsimilardataobjectsbyclassifyingtheunlabeledinputdatawherethesimilarityshould
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