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ABSTRACT

Evolutionofdatainthedatastreamenvironmentgeneratespatternsatdifferenttimeinstances.The
clusterformationchangeswithrespecttotimebecauseofthebehaviourandmembersofclusters.Data
streamclustering(DSC)allowsustoinvestigatethechangesofthegroupbehaviour.Thesechanges
inthebehaviourofthegroupmembersovertimeleadtoformationofnewclustersandmaymakeold
clustersextinct.Also,theseextinctoldclustersmayrecurovertime.Theproblemistoidentifyand
recordthesechangepatternsofevolvingdatastreams.Theknowledgeobtainedfromthesechange
patternsisthenusedfortrendsanalysisoverevolvingdatastreams.Inordertoaddressthisflexible
clusteringrequirement,density-basedclusteringmethodisproposedtodynamicallyclusterevolving
datastreams.Thedecayfactoridentifiesformationofnewclustersanddiminishingofolderclusters
onarrivalofdatapoints.Thisindicatestrendsinevolvingdatastreams.
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INTRoDUCTIoN

Nowadayshugedataisgeneratedacrossthevariousdomainsinrealtime,whichishigh-dimension
innature.Multi-dimensionaldatastreamsaregeneratedbymostoftheapplicationsdeployedfor
whethermonitoring,stocktrading,telecommunication,networkintrusiondetection,remotelysense
dataofplanets,andtoolsforanalysisofweb.Thedatastreamshavetemporalorderandcanonly
bescanonlyonce(Guha,S.etal.,1998;Yang,J.,2003).Therehasbeenactiveresearchregarding
storage,queryandanalysisofevolvingdatastreams.

Clusteringisoneofthemajortasksindatamining.DataStreamclusteringwhichisordered
sequencewithrespecttotime-stampeddatapointsinmulti-dimensionisconsidered.Datastream
clusteringhasmoreissuesandchallengesascomparedtotraditionaldataclustering.Thechallenges
are like;datacanbescannedandexamined inonlyonepassasdataarrive instreams. Inmany
applications, it is essential to knowevolving nature of data rather than representing clusters for
wholedatastream.Inmostofthecases,datastreamswereconsideredascontinuousmodelofstatic
dataandimplementedclusteringalgorithmsusingsingle-phase(Stonebraker,M.etal,1993).Such
algorithmsdividesthewholesetofdatastreamintobatchesandmostofthemusesk-meansclustering
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algorithmsinthisfinitebatchofdata(Guha,S.andMishra,N.,2016;O’callaghan,L.etal.,2002).
Thesealgorithmswerenotinapositiontoidentifytheevolvingcharacteristicsofdatastream.Some
ofthealgorithmstrytosolvethisissuebydeployingmovingwindowtechnique.Thisagaingives
partialresultsinmostofthecases(Guha,S.andMishra,N.,2016;O’callaghan,L.etal.,2002).

Datastreamclusteringmethodsproposedby(Aggarwal,C.C.etal.,2004)implementeddata
streamclusteringusingtwo-phasemethods,onlineandofflinemethods.Duringonlinephasedata
streamisquicklyprocessedandstatisticalsummaryiscalculatedandthenduringofflinephasethe
samesummaryisusedtogenerateclusters.Themethodologyandproceduresregardingdivisionof
timehorizonandstatisticsmanagementareimplemented.ThisisshowninCluStream(Guha,S.et
al.,1998).Mostofthedatastreamalgorithmsareusingtwo-phaseapproachsimilartoCluStream.
Semi-Partitioningmethodisdeployedforimprovedofflinephaseby(Wang,Z.etal.,2004).Clustering
ofsetofdatastreamsaswellasdistributeddatastreamsasanextensionofworkisalsomentioned.
AsCluStreamandrelatedalgorithmsusesk-meansmethodduringofflinephase,therearenumber
oflimitationssuchas,k-meansidentifyonlysphericalclustersandnotabletodetectarbitraryshape
clusters,k-meansalgorithmmaynotabletodetectnoiseoroutlierseffectively,itrequiresnumberof
scansofdata,andthusitisnotpossibletoapplydirectlytolargevolumeofdatastream.InCluStream
algorithmonlinephaseprocessesrawdatatogeneratemicro-clusters,andtheseclustersarethenused
asbasicelementsduringofflinephaseforfurtherrefinementofclusters.

Clusteringofdatastreamusingdensity-basedstrategyhasbeenwidelyusedandanothermajor
methodologyinclusteringalgorithms.Indensity-basedclusteringitispossibletoidentifyarbitrary
shapedclusters,itcanremovenoiseoroutliersanditispossibletoscandataonlyonceinorderto
examinerawdata.Thismethodisnaturalandreferredasbasicclusteringtechniquefordatastream
clusteringapplication.Ascomparedtok-meansmethodsdensity-basedclusteringdoesnotrequireprior
knowledgeofnumberofprobableclusters.DenStream(Cao,F.etal.,2006)algorithmwasproposed
whichcalculatedensityofeachdatapoints,andbasedofcertainthresholdvaluesthedatapointsare
groupedtoformacluster.Thisrequirestwophasestoimplementtheclusters.DuringFirstPhase,
on-linecomputationsarecarriedoutinorderstogatherstatisticalinformation,thisstepshouldbe
quickandfastasevolvingnatureofthedatastreamdoesnotallowtoretainthedatarecordsformuch
moretime,thusmicro-clustersareformed.DuringSecondphase,off-lineprocessingisperformedon
micro-clustersinordertogeneratemacro-clusters,thisleadstoformationofarbitraryshapeclusters.

Inthisresearchwork,weproposealgorithmstoidentifytrendsinevolvingdatastreamswhichuses
D-Streamalgorithm(Chen,Y.andTu,L.,2007),whichisadensitygrid-basedclusteringframework
fordatastreams.Ink-meansalgorithm,datastreamisconsideredaslongsequenceofstaticdataset,
butthemaininterestliesinidentifyingevolvingpatternsortrendsincaseoftemporalfeatureofthe
datastream.Theconceptofdecayfactorwithrespecttothedensityofdatapointsisintroducedfor
detectingdynamicnatureofclusters.

IncaseofClusStreamarchitectureit isnecessarytoexplicitlymentionthetime-durationfor
clustering,whereasincaseofD-Streamalgorithm,decayfactorofthedensitywhichisassociatedwith
eachdatapointautomaticallyidentifydynamicallyevolvingclusters.Thisisachievedbycalculating
weightsonthemostrecentdatawhileconsideringhistoricalinformation.Priorinformationregarding
numberofclustersisnotessentialforD-Streamalgorithm;thereforeitworkswithverylessdomain
knowledgeofapplicationdata.Incaseofevolvingdatastream,volumeofthedataisverylarge;itis
notpossibletorecordinformationrelatedtodensityforeachdata.Itistherefore,proposedtousegrids
i.e.setofsmallcells,tomapdatarecordsintocorrespondinggrid.Theadvantageofusinggridsto
mapthedatarecordsis,storageofrawdataisnotessentialwhereasonlyinformationregardingnew
datawhichwasmappedtocorrespondinggridneedtobemaintained.Incaseofmulti-dimensional
data,thereissubstantialincreaseinnumberofgrids.Theissueistohandlehighdimensionalityand
scalabilityofsuchdata.Itisobservedthat,inmostofthecases,majorityofthegridsareemptyof
containsfewerdatarecords.InD-Streamalgorithmtheseissuesareaddressedbyindepthstudyof
relationshipbetweendatadensity,decayfactorandtimehorizon.Thereisauniquemethodthatexists
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