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ABSTRACT

Thisarticlepresentsastreamminingframeworktoclusterthedatastreamandmonitoritsevolution.
Eventhoughconceptdriftisexpectedtobepresentindatastreams,explicitdriftdetectionisrarely
doneinstreamclusteringalgorithms.Theproposedframeworkiscapableofexplicitconceptdrift
detectionandclusterevolutionanalysis.Conceptdriftiscausedbythechangesindatadistribution
overtime.Relationshipbetweenconceptdriftandtheoccurrenceofphysicaleventshasbeenstudied
byapplyingtheframeworkontheweatherdatastream.Experimentsledtotheconclusionthatthe
conceptdriftaccompaniedbyachange in thenumberofclusters indicatesasignificantweather
event.Thiskindofonlinemonitoringanditsresultscanbeutilizedinweatherforecastingsystems
invariousways.Weatherdatastreamsproducedbyautomaticweatherstations(AWS)areusedto
conductthisstudy.
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INTRoDUCTIoN

Withtheadvancementinhardwareandsoftwaretechnology,thenumberofapplicationsproducing
largevolumedatastreamsiseverincreasing.Thesedatastreamsbecomeusefultotheindustryand
societyonlywhenthevaluableinformationcontainedinthemisextracted.Variousdatastreammining
algorithmsareavailableforthispurpose.Capabilitytoprocessthedatainasinglescan,requirement
ofonlineandincrementalupdationofthemodels,adaptationtotheconceptchangesetc.aresome
challengeswhiledesigninglearningalgorithmsfordatastreams.Clusteringisanimportantmachine
learningtaskappliedondatastreamstogainusefulinsightsintothenaturalgroupingsindata.It
alsohelpstotrackthedevelopmentofvariousphenomenainapplicationfieldslikemeteorology,
healthcareandastrophysics(Bhatnagar,2009).

Themainadvantageofdatastreammining is that itassumes thedatasourceor theprocess
generatingthestreamisnotstationary.Accordingtothechangesintheenvironmentthatproduces
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thestream,theunderlyingdatadistributionschangeovertime.Consequently,thesechangesmight
affecttheinterrelationshipbetweeninputandoutputvariables(Gama,2014)leadingto‘Concept
Drift’ (Widmer andKubat, 1996; Gama, 2014). In these situations, the learned model becomes
obsoleteandthepredictionaccuracyreducesconsiderably.Weatherdataisaclassicexamplewhere
theconceptcanchangeovertime(WidmerandKubat,1996).Dependingontheseasons,weather
predictionrulesmightexhibitachange,i.e.,thesamerelationmightnotholdwellinalltheseasons.

Thispaperproposesaframeworkfortheonlineclusteringofdatastreams.Itperformsconcept
driftdetectionandclusterevolutionmonitoringtogenerateawarningonthedynamicchangestaking
placeintheenvironmentofthestream.Studiesrevealedthatconceptdriftaccompaniedbyclustering
structurechangesoftenimplyimportantphysicalevents.Recordingsuchinter-relationshipsbetween
theoccurrenceofconceptdriftandthecorrespondingphysicaleventsoveraperiodoftimecanhelp
thepredictionofthesephysicalphenomenabyclusteranalysis.

Theproposedframeworkhascomponentstoclusterthestreamonline,detectconceptchanges
andtracktheevolutionofclusters.Beforeperformingtheclustering,thebestvalueforthe‘number
ofclusters’,kiscomputeddynamically.Thisisdonewiththeintentiontoidentifythechangesinthe
clusteringstructurefortherecentlyarriveddata.Asthesourceofthedataishighlydynamic,the
clusteringstructurealsomightexhibitacorrespondingchangeandfixingthevalueofklimitsthe
abilitytocapturesuchchangesintheclusteringstructure.

The utility of this framework is studied by applying it on weather data. Concept drifts,
changesinthebestvalueofkandtheclusterevolutionsarebeingmonitoredtounderstandtheir
relationshipwith thephysicalweatherphenomena.Nowadaysmostof theweathermonitoring
equipmentproduceshigh-speeddatawithalargenumberofvariables.Weatherstreamproduced
bytheAutomaticWeatherStation(AWS)attheAdvancedCentreforAtmosphericRadarResearch
(ACARR)ofCochinUniversityofScienceandTechnology,Kerala,Indiaisusedforthisstudy.
Dataiscollectedatone-minuteintervalsanditcontainstheweatherparametersliketemperature,
relativehumidity,windspeed,winddirection,radiation,pressure,rainfall,etc.Monsoonsarethe
mostimportantweatherphenomenonasfarastheIndianregionisconcerned.Hencetheframework
is used to study the interrelationship between the changes in the clustering structure and the
evolutionofthesouth-westmonsoon.

Thepaperisstructuredasfollows.Section2referstothebackgroundofthiswork.Section3details
theproposedframeworkwithsubsectionsoneachcomponentoftheframework.Section4explains
theapplicationoftheproposedframeworkonweatherdata.Section5detailsabouttheexperiments
andresultsfollowedby‘discussionandfuturework’insection6.Thepaperisconcludedinsection7.

BACKGRoUND

Detecting Concept Drift in Data Stream Clustering
Conceptdriftdetectionandadaptationarestudiedmoreinthecontextofsupervisedlearning.As
(Gama,2014)statesinhissurvey,theproblemofconceptdrifthandlinghasamuchwiderscope
anditisapplicabletoclusteringproblemsaswell.Researchinthisdirectionisstillinthestarting
phase.Surveysconductedondatastreamclustering(Ghesmouneetal.,2016;Silvaetal.,2013)also
pointtothefactthatexplicitconceptdriftdetectionandadaptationarerarelydoneindatastream
clusteringalgorithms.

Insupervisedlearningproblems,conceptdriftcanbedefinedasachangeinthejointprobability
distributionP(X,Y),whereXdenotesa randomvariableovervectorsofattributevaluesandY
denotesarandomvariableoverclasslabels(Webb,2016).Butinthecaseofunsupervisedlearning,
sincetheinstancesarenotlabelled,thedefinitionofconceptdriftismodifiedasachangeinthe
probabilitydistributionP(X).Hencestatisticalmethodsofchangedetectionareusuallyusedindata
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streamclusteringproblemstoidentifyconceptdrift.Silvaetal.(2017)andSakamotoetal.(2016)
aretherecentworksthatdiscusstheproblemofconceptdriftdetectionindatastreamclustering.
Sakamotoetal.(2016)proposeacombinationofDriftDetectionMethod(DDM)andPage-Hinkley
Test(PHT)tohandledriftwhereasSilvaetal.(2017)usePageHinkleyTestalone.Asdiscussedin
(ChenandLiu,2006),changesintheclusteringstructurescangiveaclueonnewemergingpatterns
andthushelpinthepredictionofrealevents.

Cluster Evolution Analysis
Clusterevolutionanalysisdoneaspartofthisworkisinspiredbytheclustertransitionmonitoring
models available in the literature. Cluster transitions happening over a period of time are
monitoredandtheirrelationshiptothephysicaleventshasbeenanalysed.MONIC(Spiliopoulou
etal.,2006)andMEC(Oliveira&Gama,2010)arethebasicframeworksavailableforcluster
transitionmodelling.MONICmonitorstheoverlapbetweenclustersintheconsecutivetimepoints
anddetectsexternalcluster transitionsbasedon this.MONIC is laterextendedasMONIC+
(Ntoutsietal.,2009)withthedefinitionofdifferenttypesofclusters.Itre-definestheoverlap
andtransitionofclustersbasedonthis.

Machine Learning Applied to Weather Solutions
Weathermonitoringsystemsproduceunboundedstreamsofdata,atalargescaleandatarapidrate.
CompaniesofferingweathersolutionsareusingstreamprocessingengineslikeApacheStorm(http://
storm.apache.org/)forprocessingsuchstreamsatreal-time.Thoughstreamprocessingplatformsare
well-knowntoprocessweatherdata,streamminingsolutionsarenotextensivelytriedforweather
forecastingproblems.

However,machine learningmethods are applied toweather forecastingproblems to a great
extent.Twomost importantmachine learningmethods triedforweatherpredictionproblemsare
artificialneuralnetworks(ANN)andsupportvectormachines(SVM).Hungetal.(2008)proposed
amethodofusinganArtificialNeuralNetworkforshort-rangerainfallforecasting.Anearlierwork
donebyGuhathakurta(2006)isusingANNarchitectureforlong-rangepredictionofannualMonsoon
rainfall.LiteratureincludesplentyofpaperswhichtriedANNforsolvingweather-relatedproblems
(Kuligowski & Barros, 1998; Smith et al., 2009; Kenabatho et al., 2013). Radhika and Shashi
(2009)illustrateanattempttomakeuseofSupportVectorMachinefortemperatureprediction.An
extensivereviewonapplicationsofSupportVectorMachineinthefieldofhydrologycanbefoundin
(RaghavendraandDeka,2014).Goodaccountofpapersisavailableintheliteraturewhichdiscusses
theapplicabilityofSupportVectorMachinesonvariousweatherpredictiontasks(Liuetal.,2012;
NayakandGhosh,2013).

THE PRoPoSED FRAMEWoRK

Figure1showstheproposedframework.Onlinestreamclusteringisperformedusingatwo-level
clusteringalgorithm.Ithasanonlinestreamingcomponentwhichgeneratesthesynopsisofthestream
andanofflinecomponentthatgeneratestheclustersfromthissynopsis.Computationofthebestvalue
ofkisperformedbetweenthesetwophasestogeneratethatmanyclustersduringtheofflineclustering.

Forstreamclusteringproblems,aconceptisdefinedastheprobabilitydistributionP(X)where
Xistherandomvariableovervectorsofattributevalues(Webb,2016).Clusteringorthepartition
producedataparticulartimepointisnothingbutarepresentationofthedatadistributionP(X)atthat
moment.Clusteringcanbeconsideredasaprobabilitymixturemodelwitheachclusterrepresenting
onecomponentof themixture.SinceCluStreamusesk-meansforofflineclustering, theclusters
generatedareconvexinshapeandfollowsanormaldistribution.So,thenthcomponentofthemixture
modelcanbewrittenas:
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themeanvectorandΣ
n

the
covariancematrix(Fraley,2002).

Sincetheclusteringdepictsthedatadistribution,theclusteringgeneratedbytheofflinecomponent
oftheframeworkistreatedastheconceptlearntfromthedata.Atatimeonlyoneconceptisactive
andthefitnessofthisconcepttotherecentlyarriveddataisalwaysbeingmonitored.Conceptdrift
detectionmoduleisusedforthispurpose.Currentconceptandthesamplesretrievedfromthestream
aretheinputtothismodule.Wheneverthechangeisdetected,anewclusteringisgeneratedfrom
therecentdataitemsandthecurrentconceptisreplacedbythisnewconcept.Ithastobenotedthat
clustersundergovarioustransitionsduringtheseconceptdrifts.Clusterevolutionanalysisisdone
tounderstandthenatureofthesetransitions.Informationobtainedfromtheconceptdriftdetection
module,kestimationmoduleandtheclusterevolutionanalysiscanbecombinedtogethertosupport
thepredictionprocess.Anoverviewofthesecomponentsisgiveninthenextsubsections.

Stream Clustering
While incorporating an explicit concept drift detection module to an existing stream clustering
algorithm,themajorconcernishowtoblendthedriftdetectionmethodologywithonlinelearning.
Beforegoing to thosedetails, abriefdiscussionon the streamclusteringalgorithmused in this
frameworkisgiven.

Figure 1. Overview of the proposed framework
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Clusteringisamethodcommonlyusedforstatisticalanalysisofdata.Itisdefinedasthe
taskofgroupingasetofdatapointsintoclusterssuchthatpointswithinoneclusteraresimilarto
eachotherandpointsfromdifferentclustersaredissimilar(LeskovecandRajaraman,2014).In
ourexperiments,streamclusteringisdoneusingCluStream(Aggarwaletal.,2003),adistance-
basedclusteringalgorithm.CluStreamhasgoodclusteringaccuracyandanin-builtcapability
to deal with evolving data streams. It divides the clustering process into online and offline
components,withtheonlinecomponentgeneratingmicro-clustersandtheofflinecomponent
generatingmacro-clusters frommicro-clusters.Micro-clustering is themethodofstoring the
summarystatisticsofthestream.Amicro-clusterisstoredasafiveelementtuple-altogether
representingthesummaryofdatapoints in thatcluster.Thissummaryserves thepurposeof
calculatingthecharacterisingfeaturesofthecluster,likeitscentre,radiusanddiameteratany
pointoftime.Anotherpointtobenotedisthat,summaryofthetimestampinformationofthe
membersisalsostoredineachmicro-cluster.Thisinformationwillberequiredforcomputing
the recency of a micro-cluster, when removal of some micro-clusters from the memory is
necessaryaspartoftheevolutionofthestream.Onthearrivalofeachdatarecordofthestream,
it’ssimilaritytotheexistingmicro-clustersiscomputed.Iffoundsimilar,itisaddedtothemost
similarmicro-cluster, otherwise anewmicro-cluster is formed to represent this data record,
givinganimpressionthatstreamisevolving.

Theofflinephaseorso-calledmacro-clusteringphaseistheonewhichcreatestherealoutcome
ofthestreamclusteringprocess.Whenthetimehorizonapplicabletomacro-clusteringisprovided,it
retrievesthemicro-clustersrelevanttothattimeperiodanddoesanofflineclusteringofthesemicro-
clusters.Duringthisclusteringphase,micro-clustersaretreatedassingledatapointsrepresentedby
theircentres.Initialclustercentresortheseedsarenotselectedrandomly,butthemoreweightedk
micro-clustersarechosenasseeds.Further,wehaveintroducedamodificationtothisalgorithm.The
valueof‘k’inmacro-clusteringphaseisnotfixed,itiscalculateddynamicallybasedonanalgorithm
whichisdetailedinthenextsession.

InCluStreamalgorithm,macro-clusteringprocessisinitiateduponuserrequestanditgenerates
macro-clustersrelevantfortheperiodrequestedbytheuser.Asdemandedbytheproposedframework,
certaindeviationsareadoptedand theyaresummarizedasfollows.Uponcreationofagroupof
macro-clusters, thatparticularclustering is treatedas theactivemodelas longas theunderlying
datadistributionpersists,orinotherwords,untilthesameconceptsurvives.Anexplicitconcept
driftdetectionmethodologybasedonPage-HinkleyTest(PHT)isadoptedhere,whichmonitorsthe
streamcontinuouslytofindouttheprobableconceptchanges.Firstawarningisgivenandifstillthe
streamcontinuestodeviatefromthecurrentconcept,analarmistriggeredtodeclaretheconcept
drift.Whenaconceptdriftisflaggedbythisalgorithm,nextmacro-clusteringprocessisinitiated.
Beforerunningthemacro-clusteringphase,valueof‘k’isestimateddynamically.Oncreationofthe
newkmacro-clusters,thenewmodelisestablished.

Overviewoftheabove-mentionedprocessisshowninFigure2.Thefollowingthreeprocesses
willberunningcontinuouslythroughoutthestream:

Figure 2. Overview of the concept drift detection process
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• Onlinemaintenanceofmicro-clusters;
• Storingthemicro-clustersinmemory;
• Page-HinkleyTesttodetectconceptdrift.

Andwhenconceptdriftdetectionalgorithmflagsanalarm,thefollowingfourprocesses
areexecuted:

• Extractionof themicro-clustersrelevant to thewarningperiodi.e., the timeperiodbetween
warningflagandalarmflag;

• Computationofthevalueofk,i.e.,thenumberofmacro-clusters;
• Creationofthenewmodel;
• RecalculationofthePage-HinkleyTest(PHT)parameters.

The flexibility provided by the CluStream algorithm to choose the time horizon of macro-
clustering,isutilisedtogetthemacro-clusteringoverthewarningperiod.

Calculating Number of Clusters online
Datastreamclusteringalgorithmsbasedontheprincipleofk-meansusuallyworkontheassumption
thatthenumberofclusters‘k’isprovidedbytheuseranditisfixedthroughoutthestream.The
CluStreamalgorithmalsoworkson this assumption.But it isobvious that streamscanundergo
unforeseenchanges,especiallywhentheprocessgeneratingthestreamisnon-stationary.Theliterature
pointstoafewstreamclusteringalgorithmswhichconsideredthisissue(SilvaandHruschka,2011;
Fariaetal.,2012;Silvaetal.,2017).Changeinthenumberofclustersisanindicationofachangein
datadistribution,whichinturnimpliesapossibledriftintheprevailingphysicalconditions.Results
supportingthisfactcanbefoundintheExperimentssection.

Tofindthebestvalueofk,thereshouldbeamethodtoassesstherelativequalityofdifferentdata
partitions(Naldietal.,2009;Silvaetal.,2017).Hencetheoptimumvalueofkandsuccessivelythe
datapartitionwithbestqualitycanbeachieved.Therearedifferentmethodsforassessingtherelative
qualityofdatapartitionsandthemostpopularoneamongthemissimplifiedsilhouette.Comparison
studiesalsoreveal(Vendraminetal.,2013)thatthisisthebestmethodforassessingthequalityofa
dataclustering.Silhouette(Rousseeuw,1987)valueofaclusteringiscomputedasfollows.Consider
xiisanelementofclusterCa,anda(xi)istheaveragedissimilarityofxitoallotherelementsofCa.
ForeachclusterCbotherthanCa,computetheaveragedistancebetweenxiandtheelementsinCb.
Theclusterhavingthelowestvalueforthisaveragedistanceiscalledtheneighbouringclusterofxi
andletthislowestvaluebedenotedasb(xi).Itisgenerallyobservedthatagoodclusteringwillhave
lowvaluefora(xi)andhighvalueforb(xi).Silhouettecanbemeasuredas:
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Intheeventthatalldatapointsareassignedtotheirnearestclusters,thevalueofs(xi)willbe
withintheinterval[0,1].Biggervaluefors(xi)impliesbetterclustering.Toreducetheprocessing
overhead,calculatingdistancetoalltheelementsofaclusterisreplacedbycalculatingthedistanceto
itscentre.Hencea(xi)isthedistancebetweenxianditsowncluster’scentroid.Similarly,tocalculate
b(xi),distancesbetweenxiandallotherclustercentroidsaretaken.Thisvariantofasilhouetteis
calledSimplifiedSilhouette(SS).Averageofallthes(xi)overi=1,…,NistakenastheSSvalue
ofthatpartition:
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Partition with the highest value of SS is taken as the best clustering. As mentioned earlier,
centroidsofthemicro-clustersselectedformacro-clusteringareconsideredtobethedatapointsfor
calculatingSimplifiedSilhouetteaswell.

Concept Drift Detection
CluStreamhasbeenbuiltwiththecapabilitiestohandleanevolvingdatastream.Butitdoesnotmake
useofanyexplicitchangedetectionprocedure.Explicitchangedetectionisdesirablebecauseithelps
todealwiththechangeinatimelymannerandrecoverquicklyfromtheperformancedrop.Also,this
frameworkneedstoassesstheclusteringstructurechangesontheidentificationofaconceptdrift,
whichispossibleonlyifdriftissignalledexplicitly.Page-HinkleyTest(PHT)isastandardprocedure
forchangedetection(Serakiotou,1987;Moussetal.,2004;Sakamotoetal.,2016;Page,2017;Trust,
2017).Abasicprinciplebehindchangedetectionmethodsistotrackhowwelltheexistingmodelfits
therecentlyarrivingdatapoints.Iftherecentlyarrivingdatapointsdeviateconsiderablyfromthe
currentmodel,itindicatesthatthemodelisbecomingunfittorepresentthecurrentdatapartition.In
otherwords,theconceptischangingandmodelneedsareasonableupdate.

Page-Hinkley Test continuously monitors a parameter which can represent the change. In
clustering, the average distance between the data records and their closest cluster centres is the
parameterbeingmonitored.Silvaetal.(2017)andZhangetal.(2010)suggestPage-HinkleyTestas
themethodtobeusedforexplicitchangedetectioninstreamingenvironments.LetDibethedistance
variablewhosevalueisbeingmonitoredbyPage-Hinkleytest.Diisthedistanceofdatarecorditoits
closestclustercentreinthecurrentdatapartition.AcumulativevariablemTiscalculatedasbelow:
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mTisthesumofdeviationbetweentheobservedvariableDianditsmeantillmomentT.δisthe
tolerancelevel.TwothresholdvaluesλAandλWareusedtodenotethealarmthresholdandwarning
thresholdrespectively.Obviously,λAshouldbesetgreaterthanλW.Page-HinkleyTestgivesawarning
whenthedifferencebetweenmTandit’sminimumMT=Min(mi,i=1,…,T)becomesgreaterthan
thewarningthresholdλW.i.e.,whenmT-MT>λW.Similarly,ittriggersanalarmwhenthisvalue
becomesgreaterthanthealarmthresholdλA.Atreceivingeachdatapointfromthestream,itsdistance
totheclosestclusterinthecurrentpartitionismeasured.Theabove-mentionedvariablesarealso
updatedaccordingly.Crossingthewarningthresholddefinitelymarkstheconsiderabledeviationof
therecentlyreceivedobjectsfromtheexistingpartitionorpointstothefactthattheexistingpartition
isgettingobsolete.Inordertoconfirmthis,theforthcomingdatarecordsaremonitoreduntilthey
cross thealarmthreshold.This timeinterval isshownas the‘warningperiod’ inFigure2anda
conceptdriftisdeclaredimmediatelyasthealarmthresholdiscrossed.
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Theprocessofmacro-clustering,whichisresponsibleforcreatingthenewmodel,isinitiatedasa
conceptdriftisdetected.(Silvaetal.,2017)putforwardtheideaofaddingthedatapointsarrivingin
thewarningperiodtoabufferandusethemforcreatingthenewmodel.Buttheproposedframework
followsaslightlydifferentmethodologyofjustnotingthewarningperiodandextractingonlythose
micro-clusterswhicharerelevanttothistimeinterval.Extractedmicro-clustersarethenfedasinput
tothemacro-clusteringphase.ThewholesetofPHTparameters,includingthethresholdvaluesare
recalculatedaftercreatingthenewmodel.

Cluster Evolution Analysis
Besidesthechangesinthenumberofclusters,substantialclustertransitionsalsooccurduringconcept
drifts.Clustertransitionsincludethedisappearanceoflong-livedclusters,creationofnewclusters,
mergingandsplittingofexistingclustersandsoon.Clusterevolutionanalysisisperformedaspartof
theexperiments,touncoversuchclusterleveltransformationsoccurringatconceptchangepoints.The
literatureproposesaframeworknamedMONIC,tomonitortheclustertransitions(Spiliopoulouetal.,
2006).Itbasicallycomparestheclustersintwoconsecutiveclusteringsandfindsoutthedifferences
andsimilaritiesbetween them, in termsof their internalandexternal transitions.Aspartof this
study,experimentsareconductedparticularlytounveiltheexternaltransitions,namely-absorption,
survival,split,disappearanceandcreationofanewcluster.

APPLICATIoN oN WEATHER DATA

Accurateweatherforecastingisabasicneedofanymodernsociety.Oneofthegreatestimpactsof
weatherforecastingiswiththeagriculturalsector(Sivakumar,2006;Mezaetal.,2008;Wangand
Cai,2009).Unfortunately,theatmosphericsystemiscomplexinnatureandpredictionofweather
especiallyintropicalregionischallengingtoagreatextent.

Thetwodifferentapproachesinobjectiveweatherforecastingarenumericalweatherprediction
andstatisticalweatherprediction(Glahn,1982).Theliteraturepointstothegoodandappreciable
resultsachievedthroughnumericalmethods.However,statisticalmethodscannotbeneglectedand
theyareequallypowerfulinmanyofthescenarios(Glahn,1982;Wilks,2006).Littleetal.(2009)
mentionthecompetitivenessofstatisticalmethodscomparedtonumericalmethodsinshorter(afew
hoursahead)andlonger-term(morethan10daysahead)weatherforecasts.Sometimesnumericaland
statisticalmethodsarecombinedtogetbetterresults(KrasnopolskyandFox-Rabinovitz,2005).Since
machinelearningisconsideredasablendofstatisticsandartificialintelligence,itisnotsurprising
thatmachinelearningalgorithmscanalsocontributetoweatherforecasting(Guhathakurta,2006;
Hungetal.,2008;RadhikaandShashi,2009;Chakrabortyetal.,2012;RaghavendraandDeka,2014).
IndiaMeteorologicalDepartment(IMD)hasdevelopedvariousstatisticalmodelsforthelong-range
predictionofmonsoon(Rajeevanetal.,2004;Guhathakurta,2006).Thesemodelsforecastforlarger
regions,eitherthecountryasawholeordivideitintothreeorfourbroaderareas.Asmentionedin
(Rajeevanetal.,2004),site-specificandshort-rangeforecastingareequallydifficultusingstatistical
models.But,short-rangeforecastingforasmallerlocalityisveryimportant,particularlywhenrainfall
isconsidered.Thereareindustrieslikeaviation,whichcantakeadvantageofthiskindofwarnings.

In the experiments, the proposed framework is used to constantly monitor the statistical
distributionofweatherdataataparticularlocation.Changesinthedatadistributionwillbereflected
inthenumberanddistributionoftheclusters(ChenandLiu,2006;Silvaetal.,2017)whichinturn
indicatesachangeintheunderlyingweathersystem.Statisticaldistributionchangesareidentified
byusingaconceptdriftdetectiontechniqueintheframework.Thus,thecontinuousmonitoringof
thedatapartitionandtimelydetectionofconceptdriftshelptogivehintonsuddenchangesinthe
prevailingweatherconditions.Itcanalsohelptheweatherforecastingprocessinmanyways.For
example,sometimestheconceptdriftcanbearealdrift(Gama,2014),inthesensethatitaffects
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theinterrelationshipbetweenthepredictorsandtheoutputvariable.Thisindicatesthattheexisting
weatherpredictionmodelmightneedanupdatetoensurethecorrectnessofitspredictionthereafter.
Similarly,aconceptchangepointcanbeusedasalandmarktore-analysethecorrelationbetween
theavailableinputvariablesandtheoutputvariable.

EXPERIMENTS AND RESULTS

General Experimental Set-Up and Parameter Settings
Experimentsareconductedtostudytheclusteringbehaviourofweatherdataanditsrelationshipto
thephysicalphenomenaoccurringintheenvironment.Onsetandwithdrawalofsouth-westMonsoon
andthunderstormsoccurrencesaretheweatherphenomenaselectedforthestudy.InCochin,Kerala,
normallytheonsetofsouthwestmonsoonhappensduringJunefirstweekanditwithdrawsduring
thebeginningofOctober.Also,unpredictablerainandthunderstormarecommonduringthesummer
season.Datacollectedintheyears2016and2017areusedforthisstudy.TheMin-Maxprocedure
isperformedtonormalizethedatavaluestotherange[0,1].Thefirstmodelwillbecreatedinan
offlinewayusingtheinitial5000samplesofthestream.K-meansclusteringisthealgorithmused
inthisstage.Thereafter,themodelisupdatedonline,alongwiththestream.Onlinemaintenanceof
micro-clustersinCluStreamalgorithmmakessurethatthetotalnumberofmicro-clustersinmain
memorydoesnotexceedapredeterminedlimitatanypointoftime.Intheseexperiments,thislimit
isfixedto200.

AutomaticWeatherStationinACARRcollectsmostoftheweatherparametersatthreedifferent
heightlevels:2meters,20meters,and30meters.Hence,thereisaredundancyininformationasfaras
predictionisconcerned.Alltheseparametersmightnotberelevantforprediction.Adimensionality
reduction technique was applied in the beginning to find out the most relevant dimensions or
parameters.Temperature,cloudradiation,solarradiation,netradiation,windspeedandwinddirection
arefoundrelatedtotherain.Similarly,thetemperature,humidityandwindspeedareconsideredfor
thunderstormrelatedstudies.

onset of South-West Monsoon
Figure3(a)showstherainfall receivedduring theonsetofsouth-westmonsoon.As it isevident
fromthisfigure,thereisapre-monsoonshowerstartingfromMay14thonwards.Temperature,Solar
radiationandmostoftheweatherparametersshowasignificantdifferenceindistributionduringthis
period.Figure3(b)showstheconceptdriftpointsidentifiedwhileprocessingthestream.Thenumber
ofclusters–k,computedateachconceptdriftpointisalsodisplayedinthisfigure.Conceptdrift
pointsareshownoverlaidontheplotoftemperaturetoemphasisethatchangeindatadistributionis
capturedbythesystem.

Achangeinalltheweatherparameterscanbeobservedintheweekof16thto20thMay.During
thesametime,Pre-Monsoonshowerstartedanditprolongedtill themonsoononsetduringJune
firstweek.Figure3(b)showsthattheframeworkcapturedthesechangesandthenumberofclusters
changedsuddenlyfrom4to2duringthistime.

Withdrawal of South-West Monsoon
Figure4(a)showstherainfallreceivedduringthesouthwestmonsoonwithdrawalperiod.The
numberofclusterscomputedatconceptdriftpointsareshowninFigure4(b).Conceptchanges
arefoundrelativelyfrequentcomparedtothemonsoononsetperiod.Asuddenincreaseinthe
numberofclusterscanbeseeninFigure4(b),correspondingtothetwomainrainfallevents.
Theseresultsalsosupportthefactthatasignificantchangeinclusteringisanindicationofa
significantweatherevent.
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Thunderstorm
InKerala,duringthesummerseason,itiscommontogetunpredictedrainfallwiththunderstormand
lightning.Weatherparametersshowconsiderablechangesduringthunderstormsaswell.Figure5(a)
showstheoccurrenceofthunderstormsduringthesummerseason.Blackdotsinthefiguredenote
thunderstormobservations.Temperature,humidityandwindspeedare identified tobe themost
prominentweatherparametersthatshowvariationsduringathunderstorm.Datastreamcontaining
these threeparameters is takentochecktheclusteringstructurebehaviouranditsrelationto the
thunderstormoccurrence.Changeintheclusteringstructureduringthunderstormsisvisiblefrom
Figure5(b).NoconceptchangeswereidentifiedbetweenthebeginningofApriland22ndofApril.

Effect of Altering the Page-Hinkley Test Parameters
Foreachweatherphenomenon, theexperimentsarerepeatedbychangingthePage-HinkleyTest
parameters-warningthreshold(λw),alarmthreshold(λA)andthetolerancelevel( δ )–tostudytheir
effectonidentifyingtheconceptdrifts.Somecommonobservationsarediscussedinthissection.As
usuallydoneinonlinealgorithms,theseparametersaremadeself-adjustingdependingontheaverage
clusterradius.Theychangevalueautomaticallyaftereachconceptdrift.Thisisdonetoensurethat
changesarehappeningtothetestparametersaccordingtotherecentcharacteristicsofthedata.As

Figure 3. (a) Rainfall during the period 8th April to 20th June. The week of 14th May denotes the start of a pre-monsoon shower. 
(b) Concept drift points and the corresponding number of clusters estimated for the period 8th April to 20th June. It can be noted 
that the number of clusters reduced from 4 to 2 from 14th May to 19th May, where the temperature also shows a sudden drop.
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Silvaetal.(2017)andZhangetal.(2010)suggest,thresholdvalueshavetobechosenasafunction
ofthecurrentclusteringitself.Fixedthresholdvaluesmightmakeitunrealistictohandleanevolving
datastream.ValueofλAisdeterminedbymultiplyingthecurrentaverageclusterradiuswithafixed
realconstant.λwandδaremadedependentonλA.Theserealconstantshavetobeprovidedtothe
algorithmonceinthebeginningasexternalparameters.

PHTparameterscontrolthetrade-offbetweenearlydetectionofconceptdriftandfalsealarms
(Gama,2014).Valuesofλandδcanbeusedtotunetheperformanceofconceptdriftdetector.Lower
valuesofλcausetheconceptdriftdetectortoidentifyevenminutechangesandoftenleadstofalse
alarms.Largervaluesofλcauselessfalsealarmsbutsomechangesmightbemissed.Similarly,lower
thevalueofδ,fasterthechangedetectionwillbe.

ResultsoftheexperimentsdoneonmonsoononsetperiodwithdifferentPHTparametersare
showninthissection.Figure3(b)correspondstotheonsetofmonsoonwithλA=1.5timestheaverage
clusterradiusandδ=0.1*λA.EffectofincreasingthevalueofλA,onthesamedataisdepictedinFigure
6.λAissetto1.75timestheaverageclusterradiusandδiskeptsameas0.1*λA.SincethevalueofλA
isincreased,thesmallernumberofconceptchangesaredetectedshowninFigure6.Also,thechange
inthedatadistributionhappenedfrom15thto17thMay,isdetectedonlyafteraconsiderabledelay.

Figure7showstheeffectofchangingthevalueofδwiththesamedata.Whenthevalueofδis
decreasedto0.01*λA,changeisalarmedinafasterway.Changeindistributionthatstartedduring
15thMayiscapturedalmostonthesameday.

Figure 4. (a) Rainfall during the period - August to November; (b) Number of clusters computed for the period - August to November



International Journal of Agricultural and Environmental Information Systems
Volume 11 • Issue 1 • January-March 2020

78

Cluster Evolution Analysis
Theresultofclusterevolutionanalysisisplottedasapercentageofclustersinthecurrentclustering
thathaveundergoneabsorption,survivalandsplit.Comparisonbetweentheclusteringisperformed
wheneveranewclusteringisformedafterdetectionofconceptdrift.FromFigure8,itcanbeobserved
thatfrom29thAprilto14thMay,thecompletesetofclusterssurvived,weatherconditionsarealso
stableduringthistime.Therearesomenotablechangeshappeningduring14thMay.Clustersare
gettingabsorbedandsplitupfrom14thMayto25thMay.Thistimeperiodcorrespondstothestartof

Figure 6. Concept drift points when λA = 1.75 times the average cluster radius and δ = 0.1*λA

Figure 5. (a) Thunderstorm occurrence; (b) Number of clusters computed during the concept drifts
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pre-monsoonshowerasevidentfromFigure3(a)and3(b).Therefore,itcanbeconcludedthatthe
clustertransitionspatternalsogivesahintonchangingweatherconditions.

Comparison With Some Existing Methods
Changepointdetectionisanimportanttopicintimeseriesanalysisandprediction.Changepoint
ina timeseries refers to the timepointatwhich thedistributionof the serieschangesabruptly,
necessitatinganupdatetothepredictionmodel(Aminikhanghahi,2017).Climatedataisidentified
tobeoneoftheimportantfieldswherechangepointdetectionhasgoodscope(Ducré-Robitaille,
2003;Itoh,2010;Science,2006).

The data used in this study can be considered as a time series and hence the change point
detectiontechniquescanbeappliedtoit.Asfarasunsupervisedlearningisconcerned,thechange
pointdetectionoftimeseriesanalysisandtheconceptdriftdetectionofdatastreammining,both
focusesonidentifyingchangesinthedatadistribution.Buttherearesomeadvantageswhendata
isconsideredasastreamandconceptdriftdetectionalgorithmsareused.Theseadvantagescanbe
listedbasedonthechallengestobeaddressedbythechangepointdetectionalgorithmsasdiscussed
in(Aminikhanghahi,S,2017):

Figure 7. Concept drift points and the corresponding number of clusters estimated when λA = 1.5 times the average cluster radius 
and δ = 0.01*λA. Since the value of δ is reduced, it reports concept changes impatiently.

Figure 8. Cluster evolution analysis: Percentage of clusters that have been absorbed, survived and split at consecutive concept 
change points. This plot corresponds to the concept change points shown in Figure 7, i.e., when λA = 1.5 times the average 
cluster radius and δ = 0.01*λA.
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• Online change detection:Theproposedframeworkensuresonlinechangedetectionofthedata
stream.Itcanbeclassifiedasε-real-timealgorithmasitrequiresminimumεnumberofsamples
toidentifyachange.Also,theproposedmethodsupportsmultiplechangepointdetection;

• Non-parametric:Theproposedmethodisnon-parametricinnatureasitrequiresnoassumptions
aboutthedistributionofthedata;

• Support to multi-dimensionality:Theproposedframeworksupportsmultidimensionaldata.

Theproposed frameworkdoesnot require thehistoricaldata tobe stored inmainmemory;
instead,itjustkeepssnapshotsofdatainsecondarymemory,asitisdiscussedinCluStreamalgorithm
(Aggarwaletal.2003).Thisreducesthememory-relatedproblemsconsiderablyandmakesthechange
detectionprocessfaster.

ThemajorlimitationoftheproposedmethodisthatchangedetectionissensitivetotheinitialPHT
parametersprovidedtothealgorithm.Butmostofthetime-serieschangepointdetectionalgorithms
alsotakeexternalparameterswhichdecidethequalityofthechangedetection–likethemaximum
numberofchangepoints,significancelevel,minimumwindowsizeetc.

Tocomparetheresults,theweatherdatastreamisappliedtodifferenttimeserieschangepoint
detectionalgorithms.Sincethedataismulti-dimensional,methodssupportingmulti-dimensional
dataarechosenfor thecomparison.Changepointdetectionalgorithmswhichhandle truemulti-
dimensionaldataarenotplentyinnumberasmostofthemsplitthemultivariatedatatoindependent
single-dimensionalseriesanddetectthechangesinmarginaldistributions.Rpackagenamedecpis
providingalgorithmsformultiplechange-pointdetectiononmultivariatedata(James,N.A,2015).
Energystatisticisusedasthedivergencemeasuretofindthedifferencebetweendistributions.

Theweatherdatastreamsusedinthisworkaretoolongtobeapplieddirectlytothesechange
pointdetectionalgorithms.Asmentionedin(James,N.A,2015),algorithmsinecppackagearenot
recommendedfortimeseriescontainingmorethanseveralthousandsofobservations.Henceapart
ofeachtimeseries–with10,000observations-thatcorrespondstosomeimportantweatherevents
ischosenforcomparison.Algorithmse.divisiveande.cp3o_deltaofecppackageareappliedonthe
threeweatherdatastreamscorrespondingtomonsoononset,withdrawalandthunderstorm.Fromthe
monsoononsetdatastream,samplesfrom50,000to60,000arechosenasthispartincludestheweek
ofpre-monsoonshower.Similarly,frommonsoonwithdrawalseries,samplesfrom35000to45000
aretakenbecausethispartincludesaheavyrainfallevent.Fromthethunderstormseries,samples
from70000to80000arechosenasitincludestwothunderstormobservations.Resultsquotedin
Table1.correspondstothee.divisivealgorithmperformedwithsignificancelevel=0.1,R=100
andminimumwindowsize=2000ande.cp3o_deltaalgorithmwithK=2,alpha=1anddelta=999.

Bothe.divisiveande.cp3o_deltaalgorithmsidentifydistributionchangeshappeninginthetime
series.Relatedtotheimportantphysicalevents,thedatadistributionsoftheseriesarechangingand
thesealgorithmshavecapturedsuchchanges.Forexample,intheonsetseries,boththealgorithms
havedetectedchangepointaround55000whichcorrespondstothestartofthepre-monsoonshower.

Table 1. Change points identified by e.divisive and e.cp3o_delta algorithms

Data Stream
Change Points

e.divisive e.cp3o_delta

Monsoononset(Samplesfrom50000
to60000) 54927,58344 54935

Monsoonwithdrawal(Samplesfrom
35000to45000) 37001,39664,41736 41136

Thunderstorm(Samplesfrom70000to
80000) 72322,74348,77243 73796
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Similarly,inwithdrawalseries,thechangepointaround39000correspondstothesuddenpeakin
raining.Inthunderstormseries,twothunderstormobservationsarearound72000and78000.

Theneedforchangepointdetectionalgorithmsintimeseriesanalysisismainlyforcorrectingthe
predictionmodelswhenthedistributionchanges.Relationshipbetweentheidentifiedchangepoints
andthephysicaleventsisrarelyconsideredasaconcernofthesealgorithms.Inadditiontoconcept
changedetection,theproposedmethodisinterestedinexploringthesekindsofrelationshipsaswell.

DISCUSSIoN AND FUTURE WoRK

Literature includes many examples where weather/climate data is considered as time series and
changepointdetectionmethodsareusedtoidentifythenon-homogeneityorstepsintheseries(Ducré-
Robitaille,2003;Itoh,2010;Science,2006).Thisworkdiscussesanonline,unsupervisedconcept
driftdetectionmethodanditsapplicationonthehigh-dimensionalweatherdatastream.Page-Hinkley
testisthebackboneoftheconceptdriftdetectionproposedinthisframework.Thissectionincludes
somethoughtsonimprovingthechangedetectionprocess:

• ThemainlimitationassociatedwithPage-Hinkleytestisthatitrequiresthreeexternalparameters
tobeprovidedbytheuserdependingonthedomainandthepeculiaritiesoftheapplication.Often
thisleadstoavariationinthequalityofthetest.Eventhoughthecalculationoftheseparameters
ismadepartiallyautomatic,theotherpartisstillfixedandprovidedbytheuser.Thechange
detectionimprovesifthiscalculationcanbefullyautomaticallydonefromthecharacteristics
ofthedata.(Sebastião,R,2017)discussesanapproachtowardsthisgoal;

• Sizeofthewarningperiod–theperiodbetweenthewarningsignalandthealarmsignal-is
another importantconcern.Aminimumsizecriterionhelps toensure that thenewmodel is
builtfromsufficientsamples.Similarly,puttingaconstraintonthemaximumsizeavoidsthe
possibilityofwarningperiodgrowingtoolong.Decidingoptimumlimitstothebuffersizewill
improvethechangedetectionandmodelgeneration;

• Thereshouldbeamethodtoquantifythedriftsandcategorizethemlikenormalorrare.Currently,
allchangesabovethealarmthresholdaretreatedassame.Butquantifyingthechangeswillhelp
toidentifyabnormalsituationsandtaketimelyactions;

• Capabilitytoidentifythedimensionordimensionswhichcontributedmoretothechangewill
necessarilybeanimprovementtothechangedetectionprocess.Thismightgivesomeinsights
intotheprocessgeneratingthestreamorthereasonforthechange.

Alltheabove-mentionedpointsleadtotherequirementofmoreresearchinthisfield.Inaddition
tothis,scalabilityisanimportantissuetobeconsidered.Anidealdatastreamprocessingalgorithm
considersthestreamtobeinfiniteandhencethelengthofthestreamshouldnotbeanissue.Butan
increaseinthedimensionalityofthestreammightslowdowntheresponse.

CoNCLUSIoN

Thispaperproposesastreamclusteringframeworkwhichincludesexplicitconceptdriftdetection
andclusterevolutionanalysis.Thenumberofclusterstobeformedisdetermineddynamically.This
frameworkhelpstoderivetherelationshipbetweentheclusteringstructurechangesandthephysical
eventsand thusprovide informationfor thepredictionofsuchevents.Weatherdata ischosen to
conducttheexperimentsandchecktheapplicationofthisframework.Eventhoughthestreammining
researchisadvancedtoagreatextent,itsapplicationinweatherpredictiontasksisnotmuchstudied
yet.Fromtheexperimentresults,itcouldbeconcludedthattheframeworkiscapableofidentifying
importantclusteringstructurechangesandthesechangeswarnsignificantphysicalevents.Different
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parametersoftheframeworkcanbetunedtoidentifychangesofdifferentsignificance.Currently,
theframeworkislimitedtojustgivingahintonthephysicalevent;accuratepredictionisnothandled
assuch.Dependingontheapplicationfield,thesuitablepredictionmodulecanbeincorporated.
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