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ABSTRACT

Airpollutionisincreasingdaybyday,decreasingtheworldeconomy,degradingthequalityoflife,
andresultinginamajorproductivityloss.Atpresent,thisisoneofthemostcriticalproblems.Ithas
asignificantimpactonhumanhealthandecosystem.Reliableairqualitypredictioncanreducethe
impactithasonthenearbypopulationandecosystem;hence,improvingairqualitypredictionisthe
primeobjectiveforthesociety.Theairqualitydatacollectedfromsensorsusuallycontainsdeviant
valuescalledoutlierswhichhaveasignificantdetrimentaleffectonthequalityofpredictionandneed
tobedetectedandeliminatedpriortodecisionmaking.Theeffectivenessoftheoutlierdetection
methodandtheclusteringmethodsinturndependsontheeffectiveandefficientchoiceofparameters
like initialcentroidsandnumberofclusters,etc.Theauthorshaveexploredthehybridapproach
combiningk-meansclusteringoptimizedwithparticleswarmoptimization(PSO)tooptimizethe
clusterformation,therebyimprovingtheefficiencyofthepredictionoftheenvironmentalpollution.
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1. INTROdUCTION

Withtheevolutionoftheeconomyandsocietyeverywhereontheplanet,theworldisexperiencing
increasedconcentrationsofairpollutants.Airqualityhasadirectbearingonhowpeopleliveand
breathe.Currently, theenvironmentaldownside is themostsevereproblemthat featuresamajor
influenceonhumanhealthandecosystem.Airpollutionisincreasingdaybyday,adverselyaffecting
theworldeconomy,degradingthequalityoflifeandresultinginamajorproductivityloss.Atpresent,
thisisoneofthemostcriticalproblem.Ithasasignificantimpactonhumanhealthandecosystem.
Recentlytherehavebeenscenarioswheretheairpollutionhassurgedtosignificantlevelsandhada
severedetrimentaleffectonhumanhealth.TheAmazonforestfires,severeairqualitydegradation
inDelhi,IndiaandthefiresintheAustralianforestsaresomeofthebiggestairpollutionhazards
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in recent times.Variouseffortsareplacedbygovernment towards themanagementofpollution,
andmuchsuccesshasbeenobtainedwithinthesame(Gulia,ShivaNagendra,Khare,&Khanna,
2015).Humanhealthproblemisoneofthenecessaryconsequencesofairpollution,particularly
inurbanareas.Theglobalwarmingfromphylogenygreenhousegasemissionsmaybealongrun
consequenceofair.Correctairqualitypredictioncancutbacktheeffectofapollutionpeakonthe
encirclingpopulationandecosystem,hencerisingairqualitypredictionisaveryimportantgoal
forsociety(Bellinger,MohomedJabbar,Zaïane,&Osornio-Vargas,2017).Mostrecentairquality
predictionuseseffortlessmethodsvizboxmodels,Gaussianmodelsandlinearstatisticalmodels.All
oftheabovemodelsarequitesimpletoimplementandenableforthequickcalculationofpredictions
(Moltchanov et al., 2015). Nevertheless, they normally don’t describe interactivity &non-linear
relationshipsthatcommandthetransferandnatureofadulterantsinair.Withtheseprovocations,
machinelearningapproacheslikeoutlierdetectionhavebecomefavouredinairqualityprediction
andotherenvironmentalrelatedareas(D.Zhu,Cai,Yang,&Zhou,2018).

Therehavebeenproposedanumberofwaystoanalysesuchtimeseriesdatainordertodevelop
predictionmodels.Anymodelthatcanbedevelopedforthepurposeofairqualityorairpollution
componentpredictioncanhaveasignificantimpactonthereal-worldapplications.Onemajoraspect
toairpollutionpredictionisthattheresultsvarysignificantlybasedonthegeographicallocation,
season,andotherfactors.Forexample,ifairpollutioninDelhi,Indiaiscomparedindifferentseasons,
themajorpollutantswillbedifferent.inthestubbleburningseason,themainculpritwouldbeCarbon
DioxideorCarbonMonoxidewhereasintheotherseasons,vehicularemissionswouldbethemain
culprits.Dataminingapproacheshelpustoanalysetheairqualitydataavailableinordertopredict
thevariousdeterminersofairpollution.Therearemanydataminingmethodsthatcanbeusedto
developmodelsforthepurpose.Themostusedapproachinsuchapplicationareasthathasshowna
significantperformanceintemporaldataisClustering.Clusteringisthedataanalysisprocedurethat
isusedtoinspectandinterpretthevastcollectionofdata.Anothermajorsetbackfacedbythedata
miningmethodsbeingemployedforthepurposeisthattheairqualitydatacollectedfromsensors
usuallycontainsdeviantvaluescalledoutliers.Outliersarethedatavaluesthatdonotconformto
thegeneraltrendofthetimeseries.Theseoutliershaveasignificantdetrimentaleffectonthequality
ofpredictionandneedtobedetectedandeliminatedpriortodecisionmaking.Outlierdetectionhas
beenusedforagestofindand,wherepossible,eliminateambiguousdatapoints.Outliersemerge
becauseofmechanicaldefects,changesinsystembehaviour,fraudulentnature,humanmistakes,or
instrumentalmistakes(AgarwalC.C..,2017).Identifyingoutlierscandetermineglitchesbeforethey
willintensifywiththeprobabledisastrousresultsandresultsinfindingouttheerrorsandreduce
theircontaminatingimpactonthecompletesetofdata.Thisdataisthenassuchpurifiedforfurther
processing.Outlierdetectionhasfoundapplicabilityinawidevarietyofareaslikefrauds-detection,
intrusions-detectionforcyber-security,insuranceetc.(Chandola,Banerjee,&Kumar,2009).The
performanceoftheoutlierdetectionmethodologyandsubsequentlytheefficiencyoftheairquality
predictionusingtheoutlierdetectionasacomponentdependstoalargeextentontheunderlying
dataminingalgorithm(Nazari&Kang,2018).Severalattemptshavebeenmade to improve the
performanceofthedataminingalgorithmswithvaryinglevelsofsuccess.Oneofthemostcommonly
usedtechniquetoimprovethedataminingalgorithmistousenatureinspiredmeta-heuristicslike
ParticleSwarmOptimization,AntcolonyOptimizationetctooptimizetheunderlyingdatamining
algorithm (Kant & Mahajan, 2019). This study proposes to use particle swarm optimization to
improvetheperformanceofthek-meansclusteringalgorithminordertoincreasetheefficiencyof
theairqualityprediction.

Theremainingpartofthepaperisorganisedas:Section2givesabriefoverviewaswellasthe
recentdevelopmentsofthetechniquesusedintheproposedmethodology,viz.,ClusteringandParticle
SwarmOptimization;section3outlinestheexperimentalsetupusedandtheresultsobtained;section4
discussestheconclusionsdrawnfromtheexperimentalresultsandthefuturescopeandworkrequired.
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2. BACKGROUNd ANd RELATEd wORK

2.1 Clustering
Clustering is one of the significant data analysis procedure which is utilized to investigate and
comprehendthehugecollectionofdata.Clusteringhasdemonstrateditsprobabilityindifferentfields
likebioinformatics,patternacknowledgement,pictureprocessing,medicalminingandsomemore.
Thepurposeoftheclusteringistoorganizeobjectsintoclustersdependentontheestimationsof
theirqualities(Oktar&Turkan,2018).Recently,numerousanalystshaveanoteworthyenthusiasm
indevelopingclusteringalgorithms.Clusteringhasacleardisadvantageinthatitdoesnothaveearly
informationknowledgeaboutthegivendataset.Also,thedecisionofinputparameterssuchasthe
numberofclusters,numberofclosestneighbours,haltingcriteriaandotherfactorsinthesealgorithms
maketheclusteringincreasinglychallengeable(Berkhin,2006).Thesealgorithmsalsoexperience
theilleffectsofunsuitableprecisionwhenthedatasetcontainsclusterswithvariouscomplexshapes,
densities,andanomalies.Furthermore,nature-basedalgorithmshavealsobeendevelopedtofindthe
exactsolutionofclusteringproblems.Thesealgorithmsprovidebetterqualityresultsincomparison
totraditionalalgorithms(Pacheco,Gonçalves,Ströele,&Soares,2018).

2.1.1 K-Means Clustering
K-means Algorithm is one of the broadly utilized unsupervised clustering techniques. This
methodology utilizes the distance measures to discover clusters in a given dataset as shown in
Figure1.Itstartswiththeidentificationofrandomcentroidsforapredeterminedspecificnumber

Figure 1. K-means Clustering Algorithm
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ofclusters,andsubsequentlyrelegatesthevariousdatapointsintothemostsuitableclusterbased
ontheirdistancefromthechosenclustercentres(Kaur,2017).Thedistancemeasurescommonly
usedincludeEuclideandistance,Manhattandistanceandsoforth.Thedatapointswhichdoesnot
seemtobelongtoanyoftheclustersmayrepresenttheanomaliesforthatdataset(Sharma,Goel,&
Kaur,2013).Theprocessofre-evaluatingthedistancemeasuresandreassigningthedatapointsto
thevariouscentroidsiscarriedoutiteratively.

Itwasshownin(Aggarwal&Singh,2018)thatalthoughbeingeasytoimplementandhaving
fastcomputationspeed,thek-meansalgorithmhassomeshortcomings.Theefficiencyofthek-means
clusteringalgorithmdependstoaverylargeextentontheinitiallychosennumberofclustersand
centroids.Ifnotselectedproperly,itmaycausethek-meanstogetstuckupinthelocaloptimaand
defeatsthepurposeofthedecisionmakingalgorithmemployingk-meansasaclusteringtool(Sieranoja
&Fränti,2018).So,ifacentroidisinitializedtobea“far-off”point,itmightjustendupwithno
pointsassociatedwithitandatthesametimemorethanoneclustersmightenduplinkedwitha
singlecentroid.Similarly,morethanonecentroidmightbeinitializedintothesameclusterresulting
inpoorclustering.Anumberofstudieshavebeenmadeonthecomparativeevaluationofthek-means
algorithmsoastofindtheimpactofthedeterminingfactorsonitsperformance(Steinley&Brusco,
2007). To overcome the dependability of K-means on the initial centroid choices, K-means++
algorithmwasproposed.Thisalgorithmensuresasmarterinitializationofthecentroidsandimproves
thequalityoftheclustering.Apartfrominitialization,therestofthealgorithmisthesameasthe
standardK-meansalgorithm.K-means++thusinvolvesasmarterinitializationofthecentroidsinthe
K-meansalgorithm(Jain,2010)(Arthur&Vassilvitskii,2007).Themodifiedalgorithmtriestopick
upcentroidswhicharefarawayfromoneanother.Thisincreasesthechancesofinitiallypickingup
centroidsthatlieindifferentclusters.Also,sincecentroidsarepickedupfromthedatapoints,each
centroidhassomedatapointsassociatedwithitattheend.

2.2 dimensionality Reduction – PCA
Datathatisusedformakingdecisionsbyusingdataminingoftenhasalargenumberofdimensions,
inextremecasesthenumberofdimensionsorattributesmayevenoutnumberthenumberofdata
instances.Reducingthedimensionalityofsuchdatabecomesanecessitybeforeitcanbesubjected
tofurtheranalysisusingdataminingmethods.Thisbecomesevenmoreimportantincaseswhere
thedimensionsaremeasuredusingdifferentscales.Thereareanumberofwaysthatareusedforthe
purposeofdimensionalityreduction,acommonlyusedonebeingPrincipalComponentAnalysis
(PCA)(Abdi&Williams,2010)(Lever,Krzywinski,&Altman,2017).

Figure2showsthebasicPCAapproach.PCAisameasurablemethodologythatusesanorthogonal
transformationtochangeoveralotofperceptionsofpotentiallyrelatedfactorsintoasetofvaluesof
directlyuncorrelatedvariablescalledprincipalcomponents.Itisatechniqueofsummarizingdata.
Itisbasicallyusedtoreducethedimensionsofalargedataset.Itisalsousedtoensurewhetherthe
variablesarestaticallyindependentofeachother(Jacques&Preda,2014).

2.3 Particle Swarm Optimization
ParticleSwarmOptimizationisanalgorithmthattakesitsmotivationfromthenaturalbehaviour
ofswarmsofbirdsorfishes.PSOstartswithinitializingasimulatedswarmofbirdsinthegiven
solutionspace,whereeachindividualbird,representingtheindividualsolutions,iscalledaparticle
(Kennedy&Eberhart,1995).PSOthenusesastrategyemployingbothlocalandglobalsearchesto
findtheoptimizedsolutiontothegivenproblem.Themovementoftheparticlesinthesolutionspace
isspecifiedwiththehelpofachangeintheirpositionandvelocitywhichiscalculatediterativelyas
avectorsum(Bansal,2019).Thevectorsumforaparticle‘p’iscalculatedusingitscurrentposition,
inertialvaluekeepinginminditscurrentpositionandvelocity,theglobalbestpositionandvelocity
andthepersonalbestvalueofthepositionandvelocityoftheparticleitself.Thevaluethusobtained
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isevaluatedateachstepusingthecostfunctionchosen(Chopard&Tomassini,2018).Thevelocity
oftheparticleinthenthiterationiscalculatedas:
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p p
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• xdenotesthepositionoftheparticle;
• rand1andrand2aretworandomnumbersintherange[0,1];
• coeff1isthecognitivecoefficientandcoeff2isthesocialcoefficient;
• Localbestisthebestpositionoftheparticle;and
• globalbestisthebestpositionoftheswarm.

It has been observed that using the Particle Swarm Optimization algorithm, improves the
efficiencyof thedatamining algorithmand also enhances theoutlier detection and elimination
capabilities,therebymakingthedecisionmakingprocessmoreeffective.

3. EXPERIMENT ANALySIS ANd RESULTS

TheproposedmethodusestwovariantsoftheParticleSwarmOptimizersPSO1andPSO2tooptimize
theK-meansalgorithmbeingusedontheAirQualitydatasetforthepurposeofpredictingthegas
whichisthemajorcauseofairpollution.TheproposedmethodologyhasbeentestedusingtheUCI
airqualitydataset(DeVito,Piga,Martinotto,&DiFrancia,2009).

Figure 2. Principal Component Analysis (PCA)
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Theproposedmethodologyhasbeenimplementedintheformofanarchitectureasshownin
Figure3.

Theexperimentalsetupusedtotestthemethodologyincluded:

• Cognitivecoefficientvalueof0.5
• SocialCoefficientValueof0.3
• InitialWeightforparticlesas0.9
• Numberofclusters=3
• SilhouettebeingusedastheEffectivenessmeasure
• PCAasthedimensionalityreductionmethod
• Anumberofdistancemeasureswereusedasthecostfunctionswiththeintentionofusingthe

mosteffectiveofthemforthefinalevaluationofthemethod

TheresultsobtainedatthevariousstagesoftheproposedmethodaredescribedinTable1.
Firstacomparisonwasmadeamongthevariousdistancemeasuressoastoidentifythebestsuited

onefortheapplicationarea.Ithasbeenobservedthattheapplicationareaplaysanimportantrolein
theeffectivenessofthedistancefunctionandconverselytheproperchoiceofthedistancemeasure
playsanimportantroleintheeffectivenessandefficiencyoftheresultsobtained.

ItwasclearfromtheresultsthatfortheAirQualityandPollutantpredictiontask,theEuclidian
DistanceMeasurewashavingthebestperformance.

Next,PCAwasusedbasedonthecorrelationmatrixshowninFigure4inordertoreducethe
dimensionalcomplexityofthetask.

Inthenextstep,thesimpleK-meansclusteringalgorithmandtheK-means++algorithmwas
appliedonthedatasetwhosedimensionalityhadbeenreduced.Three(3)clustershavebeenused
intheproposedapproach.Thedatapointsthatdon’texistnearanyclustersaretheanomaliesinthe
dataset.Figure5andFigure6showtheclustersformedbyusingtheseapproaches.Theobvious
differencearisingwhenusingthetwoapproachesyieldtheresultsthathavebeentabulatednextad
helptoselectthebestapproachtouse.

TheperformanceofthetwoapproacheshasbeencomparedinTable2.

Figure 3. Architecture of the proposed model
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Table 1. Comparison of various distance measures

Distance Measure MSE Loss RMSE Loss

EuclidianDistance 293.9933911027594 0.17725580589292042

SpearmanDistance 426.7923290000836 0.2135698721887785

ManhattanDistance 300.5555022789991 0.1792231172418168

PearsonDistance 334.2810173952336 0.18901120153408418

ChebyshevDistance 454.2843047552455 0.22034111942243143

Figure 4. Dimensional matrix of the Air Quality dataset

Figure 5. Cluster formation using the simple K-means algorithm
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Itwasclearfromtheresults,especially,theSSEvaluesthattheK-means++algorithmwasbetter
performingfortheproposedproblemarea,soitwasusedforfurtherprocessing.

NextthetwoimplementationsofthePSOalgorithmswereusedtooptimizetheclusteringprocess.
Figure7andFigure8showstheclusterformationasobtainedafterapplicationofthetwoParticle
Swarmimplementations.Onceagaintherearemarkeddifferencesinthevisualizationsoftheclusters
onusingthetwoapproaches,differencesthataresupportedbytheresultsthathavebeentabulated.

Thetwoapproacheswerecomparedbasedonthefinalglobalbestscoreobtainedonusingthe
twoimplementations.TheresultsareshowninTable3.

Figure 6. Cluster formation using the K-means++ algorithm

Table 2. Comparative performance of the two K-means implementations

Parameter Simple K-Means K-means++

Silhouette 0.8158111150597671 0.8158111150597671

SSE 369.409262582403 295.40050339463886

Quantization 9.710605103745937 9.223337549823496

Figure 7. Cluster formation using the Hybrid K-Means++ PSO1 implementation
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Fromtheaboveresults,itcanbeconcludedthatPSO1wasperformingbetterthanPSO2asis
indicatedbythefactthatthevalueofgbestscoreofPSO1lessascomparedtothatofPSO2.

Theoutliervalueswereidentifiedandeliminatedfromthedifferentcomponentsoftheairquality
dataseriesinordertohaveabetterpredictionandtoincreasetheeffectivenessandefficiencyof
decisionmaking.Nexttheconcentrationlevelsofthevariousgasesasobtainedaftertheprocessing
wascheckedinordertofindthecomponentresponsibleforthemaximumpollution.Theresultswere
tabulatedasachartasshowninFigure9.

Thegraphshowstheconcentrationlevelofthevariousgasespresentintheair.So,fromthis
graphitcanbeconcludedthatthegasPT08_S5_O3isthemajorcauseofairpollutionasitispresent
in theatmosphere in thehighest concentration thusdepleting thequalityof theair.The relative
performancesofthevariousmethodshavebeenpresentedinTable4.

Theseresultsprovideacomparativeanalysisoftheapproachesusedintheproposedmethodology.
Theresultshelptocomparethevariousapproachesandtoselecttheoptimalapproachtowardsthe
problemdomain.

4. CONCLUSION ANd FUTURE wORK

The proposed methodology was intended to find out the component which is most responsible
fortheairpollution.Theeffortwastomakethisdecisioninamoreeffectivemannertomakethe
decisionmakingmoreefficient.TheuseofParticleSwarmOptimizationtooptimizetheclustering
process,makesitpossibletoanalysetheresultsinafocussedmannerandhelpsinthisregard.Two
implementationsoftheK-meansclusteringalgorithmswerecomparedandtheK-means++algorithm

Figure 8. Cluster formation using the Hybrid K-Means++ PSO2 implementation

Table 3. Comparative performance of the two PSO implementations

Parameter PSO1 PSO2

Initialglobalbestscore 9.71060510374594 9.223337549823492

Finishwithgbestscore 9.660661668493398579 9.223314483500631766

Silhouette 0.8162848761193342 0.816868941175955

SSE 369.71096041257806 295.40050339463835

Quantization 9.660661668493399 9.22333754982349
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wasfoundtobemoreefficientforthepredictionpurpose.Thechoiceofthedistancemeasuretobe
usedfortheclusteringwasalsobasedonanempiricalcomparisonandheretheEuclidiandistance
measurewasfoundtobethebetterperformer.TheRMSEvalueswerechosenasanindicatorofthe
performanceoftheclusteringapproachandwereusedtocomparethedifferentapproaches.Further
two implementationsof theParticleSwarmOptimizationalgorithm,viz. thecanonicalPSOand
theHybridPSOwereusedtooptimizetheK-means++algorithmbeingusedforclustering.The
performancesoftheswarmimplementationswerecomparedbasedontheglobalbestscoresand
HybridPSOwasfoundtobebettersuitedforthetask.Theoutliersthusidentifiedwereeliminated
andthentheclustersthusobtainedwereusedtopredictthegascomponentwhichwascontributing
themosttowardstheairpollution.Theremovalofoutliersfromthedatasetbeforeadecisioncould
bemaderesultsinabetterandefficientpredictionmodel.Thiswillhelptheauthoritiesfocustheir
effortsinamuchbettermannertocombatthemenaceofairpollutionmoreeffectively.

TheapproachhasbeentestedontheUCIAirqualitydatasetandneedstobetestedonmoresuch
datasets.Theresultsthatareexpectedfromapplyingtheproposedmethodologytootherdatasetsmay
varybecauseindifferentregions,climates,timeperiodstheremaybedifferentprimarycomponents
oftheairpollution.Moreover,theapproachcanbeextrapolatedtoothercategoriesoftasksaswell,
whereverdecisionmakingbasedonclusteringisrequired.

Figure 9. Concentrations of the various gases in air as obtained after outlier removal

Table 4. Comparison of performances

Parameter K-Means++ PSO Hybrid PSO

SSE_Mean 22.732944 366.77343 317.70808

SSE_stdev 2.866618 90.04187 33.963804

Silhouette_mean 0.478871 0.808124 0.816796

Silhouette_stdev 0.018372 0.016836 0.000337

Quantization_mean 0.715906 9.799435 9.350725

Quantization_stdev 0.005868 0.656476 0.200679
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