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ABSTRACT

IndevelopingcountrieslikeIndia,crimeplaysadetrimentalroleineconomicgrowthandprosperity.
Withtheincreaseindelinquencies,lawenforcementneedstodeploylimitedresourcesoptimallyto
protectcitizens.Dataminingandpredictiveanalyticsprovidethebestoptionsforthesame.Thispaper
examinesthenewsfeeddatacollectedfromvarioussourcesregardingcrimeinIndiaandBangalore
city.Thecrimesarethenclassifiedonthegeographicdensityandthecrimepatternssuchastimeof
daytoidentifyandvisualizethedistributionofnationalandregionalcrimesuchastheft,murder,
alcoholism,assault,etc.Intotal,68typesofcrime-relateddictionarykeywordsareclassifiedinto
sixclassesbasedonthenewsfeeddatacollectedforoneyear.Kerneldensityestimationmethodis
usedtoidentifythehotspotsofcrime.WiththehelpoftheARIMAmodel,timeseriespredictionis
performedonthedata.Thediversityofcrimepatternsisvisualizedinacustomizablewaywiththe
helpofadataminingplatform.
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1. INTRoDUCTIoN

Citiesareconsideredcomplexsystemsandallthecomponentsarenotworkingindependentlybut
interactingwitheachother.Forthedevelopmentofsustainablecities,urbanplannersandmanagers
need toamorecomprehensiveandup-to-dateunderstandofdifferentaspectsofcities.With the
increaseinmigrationtocities,crimeratesinIndiahavebeensteadilyincreasing.However,therehas
beenverylittleresearchdoneonthecrimepatternsinIndiaandcitiessuchasBangalore.Whilecrime
dataisavailablefromtheNationalcrimedatabase,itisoftenoutdatedanddoesnothavethecurrent
informationattherateinwhichthecrimehappenseachday,asperthestudy(Chainey&Radcliffe,
2018).Researcheffortsaredirectedtousesocialmediadatawhichcontainsreal-timeinformation
aboutcrimes.Correlationandclassificationofdatahelpinidentifyingthesimilaritiesanddifferences
betweendataobjects(Zhang&Wu,2011).
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Historicalcrimedatacanbeusedtoidentifyhighcrimeareasandplanresourcesoptimally.
Predictivepolicingusingdataenables lawenforcementauthorities to takeproactivedecisions to
improve response time tocrime incidents (Angers,Biswas&Maiti,2016).Knowledgeacquired
fromthedataminingtechniquescanbeusedtohelpingfindcriminalsfastertherebyreducingcrime
rate.Crimeprediction,asubtaskofcrimeanalysis,considersallthepastcrimerecords,classifiesthe
crimecategoriesandpredictsthefuturecrime.Crimepredictionusingpatternandassociationrule
miningdeterminesthechancesofperformingcrimebythesamecriminal.

Thispaper aims to solve thisproblembyusingnews feeddata as theprimary source.This
sourcegivesreal-timeinformationaboutthecrimeandtheplaceinwhichithashappened,enabling
criminologiststovisualizedatainrealtime.Inthefollowingsections,theresearchfindingsofcrime
ratesinIndiaandBangalorearepresented,andtheimplicationsofthesefindingsforfutureresearch
directions are discussed. The steps followed in this approach are data collection, classification,
visualizationandpatternprediction.

Thispaperoutlinesthedevelopmentofacrimeanalyticssystemthatanalysesthenewsfeed
dataandperformsinteractivedatavisualizationsforgeneratinginsights.Theremainderofthiswork
consistsofSection2.Literaturereview,Section3.Methodologyused,Section4.Systemarchitecture,
Section5.Resultsobtained.Thelastsection6concludesourworkandsuggestsfutureresearchscope.

2. LITERATURE REVIEw

Criminologyhas tworesearchareas–one that seeks tounderstand thedevelopmentofcriminal
offendersandtheotherthataimstounderstandtheevolutionofcrimeevents(Fayyad,2012).Rational
choicetheoryofcriminologyexplainsthatperpetratorsselecttargetsandidentifythemeanstoachieve
theirgoalsbasedonrationaldecisions.Routineactivitytheoryexplainsthattheoffendermustbe
presentalongwithothercrimefavorablecircumstancesatthesametimefortheoccurrenceofthe
crime.Crimepatterntheorycombinesrationalchoiceandroutineactivitytheoryandemphasizesthe
importanceofplaceincrimeevents(Green,2002).Significantlydensepopulationgrowthincreases
opportunities for crime.The complexities of large-scale, urban, residential development and the
challenges of embedding crime prevention during this period of rapid and sustained population
growtharestudiedinAustralia(Clancey,Kent,Lyons&Westcott,2017).

Traditionalurbancrimeresearchfocusedonleveragingdemographicdata,whichisinsufficient
tocapturethecomplexityanddynamicsofurbancrimes.Intheeraofbigdata,wehavewitnessed
advanced ways to collect and integrate fine-grained urban, mobile, and public service data that
containsvariouscrime-relatedsourcesaswellasrichenvironmentalandsocialinformation(Zhao
&Tang,2018).Withtherecentadvancementsinenvironmentalcriminology,spatialandtemporal
informationhas found its importance in criminology research.Theecological approachusedby
criminologistsmaintainstheeffectsofplaceinthecrimepatternsinaneighborhoodcommunity
(Jiang,Yang&Li,2018).Thecrimeeventgivesalotmoreinformationaboutthecriminalthanthe
criminogeniccausessuchassocial,developmentalorbiologicalcharacteristicsofthecriminal.There
arethreetypesofcrimeanalysis-micro,meso,andmacro.Microanalysislooksatcrimeinspecific
locations.Mesoanalysisanalysescrimebehaviorattheneighborhoodlevel(Eck&Weisburd,2018).
Themacroanalysiscomparescrimeratesbetweendifferentcountriesorbetweendifferentregions.

According toEckandWeisburd, the rise in information technologyenables rapid recording
andprocessingofcrimeincidentinformationandthegeographiclocationtheyoccur.Thisdatacan
helpgenerateinsightsforabetterunderstandingofcriminalbehavior.Spatialandtemporalanalysis
methodsusemodelingandmappingtohelplawenforcementagenciestodeterminethedistributionof
crimeandthelikelihoodoftheiroccurrence.Thismethodologyisincreasinglybecomingimportant
forstudyingcrimetrendsandactivities.Thereareconvincingdatamanagementandvisualization
toolboxesforanalyzingcrimewithinatheoreticalframework.Crimessuchasgangviolencehappen
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concentratedintimeandspace.Spatiotemporalhotspotisdefinedasageographiclocationcoupled
withatimeperiodwheregreaterthannormalamountofcrimesoccurs.Itaimstoincorporatetemporal
patternsonspatialhotspotforcrimeanalysis.

AspertheresearchfromYeranSunandYunyanDu,bigdatacanhelpindisastermanagement
andemergencyplanninginurbancities.Newtechnologiesenablefasterresponsetonaturalhazards.
Improvingurbanlivabilityisacrucialissueinurbanplanninganddevelopment.Asafundamental
partofdevelopmentofalivablecity,thesettlementisfacingnewchallengesinaccommodatinga
fast-growingurbanpopulation.Usingdiversespatialdata(censusdata,environmentaldata,survey
data, geosocial networking data), it is possible to assess the map settlement suitability in urban
cities. Specifically, they take account of a variety of environmental and socio-economic factors
andintegrateandmanagedatasetswithdifferentformsandscales.Specifically,theenvironmental
factorsselectedincludedistancefromthebuilt-uparea, topographic(slope),distancefromriver,
soil(bearingcapacity),distancefromroad,andlanduseactivities;whilethesocioeconomicfactors
selectedincludepopulationdensity,landvalue,proximitytothesecurityareaandsameethnicarea.

Crimeanalysiscanproviderelevantinformationregardingcrimepatternsandtrendstohelplaw
enforcementpersonneltoplantheeffectivedeploymentofhumanresourcestosuppresscriminal
activities.Thishelpsininforminglawenforcementdepartmentaboutrelevantinsightsaboutcrime
promptly.Thisalsoenablestheendusertomakeuseofdataavailableinpublicdomaintoknow
abouttheareasmorepronetocrime.Crimeanalyticshelpsinidentifyingthefuturepatternofcrime
withoutnecessarilyunderstandingtheunderlyingfactorscausingthecrimeinaparticularregion.
Acrimeanalyticssystemextractsinsightfromavailablecrimedataandpredictsfutureoccurrences
basedonspatialdistribution.Therearevariousframeworksexploredforunderstandingcrimetrends
includingthenewdistancemeasurethatprofilesindividualsandclassifiesthem.

TheexistingsystemsusedbyIndianpoliceincludeaquerybasedinteractivesystemandnew
e-governanceinitiativesforbetteranalysisofcrimetoassistpoliceincurbingcrimeincidents.The
datacollectedintheNationalCrimeRecordBureau(NCRB)areusedtoidentifythecrimehotspots,
andtheyareclassified,intogroups,usingvariousclassificationalgorithms.Thisinterfacehasbeen
usefulinidentifyingIndiancrimerecords.Similarkindsofanalyticssystemsareimplementedin
MalaysiasuchasVisualInteractiveMalaysiaCrimeNewsRetrievalSystem(i-JEN).Withthehelp
ofclassificationandclustering,crimedatasuchaslocationandtimeareusedtoidentifythetrends.
Effectiveandinteractivewaysofvisualizingcrimedatahelpincombatingcrimeatahigherlevel.
Theclusteringtechnologycanbeusedtodeterminetheaccountingfraudseasily.

Useofclusteringalgorithmandmissingvaluehelpsinpredictingcrimepatternsandimprovethe
processofsolvingthecrime.Citycrimedatacanbeusedtoidentifythedangerousareastoavoidfor
citizensandintimatethemaccordingly.Crimeanalyticstoolcancollectandeconomicallycleanthe
dataandanalyzeittodeterminetrendsandpatterns.Decisiontreealgorithmsandk-meansclustering
areusedtoidentifythecrimepatterns.Thishelpscriminologiststodiscovertrendsandpatterns,make
forecasts,findrelationshipsandmapcriminalnetworksthatarenormallyhiddenfromplainsight.
Dataanalyticshelpsinprogrammingyearsofhumanexperienceandinsightintocomputermodels
thatassistindesigningasimulationmodel.

3. METHoDoLoGy

Inthissection,wearegoingtoexplainhowwehavecollectedthedata,whichalgorithmswe
haveusedtoclassifythedataaswellasitsanalysis.Laterwewillbediscussingthecrime
density,howwehave foundout theexact crime location, the longitudeand the latitudeof
theprecisespotwherethecrimedensityishighest.Theexactspotisfoundbasedonthedata
collected for1year.Laterwewillbediscussinghowwehaveused theARIMAmodel for
crimeforecastingandprediction.
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3.1. Newsfeed Data Aggregation
RSSnewsfeeddataarerichinbothlocationandcontextforpredictionofcrimeincidents(Behrens&
Robert-Nicoud,2014).Thismethodhastwocomponents.Thefirstcomponenthasaspatiotemporal
modelthatusesfeature-basedextractionstopredictthefuturecrimeratesinaparticularlocation.
Thesecondcomponentinvolvestheextractionoftextualinformationthroughsemanticrolelabeling.
Theessentialfeaturesinthenewsfeedareextractedusinglinguisticanalysisandmathematicaltopic
analysis.Additionofnewsfeeddatatotraditionalcrimedatasourcesincreasesthecrimeprediction
accuracy.Thismethodcanbeextendedtoformadecisionsupportsystem.Asamplingapproachis
usedtohandlethemissingdataovertime.Somecrimetypesseemtohaveacloserelationshipwith
theinternetandsocialmediadata.

3.2. Classification of Text Based on Features
MachineLearningforLanguageToolkit(MALLET)isusedforextractingfeaturesfromtextand
classifythemintovariousclusters.Itisasophisticatednaturallanguageprocessingtoolfortopic
analysis,documentclassification,informationextraction,andmachinelearning.Itconsistsofmultiple
algorithmswhichremainusefulindoingtheclassification.

3.3. Spatio-Temporal Pattern Analysis
Thecrimepatternsinurbanareasarenotrandomlyorevenlydistributed.Thetypicalpatternisthat
thecrimeoccursratherdenseinsomeregionsofacityandsparseinotherareas(Bowers&Newton,
2018).Withthehelpofspatialpatternanalysis,itispossibletoidentifythehotspots,i.e.,thearea
inwhichthereisahighaggregationofcrime.Also,theenvironmentalcontextplaysavitalrolein
theoccurrenceofcrime.Thedefinitionsofspatialpatternanalysisareasfollows:crimehotspots
aredefinedasthegeographiclocationsinwhichcriminalactivitiesrepeatedlyoccur(Marzan&C.
Baculo,2018).Individualshaveahigherriskofvictimizationintheseareascomparedtootherplaces.
Coldspotsarelocationsinwhichthereisdecidedlylesscriminalactivity.Spatialclusteringisusedto
identifythehotspotpatternsincrime.Thespatialanalysiscorrelateswiththeenvironmentalcontexts.

3.4. Crime Density Detection
Crimehotspotdetectionisthespatialmappingtechniquethatidentifiestheconcentrationofvarious
crimesintheurbanarea(Berestycki,Wei&Winter,2014).Themostwidelyusedcrimehotspot
detection method is the Kernel Density Estimation method. KDE is a non-parametric method
of estimation in which the probability density of crimes is calculated. KDE uses grid cell size,
interpolationmethods,andbandwidthtoidentifytheprecisionofkerneldensity.Theinterpolation
process has varioususer-defined settings thus increasing thequality ofKDEhotspots (Wang&
Luo,2018).Thisanalyticaltechniqueisusedformultipletypesofcrimesuchasburglary,robbery,
andassault,etc.TheKDEhotspotwithlowresolutionisconvertedintoonewithcontourlines.The
hotspotisgeneratedwithsmoothboundaries;hencethegenerationspeedisincreased.Parameters
suchasbandwidthandgridcellsizearespecifiedforgeneratinghotspots.

3.4.1. Crime Density Identification Using KDE
KernelDensityEstimation(KDE)istheresearchmethodusedforestimatingthedata.Thereare
variousterminologiesusedinKDEasfollows.
3.4.1.1. Probability Density Function
Probability theorydealswithquantities thathavea randomdistribution.Theprobabilitydensity
function(PDF)isdefinedastheprobabilityofarandomvaluefittingintoarangeofvaluesinthe
function.Inthismethodology,theintegralofthevalue’sdensityisidentified.Theresultantvalue
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givestheprobabilityofthenewrandomvalue.Theprobabilityoftherandomnumberisgivenbythe
areacoveredbythedensityfunction:

P a X b d dx
a

b

( )� � � �� � �a b  (1)

Equation(1)showstherelationshipbetweencrimetypeX,crimedensityDandthebandwidth
ofthecrimefromatob:

• Bandwidth:BandwidthisasmoothingparameterthatdenotesthewidthofthesampleinKDE.
Itdeterminesthesearchradiusofthefunction.Thefunctioncanbeoverorundersmoothed.
Bandwidthcanbeestimatedonthebasisofthumbrules.Perfectcomputationalsolutionscannot
beapplied.

• Grid Size:ThegridcellsizedefinestheresolutionoftheKDEalgorithm.Largegridsizeslead
tothelow-qualityhotspotandlowvisualization.Therightgridsizeisidentifiedbythestandard
deviationoflatitudeandlongitude.Gridsizeisdenotedbyaandb.

3.4.1.2. Kernel Density Estimation
Kerneldensityestimationisusedtoidentifythecrimehotspotofacityeasily.Thereisaspatial
mappingofthevariouspartsofthecitysuchasK.RMarketinBengaluru.Thestrengthofthehotspot
ismeasuredbycountingtheeventsinaparticulararea.Theareaofthecircledividesthestaticslide
circleandthenumberofeventsinthearea.Theeventdensityd(S)isgivenby:

d s S C s r r( ) # , /= ∈ ( ) π 2  (2)

Equation(2),C(s,r)denotesthecenterofthecircle,#Sistheeventcountofcrimesandristhe
circleradius.KernelDensityEstimationisdefinedas:

1
1
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h
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=
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InEquation(3),xisthevariable,histhebandwidth,x-XiisthedistancebetweentheeventsXi
andtheestimatedpointx.k()depictsthekernelfunction,X1….Xngivesthenewsfeeddatathatis
randomlyselected.Basedonthespatialstudy,KDEisdefinedas:

i

n k s si
s

=
∑

−( )
= ( )

1

1
2τ
τ

λτ  (4)

InEquation(4),nisthesamplesize,s-Siisthedistancebetweenlocations,Siisthemeanvalue,
τλ(s)istheCrimedata,Kisthecoefficient.S1……..Snisthenewsfeeddatathatisrandomlyselected.
k()isthekernelfunction,S-SiisthedistancebetweentheestimatedpointsandtheeventXi.

TheformulashowsthatKDEisinfluencedbybandwidth.Whenτincreases,thepointdensity
changeissmooth.Whenτdecreases,thechangeisrough.Pointprocesssmoothintensityrepresents
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thekerneldensityestimation.Inthispaper,64typesofcrimearegroupedinto6classesandthe
crimedensityisidentifiedforeachoneofthem.Theeffectivenessofthemodelisthenevaluated
usingvariousparameters.

3.5. ARIMA Forecast Modelling
Timeseriesforecastingisamethodinwhichdataiscollectedregardingaparticularevent,anda
model isgenerated to represent theunderlying relationship (Chen&Yuan,2008).Themodel is
thenusedtoforecastthefuturevaluesoftheeventthroughtimeseriesextrapolation.Thismethodis
usefulinestimatingfuturebehaviorwhenthereisnoexistingcorrelationidentified.Autoregressive
integratedmovingaverage(ARIMA)modelisthemostwidelyusedtimeseriesmodels.InARIMA
model,thefuturevaluesarethelinearprojectionsofthepastvalue.Theapplicationofnonlinear
forecastingisminimal.

TheunderlyingprocessthatgeneratesthetimeseriesintheARIMAmodelisasfollows:

yt=φ0+φ1yt−1+φ2yt−2+···+φpyt−p+εt−φ1εt−1−φ2εt−2−···−φqεt−q (5)

InEquation(5)φi(i=1;2;:::;p)andφj(j=0;1;2;:::;q)arethemodelparameters.Ytandεtare
theactualvalueandrandomerrorataparticulartimet.Theordersofthemodelareexpressedaspand
q.ARIMAmodeldeterminestheappropriatemodelorderof(p,q).TheARIMAmodelisgivenby:

1 1
1 1

− ∝











= +

= =
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i

p

i

q

iLi Xt iLi t
'

( )θ ε  (6)

InEquation(6),Lshowsthelagoperator, θi istheparameterforthemovingaverage,∝ i is
theparameterfortheautoregressivemodel,εt istheerrorterm.Theseerrortermsaretheindependent,
identicallydistributedvariables.Itissampledfromanormaldistributionwithzeromean.

TheworkbyBoxandJenkinshasdevelopedapracticalmethodtoimplementARIMAmodels.
Thismethodworksinthreeiterativesteps.Itincludesmodelidentificationasthefirststep,parameter
estimationasthesecondstepanddiagnosticcheckingasthethirdstep.Modelidentificationensures
thatthetimeseriesgeneratedwillhaveautocorrelationalproperties.Thedataistransformedinto
themodel identificationstep tomake thestationary timeseries.Once theapproximatemodel is
developed,parameterestimationisdonetoreducetheoverallamountoferrors.Themodeladequacy
isthencheckedwiththehelpofdiagnosticchecking.Thisensuresthatthemodel’sfuturepredictions
fitwiththehistoricaldata.Thisthree-stepiterativeprocessisperformedmultipletimestoidentify
therightmodelfit.Thefinalselectedmodelcanthenbeusedforpredictionpurposes.

3.6. Types of Crime Mapped
Inthisresearchpaper,68typesofdifferentcrimesaregroupedinto6classeswhicharegivenbelow.
ThedataanalyticssystemcanviewforecastingdataforeachtypeofcrimeonbothNationallevel
andcitylevelnamelyBangalore(Table1).

4. SySTEM ARCHITECTURE

ThemethodologyusedistocollecttheRSSnewsfeeddatainadatabaseandcleanthemtoremove
duplicity.Thedata is thenclassifiedbasedonthetypeofcrimestringandlocation.Data that is
inconsistent,incompleteandlackingintrendsareturnedintoactionableinformation.Timeseries
forecastingisdonewiththehelpoftheARIMAmodel.
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4.1. Data Mining, Cleaning, and Exploratory Data Analytics
FirstlayerFigure1ofdataanalytics,theRSSfeedsareminedfromdifferentsources,andduplicate
feedsareremovedwiththehelpofhashcode.Thefeedsarethenstoredinadatabase.Analgorithm
isusedtoremovetheduplicates,andnewinformationismergedwiththeolddata.Usingascraping
algorithmtextualinformationrelatedtocrimetypeandlocationareextractedandstoredinadatabase.
AnXmlparserisusedtoretrievethecrimerelatedtextfromthenewsfeedsthatareinxmlformat.
ThepreprocessingofthenewsfeedsaredoneusingtoolssuchasPOS,Lemmatizing,Stopwords
andstemming.Thenoisydataisremovedandcleanedusingtoolslikeplyranddiplyr.Theoutput
dataisthenstoredinxmlformatinalocaldatabase.

4.2. Preprocessing and Classification
SecondlayerFigure2showsfromthenewsfeeddata,specificfeature-basedinformationsuchascity,
andstateinformationandthetypeofcrimeareextracted.Thedataispreprocessedbyidentifyingthe
locationstringinthenewsfeeds.Morespecifically,crimerelatedtextstringsareidentifiedinthenews
feeds.ThencrimedataassociatedwithBangaloreisidentifiedandseparatedfromtheoveralldata.All
theintermediateoutputisconvertedtoexcelformandstoredinadatabase.Digestpackagehasbeen

Table 1. Types of crimes

DrugRelated
Crimes

DrugTrafficking,Drugdealing,AlcoholDrinking,Alcoholdealing,Liquorlawviolationarson,
Alcohol,Drug,Narcotics,liquorlawviolationarson

ViolentCrimes

Assault,Rape,Murder,RobberywithFirearms,Terrorism,Kidnapping,SexualHarassment,
EmployeeAbuse,PresidentAbuse,IntentionalKillingPeoples,sexualassault,sexoffense,homicide,
gambling,gunshot,shootout,gangrape,harassment,murder,attempttomurder,kidnapping&
abduction,attack,dishonor,lashout,outrage,sexualabuse,snatch,puttingtodeath,beltdown,
obliterate,hitandrun

Commercial
Crimes

OfficialDocumentForgery,CurrencyForgery,OfficialSealForgery,OfficialStampForgery,
Bribery,counterfeiting,cheating

Property
Crimes

Arson,RobberywithoutFirearms,Motorvehicletheft,Theft,battery,burglary,robbery,Deceptive
practice,riots,criminalbreachoftrust,larceny,stealing,assaultandbattery,barrage,barragefire,
bombardment,electricbattery,shelling,stampbattery,looting,criminal,embezzlement,trespass,
incendiarism,shoplifting,vandalism

Traffic
Offences Speeding,SignalJump,RunningaRedLight,drunkdriving

OtherOffences

EmployingIllegalWorker,Prostitution,IllegalGambling,Begging,Adultery,Homosexuality,
weaponsviolation,offenseinvolvingchildren,publicpeaceviolation,stalking,cheating,hurt,
counterfeiting,dowrydeaths,outragehermodesty,causingdeathbynegligence,suicide,criminal
damage,weaponsviolation,harlotry,whoredom,homicide,espionage,pickpocketing,pilfering,
poaching.

Figure 1. Data preprocessing architecture
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usedforduplicatedetectionwiththehelpofhashcode.Thecollecteddataisperiodicallychecked
foradequacy.Aminimumof3000trialanderrorproceduresaredonetoreviewthedata.Ggmapis
usedforlocatinghotspotsinthedata.Thentheclassificationmodelispreparedforpreprocessingthe
data.Theextracteddataisthenstoredinbothcsvandxmlformatandsenttothedatabase.

4.3. Geospatial Analysis and Visualization
Figure3showsthedatapostprocessingandvisualizationmethodology.Toolslikeplyranddiplyrare
usedforcleaningtheprocesseddata.Thisisdonetoensurethatthecollecteddatadoesnothaveany
outliers.Thedataisanalyzedmultipletimesandthelatitudeandlongitudeareprocessed.Amodel
isbuilttoanalyzethecrime.Insomecases,thedataaremissing.Thesemissingvaluesareinserted
incaseoflocationnotavailable.Thefinalresultsareshowninahotspotvisualizationonthemap
ofIndiaandBangalore.Thedataanalyticssystemalsohastheoptionstoaddfilterstovisualizethe
crimehotspotsindifferentways.

4.4. Time Series Forecasting Using ARIMA Model
ThedataispopulatedonlineartimescaleandARIMAforecastingmodelisusedtoextrapolatethe
data.ARIMAmodelidentifiesthecorrelationbetweencrimedataoverlastoneyearandpredicts
thefuturevalueofthecrimedata.

Figure 2. Data classification architecture

Figure 3. Data post-processing and visualization architecture
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5. RESULT AND DISCUSSIoN

The results aredivided intoKDEanalysisof existingdataand time series forecastingusing the
ARIMAmodel.Thespatialanalysisof thecrimedata in IndiaandBangalorehaveshowngreat
varianceinthetypeofcrimeandtheiroccurrenceratesbetweenregions.Thespatialpatternscanbe
explainedwiththehelpofsocialdisorganizationtheoryhavingfactorsofpopulationdensity,family
stability,ethnicheterogeneity,andresidentialinstability.Itisfoundthatareasofhighpopulation
densityaremostpronetohighcrimerates.AcitywithlargepopulationssuchasDelhi,Bangalore,
andHyderabadareexpectedtohavehighcrimerates.Regionswithahighprevalenceofdrugand
alcoholactivityarestrongindicatorsforcrimeratesinareas.Areaswiththeftandassaultarehighly
correlatedwitheachother.

5.1. Geospatial Analysis of Crime – India
Figure4givestheoverallpictureofthecrimeratesinIndia.Thisanalysisshowsthevarioustypesof
crimethatoccurintheBangalorecity.Thedatacanbevisualizedinvariousformssuchashotspots
orpiechartsforin-depthanalysis.

Figure5givesthegeospatialanalysisofcrimeratesinBangalore.Itisfoundthatassaultand
trespassarethemostreportedcrimeinthecity.

KDEalgorithmshowsthedensityofallcrimeshappeninginIndiainFigure6.Itcanbefound
thatthecrimehotspotsareconcentratedaroundtheurbanareas.

Figure7to10identifiedthedensityofclassifiedcrimesusingKDEalgorithm.Itcanbefound
thatthecrimehotspotsareconcentratedaroundtheurbanareas.KDEalgorithmshowsthedensityof
individualcrimessuchasDrugrelated,Propertyrelated,ViolentCrimeshappeninginIndia.Based
onourexperimentviolentcrimesismorecomparedothertypeofcrimesinIndiancontext.

Figure 4. Geo-Spatial analysis of crime – India
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Figure 5. Geo-Spatial analysis of crime - Bangalore

Figure 6. Density of ALL crimes using KDE algorithm-India
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Figure 7. Density of individual crimes using KDE algorithm-India (violent crimes)

Figure 8. Density of individual crimes using KDE algorithm-India (commercial crimes)
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Figure 9. Density of individual crimes using KDE algorithm-India (property related crimes)

Figure 10. Density of individual crimes using KDE algorithm-India (drug related crimes)
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KDEalgorithmshowsthedensityofallcrimeshappeninginBangaloreinFigure11.Itcanbe
foundthatthecrimehotspotsareconcentratedaroundtheMajorplacesincitylikeCorporationcircle,
kempegowdamajestic,andwhitefieldetc.

Figure12and13ShowthedensityofPropertyrelatedandDrugrelatedcrimesusingKDE
algorithm. It can be found that the crime hotspots are concentrated around the Major areas as
Corporationcircle,kempegowdamajestic,Koramangala,Bellandur,Chikkaballapur,Whitefieldetc.

Figure14showstheTimeseriesgraphusingARIMAModel.Forexperimentalpurposehere
considered the 1-year newsfeeds data i.e. 2017 Jan to 2018 Jan. Black colored line in graph is
represented365daysofcrimefrequencyandbluecolorlinerepresented15daysforecastingidentified
usingexitingof1year.

Figure 11. Density of all crimes using KDE algorithm- Bangalore

Figure 12. Density of crimes using KDE algorithm – Bangalore (property related crimes)
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Table2dividedinto2partsfirstpartisRandomvalues(Highorlowcrimeratechangecompared
tootherdays)inthe365daysandsecondpartshowsthecrimerate365to400days’timeperiod.In
partoneFromSnumber1to14isthevaluesconsideredformthecrimeshappeningintheperiodof
Jan2017toJan2018.Sno15to18forecastingofcrimesidentifiedusingonARIMAModel.The
ARIMAmodelisappliedfor365daysofdataandidentifiednext15daysofcrimesintheIndian
context.Day108and134havingmorecrimeratebecauseofsomespecificeventsinthearea.Here
40isthehighestcrimeValueweconsideredforcrimerateforforecastingcrime.Tovalidatethe
forecastvaluesconsideredthereal-timedataofnewsfeedfrom366dayto400dayandcompared
withourForecastingvalues.Theforecastingvaluesismatchedwith75%Accuracywithrealtime
data.Onspecificdates.

Figure 13. Density of crimes using KDE algorithm – Bangalore (drug related crimes)

Figure 14. Forecasting using ARIMA Logarithmic scale model (time series analysis- 1 day period)-complete data-India- ALL crimes



International Journal of Digital Crime and Forensics
Volume 12 • Issue 4 • October-December 2020

15

Figure15showstheTimeseriesgraphusingARIMAModel.Forexperimentalpurposehere
considered the 1 year newsfeeds data i.e. 2017 Jan to 2018 Jan. Black colored line in graph is
represented530-6hourtimebagcrimefrequencyandbluecolorlinerepresented15-6hourtime
bagforecastingidentifiedusingexiting563-6hourtimebag.Theforecastingvaluesismatchedwith
78%Accuracywithrealtimedata.Onspecific6-hourtimebag.

Table3divided in to2parts firstpart shows theRandomvalues in the563 timeslots ina
periodofJan2017toJan2018.FromSnumber1to16isthevaluesconsideredformthecrimes
happeningintheperiodofJan2017toJan2018every6Hours’timebag.Sno17to20forecasting
ofcrimesidentifiedusingonARIMAModel.InPart2tovalidatetheforecastvaluesconsideredthe
realtimedataofnewsfeedfrom532to5806hours’timebagdataconsideredandcomparedwith
ourForecastingvalues.Theforecastingvaluesismatchedwith78%Accuracywithrealtimedata.
Onspecifictimeslots.

Table4ShowstheRandomvaluesinthe52timeslotsinaperiodofJan2017toJan2018.From
Snumber1to6isthevaluesconsideredformthecrimeshappeningintheperiodofJan2017toJan
2018every1weektimebag.Sno7to8forecastingofcrimesidentifiedusingonARIMAModel.
Similarly,wehad identified the6classes (Violentcrimes,Propertycrimes,Drug relatedcrimes
etc.)ofcrimestimeseriesanalysiswithsametimebagperiodbasedonouranalysisweidentified
ViolentcrimesismorepossiblecrimeinIndiancontextandCommercialCrimesmoreinBangalore
context(Figure16).

Table 2. Forecasting using ARIMA Logarithmic scale model (time series analysis- 1-day period)-complete data-India- 
ALL crimes

Day 1 to 365 Day 365 to 400

S.No Time Crime Frequency/
Forecast S.No Time Crime Frequency/Forecast

1. 18 14 1. 365 13

2. 33 17 2. 368 16

3. 41 16 3. 370 15

4. 51 23 4. 371 15

5. 59 54 5. 373 19

6. 108 60 6. 375 8

7. 134 70 7. 377 8

8. 114 29 8. 380 25

9. 190 25 9. 390 17

10. 205 20 10. 400 32

11. 229 9

12. 285 27

13. 316 26

14. 350 32

15. 368 8.30

16. 389 12.60

17. 373 10.20

18. 379 5.79
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Figure 15. Forecasting using ARIMA Logarithmic scale model (time series analysis- 6 Hours period)-complete data-India- ALL crimes

Table 3. Forecasting using ARIMA Logarithmic scale model (time series analysis-6 Hours period)-complete data-India- 
ALL crimes

1 to 532 (6 Hours’ Time Bag) 532 to 580 (6 Hours’ Time Bag)

S. NO Time Crime Frequency/ Forecast S. NO Time Crime Frequency

1. 20 5 1 532 14

2. 75 14 2 533 11

3. 96 36 3 534 12

4. 119 36 4 538 14

5. 132 31 5 540 15

6. 171 28 6 555 12

7. 199 28 7 560 15

8. 222 18 8 565 10

9. 234 49 9 568 11

10. 373 20 10 570 11

11. 383 17 11 580 12

12. 439 24

13. 453 27

14. 484 28

15. 518 32

16. 530 16

17. 533 11.638

18. 534 11.9

19. 538 14.11

20. 547 11.11
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6. CoNCLUSIoN

Thispaperhasutilized1-yearcrimedata(Jan2017toJan2018)thatarespecifictoIndianconditions.
TheresearchfindingsinthispaperhaveusedKerneldensityestimation(KDE)forcrimehotspot
identificationandARIMAmodeltopredictthefuturecrimebehavior.Thishelpsinidentifyingthe
probablefactorsresponsibleforcausingthecrime.Thepredictionrateaccuracyisabout75%.With
thehelpoftheseinsights,regionswithhighlevelsofcrimecanbeselectedforintenseobservation
asapreventativemethodforreducingcrimerates.68typesofcrimeareidentified,andthedatais
classifiedbasedonthem.Timeseriesanalysisenablespredictionofcrimeratesinthesamelocation
infuture.Alongwiththepresentscopeofourproject,whichispredictionofthecrimeproneareas,
wecanalsopredicttheestimatedtimeforthecrimetotakeplaceasafuturescope.Alongwiththis,

Figure 16. Forecasting using Arima Logarithmic scale model (time series analysis- 1 Week period)-complete data-India- ALL crimes

Table 4. Forecasting using ARIMA Logarithmic scale model (time series analysis 1 Week- period)-complete data-India- 
ALL crimes

S.No Time Crime Forecast

1. 12 3

2. 22 150

3. 25 180

4. 33 153

5. 39 46

6. 48 61

7. 51 36.60

8. 52 20.20
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onecantrytopredictthelocationofthecrime.Wewilltesttheaccuracyoffrequent-itemsetsand
predictionbasedondifferenttestsets.Sothesystemwillautomaticallylearnthechangingpatternsin
crimebyexaminingthecrimepatterns.Alsothecrimefactorschangeovertime.Byshiftingthrough
thecrimedatawehavetoidentifynewfactorsthatleadtocrime.Sinceweareconsideringonlysome
limitedfactorsfullaccuracycannotbeachieved.Forgettingbetterresultsinpredictionwehaveto
findmorecrimeattributes.
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