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ABSTRACT

Since,dataisgeneratedeveryminutebyeveryoneincludingconsumersand/orbusinessworldwide,
thereisanenormousworthforbigdataanalytics.Bigdataanalyticsisatechniqueforextracting
importantinformationfromlargeamountsofadata.Visualizationisthebestmediumtoanalyzeand
shareinformation.Visualimageshelptotransmitbiddatatothehumanbrainwithinafewseconds.
Visualinterpretationshelpinvisualizingdatafromdifferentangles.Visualizationhelpstooutline
problemsandunderstandcurrenttrends.Augmentedrealityenablestheusertoexperiencethereal
world,whichisdigitallyaugmentedinaway.Themainobjectiveofthisresearchworkistofindthe
solutiontovisualizetheanalyzeddataandshowittotheusersina3Dviewandtoimprovetheangle
ofvisualizationwiththehelpofaugmentedrealitytechniques.
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INTRoDUCTIoN

The primary focus is on big data visualizations displayed through augmented reality and the
importanceofbigdataanalyticsusing theTableaubusiness intelligence tool.Thevisualizations
obtainedwith thesame toolare showcased in section4.Datagenerationhasgainedmomentum
sincetheoutburstofsocialmediaplatforms.Therateofdatagenerationhasbecomemoresignificant
thandataprocessing.ThisshiftcausedtechnologysuchasbigdataAnalysistoimmergeinashort
period.Theapproachhelpedorganizationscategorizeandorganizedatasothattheresultsconcluded
improvedmarketanalysisandeconomicgrowth.Butsomecontradictingissueswereunabletosolve
justwiththeperspectiveofdistinguishingthedata.Thatiswhenthevisualizationcameintothe
picture.Thevisualizingtechniquesintroducedaperspectiveswitchthatmadeinformationmuchmore
comprehensive.Somehow,thevisualizationcouldnottapintothehyper-dimensionalviewofthedata.
Togetmoreknowledgefromthedatasets,manybigdatatoolsandtechnologiesareavailableinthe
marketforperformingcomputationsonmassivedata.Thetoolshelpthedataanalystsorscientists
clean,processandtransformthedata.Thebigguysinthemarket,suchasHadoop,NoSQLdatabases,
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MapReduce,YARN,andSpark,areavailabletoperformendtoendbigdataanalytics.Apartfrom
thetoolsandtechnologies,Tableauisabusinessintelligencetoolpopularlyknownforcomputing
dataanalytics,extensivedatahandlingandinterconnectivitywiththedatabasesfordataextraction.
Tableauisthebestforsharingdatainsights,self-servicevisualanalysisandembeddingdatainsights
intowebapplications. In thispaper, theuseofTableauforperformingbigdataanalyticson the
samplebigmartdatasetisdoneandinputofdataanalyticsisfedtotheARapplicationdesignedin
theUnityIDEengine.

Humanmindproceduresandrecallsdatabetterwhenseeninthegraphicalarrangementwhen
contrastedwithprintedgroups.Imagineddatahelpsspeedwithincreasingtheinvestigation.What’s
more,whileinvestigatingalotofinformation,thereisamassiveamountofdataproducedatbig
organizationsandrequiresaccurateanalysisvisualization(Wang,Letal,2015;M.A.Defeyteret
al,2009).someinnovativeapproachesareneededtovisualizebigdatadueto itscomplexity(E.
Olshannikova, 2015). Along with improvisations and additions in the various business-related
curriculums,theemploymentworldlooksintoeverycandidatewhopossessestherightapproachto
datavisualization.

LITeRATURe ReVIeW

Numerousanalystshavesmoothedoutthedefinitionsforbigdatatoportrayapartofbigdata.Various
studieshavesomeotherwayhintedthatdatavisualizationtechniquesplayavitalroleinbigdata
analysis.Theageofenormousmeasuresofunstructuredinformationexpandstheneedtogather,
store,sortout,andprocessitforremovingsignificantdata(I.D.Ltd,2018).Bigdatavisualization
isfirmlyrelatedasvisualizationshelpdiscoverdesigns,extricatesuspicions,anddomainexplicit
expectations.Visualizingenormousdatasetsismorediligentlywhencontrastedwithconventional
datasets. Mathematical demonstration and highlight extractions are likewise utilized to expand
customaryvisualizationmodelswhilevisualizingbigdata (Wang,2015).BigDatamaybeof a
widescopeofstructureslikevideo,music,textpicture,andvariousassociations.Thedatacanbe
createdthroughcloudapplicationsandinformalorganizations(JamiyELF.,2015).AsstatedbyE.
Olshannikovaetal.,visualizingextracteddata is time-consuming,andSometimes, theevaluated
resultsarenotaccurateandasestimated.Aftercalculatingtheresults,thelimitationwasclear:the
existingsystemcannotvisualizetheinformationhowhumansprocessalargeamountofinformation
fromadifferentperspective.Whenitcomestoapplyingthedatavisualizationforthesmartcity,
thereisnoplatformrightnowtoprocessdataintotheVRvisualization.So,thispaperintroducesa
customVRapplication.Thestudyalsocomparestherecognizedworkvolumewithcategorizedopen
webplatformdata.TheintensereactionsareobservedwhenVRisusedonweb-basedplatforms,
whereastheproposedVRsystemnotesamorepositiveresponse(Broucke,S.V.,&Deligiannis,N,
2019).Therepresentationsof2Dand3Dspatialdata,alongwiththeiradvantagesanddisadvantages,
areexplainedinthisresearchpaper.Thesetraitsconcernthetechnicalandperceptualaspectsofthe
system.Thecomparisonproposedinthisresearchhelpstoformalizethefundamentalcharacteristics
thathelpedcomprehendthemeritsanddemeritsbetweenexistentialsystemsandtheproposedone.
Overall,afterevaluatingtheresults,itisobviousthatSystematizationisimperativefordecision-making
andthefirstphaseforeffectivevisualization.ItisalsoinferredthatSophisticatedVisualizationcanbe
achievedbyimprovingbinarycategorization.Also,distinguishingthetraitswithmaximumaccuracy
canimprove2Dand3Dvisualization(Dubel,S.etal.,2015).There’safamiliarframeworkrelatedto
flexibledisplaysandtheiruseintheirdifferentinteractionmethods.Also,thispaperscrutinizesthe
datathatcanbeusedinwaystointeract(FrankeI.S.etal.,2014).Thispaperexplainsthetoolsused
for3dvisualizingShenzhen(Li,Xetal.,2015).Thisstudyintroducestheapplicationofvirtualreality
inbigdatavisualization.Bigdatavisualizationenablesustodiscoverhiddeninacomprehendible
structure.Alongwiththevirtualrealityhyper-dimensionalperspective,let’suncoverthecomplex
perspective in amoreunderstandableway tomakepredictions (DonalekC. et al., 2014).Using
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immersingtechnologieswithacollaborativeapproachrecognizesacost-effectiveadvantage(Donalek
C.etal.,2014).Thispaperdescribesdatavisualizationanditsapplications(MakelaA.,2018).There
isaVRsystemgivenforhigh-dimensionaldatavisualization.TheprocedurereliesonthePrincipal
ComponentAnalysis(SanjiS.etal.,2001).Aneffortisintroducedtoimprovebiddatavisualization
thatencompassesthe2-foldanalysisandemphasizesvisualizationandinteraction.Itusesapiece
ofgeo-taggedinformationbyinvestigatingdatasetsofdifferentcategorizationsandusingitinthe
VRplatform.Firstofall,thedatawillbeanalyzedandrepresentedinarealistic3dmodulesothat
theanalystcanscrutinizeitfromvariousperspectives.Thiscanleadtoanin-depthanalysisofthe
givendatasets.Overall,thisstudyaimstopromotethecollaborationoftoday’stechnologythatis
gainingpopularityforvisualizingwithinteractiveabilitiestogaincomprehensiveresultsofthebig
data(MoranA.etal.,2015).AfteranalyzingnumerousstudiesonVRimmergingasaneffective
approachforbigdatavisualization,there’sanevaluationofusers’boundary-lessmulti-dimensional
datasetswithtraditional2dvisualizationrepresentedinthisstudy.Overall,itisrecognizedthatthere
isnosignificantextraburdenoftasksbetweentraditionalandVRvisualizationratherthancorrectness
anddepthofperception(P.Millaisetal.2018).Thisliteraturehighlightstheneed,challenges,and
ongoingAugmentation-basedvisualizationwork(Chandraetal.,2019).AstheBigDatavisualization
performancecanbeeitherstaticordynamic.Thebestresultsareachievedwithaninteractiveapproach.
Thisliteraturegivesinsightsintohowtheinteractionisprovidedbydevelopingvisualizationoncross
platforms.Italsosuggeststhataddinginnovativefunctionalityinthevisualization,suchasinteractive
brushingfreestylelinkingonweb-basedtools,canhelpscientistsprocessmoreefficiently.Thestudy
also emphasizesWeb-based solutions to get more up to date dynamic data for visualization (L.
Wangetal.,2015).ThishandbookdiscussesthebirthofBigdatawithitscomplexdatastructure.It
alsodiscusseshowtherateofdatageneratedishigherthanprocessed,leadingscientiststodevelop
moreefficientparadigms.Thisliteraturealsotouchesonthesecurityaspectusuallyignoredinmost
bigdatavisualizationtechniques.Theresearchprovidestheworkonvariousplatforms(BuyyaR.
etal.,2016).Thisresearchprovidescloseinsightsintotheneedforbigdataanalysisandpotential
challenges.It’salsoimportantthatvariousorganizationsbeawareofthepotentialofthedatathathas
beengeneratedtoanticipateopportunitiesforcompetitorsandinnovation(JamiyELetal.,2015).
ThesystemevaluatestwodifferenttypesofpositionassistanceStereoscopicdepthperceptionand
3Dscalingcube(F.ElJamiyandR.Marsh,2019).

DATA ANALySIS

Withthedevelopmentofcomputationalstrategies,themeasureofbigdatahasrisendramatically.A
quickratemakesitdifficulttousesuchinformationinthebigmartfieldwithoutproperpre-handling,
whichthuspromptsmoreincredibleintricacyandintegrityissues,makingnumerouscomplexitieslike
dataanalysis,privacy,storageandsecurity.Hence,thebigmartdatasetmaylooksimpletodealwith
asfarasitsvolume.However,itrequiresasignificantconvolutedinteractionbecauseofitshighlights’
intricacy,heterogeneity,andhybridity.Thisinteractionisentitledtheinformationrevelationmeasure.
Thedatadescriptionhelpsanalystsgetanoverviewofthetypeofdata.Italsorepresentsthedifferent
fieldsthatcontributetotheevaluationprocess.ThedataofBIGMARTchooseforthisoperation.
Atfirst,BIGMARTdatadoesnotseemhugeenough,butithasitschallenges,suchascustomers’
personalandtransactiondetails,whichraisessecurityissues.Thedatasetcontains17distinctdata
fieldssuchasItem_Weight,Item_Visibility,Item_MRP,etc.

Thedataprocessingiscarriedoutthroughstandardizedprocessingstages.Initially,intendeddata
isgatheredandpreparedfromvariousverifiedsources.Thecollectedinformationisthencategorized
fortheextractionprocesstobegin.Afterthat,thefiltereddataistransformedintoamoremeaningful
formthatwilleasethedataaggregationprocess.Theanalystscrutinizestheaggregateddatabyusing
statisticaltools.Oncethedataanalysisiscomplete,thevisualizingIDEsuchasTableau,PowerBI
andQlikViewisusedtoputtheanalysisintoperspective.TheseVisualizationscarryinsightsinto



International Journal of Information System Modeling and Design
Volume 13 • Issue 7

22

hyper-dimensions as well. Data Processing - Extracting or cleaning unnecessary information is
calleddataprocessing.Thedataisprocessed,andthedigitalinformationisstoredforthecomputer
tounderstandthelanguage.

Bigdataanalyticsisanunpredictablecycleofgettinginformationaboutmarkettrendsandcritical
businessdecisions.Analyticsondataprovideanewwayforadvancementandpaveawaytoremove
newdatasets.Queriestothebusinessknowledgehaveessentialanswersregardingtasksandexecution.
Bigdatainvestigationisafrontlineassessmentthatincorporatescomplexapplicationswithparts
suchasjudiciousmodels,authenticfiguring,andstructures.Tremendousinformationexamination
applicationsroutinelyjoindatafrominsidesystemsandexternalsources,likeenvironmentdataor
fragmentdataonclientsaggregatedbypariahdataorganizationsproviders.Moreover,streaming
examinationapplicationsaregettingordinaryingiganticdataconditions.Extensiveinformationhas
reachedprogressivelyvaluableintheproductionofnetworkinvestigation.Massivestorenetwork
investigationusesimportantinformationandquantitativestrategiestoupgradedynamiccyclesacross
theinventorynetwork.Specifically,immensestorenetworkexaminationbroadensdatasetsforthe
extendedassessmentthatgoespastthecustomaryinsidedatafoundonenormousbusinessresource
masterminding(ERP)andcreationnetworktheboard(SCM)systems.Also,hugestockorganization
examinationexecutessignificantlyincredibleverifiablemethodsonnewandexistingdatasources.
Thepiecesofinformationamassedempowerbetter,taughtandadditionalconvincingdecisionsthat
benefitandimprovethereservechain.Likelysnaresoftremendousdataassessmentexercisesjoin
ashortfallofinwardexaminationcapacitiesandthehugecostofutilizingexperienceddataanalysts
anddataexpertstofilltheopenings.TableauToolAnalytics:TheBigmartdatahasbeengiveninput
tothewell-knownbigdataanalyticstool,suchasTableau.Theanalyticalcomputationresultsin
diagrammaticrepresentations,whichdisplaythestatisticsofthestructureddataset.Belowgivenare
thedataanalyticstechniquesperformedwiththepublictableau.tool.

Figure3showsthetotalsalesforeachitemtypelistedinthedataset,suchasfruitsandvegetables,
snacks,households,dairy,frozenfoods,bread,harddrinks,breakfastandseafoodetc.Thisgraph’s
analyticalconclusionisthemaximumsalesofaparticularitemtypeintheretailstore.Thisfinding
orknowledgewouldhelpthestockingmanagerorstoremanagerdecide,resultinginhighersaleswith
highdemand.Figure4showstheoutletsizewiththeestablishmentyearsandincliningwiththeitem
types.Thedataanalyticsobtainedinthismoduleareforwardedtotheunityengineasinputs,andthe
visualizationisproducedin3Dformatonsmartdevices.Thefollowingsectiongivesthedetailsonthe
ARapplicationdevelopedforaugmentingthestatisticalinformationMarkerBasedAugmentedReality

ARisanadvancedtechnologythatexpandsactualconditionsonacellphonescreenbyoverlaying
themwithcomputerizedcontent.ARapplicationscanutilizevarious techniques likeassociating
PCcreatedsubstancesto‘markers’ordecidingwheretoaddinformationwithGPStosuperimpose

Figure 1. Bigmart Dataset Description
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computerizeddata.AQRcode,alsoknownasa2Dcode,canbeaugmentedusingSDKandtoolsfor
ARapplications.Theaugmentedinformationcanbedisplayedonthedevice’sscreenviaacamera
whenitdetectstheaugmentedtargetsontheQRcodeimage.

PRoPoSeD SySTeM

Thesystemimplementationshownaboveisdividedintotwotiers:dataanalysisandARapplication
development.Wewillprovideanin-depthexplanationofboththetiersinthissectionasfollows:

Figure 2. Data Aggregation of all the dataset attributes

Figure 3. Bigmart Data: Item Type vs. Total sales

Table 1. Comparison of markerbased AR and marker-less AR

Comparison Aspects Markerbased AR Markerless AR

Methods Relative Position 
AR Software Development Kit

Marker dependent 
Commonly used

Depends on localization technology 
and gyroscope

Position
Accuracy

High/Low
Influencefactors

Higher
Brightness

Lower
LocalizationTechnology

Stability High/low
Influencefactors

Higher
MarkersandSDK’s

Higher
LocalizationandGyroscope
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• Data Analytics Tier 1 - The Bigmart data is processed and given input to the tableau big
data analytics tool.Thebusiness intelligence tool processes thedatawith several analytical
computationsbyfindingastatisticalpatterntosharewiththeconsumers.Afterobtainingthe
visualizations,thediagramsaresavedandembeddedintheARmobileapplicationdeveloped
intheUnityengineandaidedbytheVuforiaplugin.

• ARApplicationDevelopment-TheaugmentedrealityapplicationdevelopedintheUnityengine
isgiventheinputfromtier1.Thegraphsareembeddedintheapplicationfordisplayingonthe
users’screens.ThevirtualrealitypluginrequiredwithunityisVuforiaandcanbeinstalledas
apluginintheunityengineapplication.

Theproposedmodelconsistsofapredictiveenhanceralgorithmthattakesthepre-processed
bigmartdatasetastheinputandoutputsthepredictionsintheformofhealth,unhealthy,andboth

Figure 4. System Architecture

Figure 5. Proposed Model for prediction of health status for bigmart dataset
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targetvariablecategories.Thebigmartdatasetconsistedofmissingvalues,andtherefore,thenoise
wascleanedusingoutlierdetectionpracticessuchasboxplotandhistogramvisualization.Thedataset
wastransformedusingdatatransformationtechniquessuchasdatageneralization,aggregationand
datasmoothingatthefinalstep.Theclasslabelsareassignedmanuallyaftercomputingthevalues
ofall13attributesofthedatasettomakeitfavourableforsupervisedlearning.Ourmachinelearning
classifier forwarded the final cleaned and imputed dataset for predictive analysis. Algorithm to
constructimprovedpredictiveindicatorforbigmartdataset

Input:Bigmartdataset.
Output:VisualizationofPredictions.
Step1: Inputthebigmartdatasetintodatapre-processingmodule.
Step2: Analyzethedatasetfornoiseandcleanthenoiseusingoutlierdetectiontechniques.Replace
missingvalueswiththemedianvalue.
Step3: Forward the dataset to the data transformation module to perform data generalization,
aggregation,andsmoothingoperations.Calculate theclass labelvalues tomake themuseful for
supervisedlearning.
Step4: Send the final imputed dataset to the improved predictive indicator module to obtain
coefficientvalues,modelaccuracy,andpredictionsforthedataset.
Step5: Evaluatethepredictionsandaccuracyvalues.
Step6: Performparametertuningandrepeatsteps4and5iftheaccuracyisnotuptothemark.
ReSULTS

A.ResultsofPearsoncorrelationcoefficient
Bigmart dataset collected from the public grocery store has 8526 records and 14 attributes

inclusiveoftheclasslabel.Thetargetvariabledeterminesthehealthstatusofthefoodproducts,
suchashealthy,unhealthyandboth.Thesignificantattributesareshownintable2,alongwiththeir
correlationcoefficientvaluesagainstthetargetoutput,thatis,healthstatus.Otherhighinfluencing
factorsareproteins,carbohydratesanditemtypes.

Dataset 2 from bigmart has 4320 records along with 13 attributes. Dataset was originated
fromthreedifferentbigmartoutlet types,andsixattributeswereselectedafterapplyingPearson
correlationfortargetoutput,i.e.healthstatus.Theseselectedattributesareshownintable3,along
withcorrelationcoefficientvalues.Theattributewiththehighestcorrelationwiththehealthstatus
targetattributeisoutlettype.

Oncomparisonoftheseresultswiththeselectedalgorithmsinthebelowtablewhichshowsthe
comparisonbetweenRandomForest,decisiontrees(J48,C5.0)andSVM.Itisclearlyobservedthat

Table 2. .Selected attributes and their Pearson correlation coefficient value for Dataset

Attribute name Pearson correlation coefficient value

ItemWeight 0.66

ItemVisibility 0.62

ItemType 0.54

Item_MRP 0.11

OutletIdentifier 0.40

Outlet_Establishment_Year 0.13

OutletSize 0.33

Outlet_Location_Type 0.29
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decisiontreeC5.0outclassesotheralgorithmsbyachievinganaccuracyof98%onthevalidationset
consistingof131instances.

Afterobtainingthepredictionsfromtheunknowndatathattheuserentersaftertrainingthe
algorithms,thevisualizationofthepredictionsisembeddedintheaugmentedrealitysystemdeveloped
intheUnityengine.

As shown inTable5 above, the researchers [20], in their experimentation, proposed aDTI
(DecisionTreeInduction)Modelinwhichtheyobtainedanaccuracyof77.5%withtheJ48algorithm
and79%withmulti-classSVMonmultiplemedicaldatasetssuchasheartdisease,breastcancerand
diabetes.Ontheotherhand,theauthors[21],intheirlatestresearchof2021,illustratedacomparative
studyofsupervised learningalgorithmsforevaluatingstudentperformanceonstudentsdatasets.
ThesurveyinvolvedthreedifferentdatasetsandtwooutclassingalgorithmssuchasJ48with85%
accuracyandmulti-classSVMwith77%.

Theresultsofthisexperimentationaredisplayedinthissectionindetail.Figure6describesthe
QRcoderequiredforaugmentingthevirtualinformationontopoftheprimaryphysicallayer.Vuforia
isanaugmentedrealitySDKthatprimarily focusesonmobileapplications.TheSDKcombines
computervisionandmachinelearningwhichallowsadvancedartificialintelligence.Vuforiasupports
2Dand3Dtargets,includingmarkerlessimagetargets.TheimageprovidedintheVuforiadatabase
isaugmentedbytheunityengineitselfthroughthetargetmanageronline.

TheQRcodeaugmentedinthevuforiaengineisalignedwiththe3Dimageimprintedonthe
smartphonedevice,asshowninfigure7above.Theaugmentedinformationisasurfaceviewof
theproductswithlow,mediumandhighfats,proteins,andcarbohydrates.Thesurfaceviewbetter
visualiseshealthyandunhealthyfoodproducts.

Table 3. Attributes and their correlation values for Dataset

Attribute name Correlation value

OutletType 0.5272

Item_Outlet_Sales 0.3080

Proteins 0.4353

Carbohydrates 0.3758

FatsContent 0.3890

Table 4. Performance comparison between Random Forest, PART, J48, Bayes Net and C5.0 for Dataset 2

Algorithm Number of instances Correctly classified 
instances

Accuracy (in %)

J48 300 219 73

Multi-classSVM 300 196 65.33

Table 5. Comparative Study of Research works

Machine learning 
algorithms

Decision tree Induction 
Model- Accuracy

Performance prediction 
Model- Accuracy

Improved Predictive 
Indicator - Accuracy

J48 77.5% 85% 90.10%

Multi-classSVM 79% 77% 83.25%
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CoNCLUSIoN

Asystematicapproachtodataanalyticsisimplementedwithapublicbusinessintelligencetool.Thisresearch
modulefocusesondevelopinganAugmentedRealityapplicationresponsiblefordisplayingthevirtual
representationofstatisticsobtainedfromdataanalytics.ThealreadyexistingIDEandcorrespondingly
availablepluginssuchasUnityengineandVuforiaARareusedforcomparingtheaccuracy.Theapplications
ofthisresearchworkcouldrangefromsilentmeetingroomsinschools,officesandcollegestoe-learning
inlaboratories,andmanyothersaddedinthefuture.Thescopeandmethodologyofthisresearchare
expandedbyconsideringVirtualRealityandmixedrealityincombinationwithAugmentedRealityto
removetheinclusionofvirtualrealitydevicessuchasOculusVRandSonyVR.
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Figure 6. Augmentable Image with Targets in Vuforia

Figure 7. 3D Augmented marker-based image displayed on smart phone device
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