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ABSTRACT

Gesturerecognitionisthemostintuitiveformofhuman-computerinterface.Handgesturesprovide
anaturalwayforhumanstointeractwithcomputerstoperformavarietyofdifferentapplications.
However, factors such as complexity of hand gesture structures, differences in hand size, hand
posture,andenvironmentalilluminationcaninfluencetheperformanceofhandgesturerecognition
algorithms.Consideringtheabovefactors,thispaperaimstopresentarealtimesystemforhand
gesturerecognitiononthebasisofdetectionofsomemeaningfulshape-basedfeatureslikeorientation,
centerofmass,statusoffingers,thumbintermsofraisedorfoldedfingersofhandandtheirrespective
locationinimage.Theinternetisgrowingataveryfastpace.Theuseofwebbrowserisalsogrowing.
Everyonehasatleasttwoorthreemostfrequentlyvisitedwebsite.Thus,inthispaper,effectiveness
ofthegesturerecognitionanditsabilitytocontrolthebrowserviatherecognizedhandgesturesare
experimentedandtheresultsareanalyzed.
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1. INTROdUCTION

Intheworldofalmost7billionpeoplemorethan500millionsufferfromsomephysical,sensoryor
mentaldisabilitystatesUnitedNationsorganizationasonDecember3,2019.Theirlivesareoften
hamperedbysomedisabilitieswhichturnsdownthemfullparticipationinsocietyandeventheir
enjoymentofequalrightsandopportunities.Signlanguageisusedcommonlyforthedeafandthe
dumb.Signlanguageisanefficientalternativetotalking,wheretheformerisreplacedbyhandgestures.
Handgesturesarecombinationofhandshapes,orientationsandmovementofthehands,alignments
ofthefingersandpositioningofthepalmwhichareusedtoexpressgracefullyaconveyer’sthoughts.
Signsareusedtocommunicatewordsandsentencestoaudience.Ourobjectiveistooptimizean
algorithmforrecognitionofhandgestureswithreasonableaccuracy,wheretheinputtothepattern
recognitionsystemwillbegivenfromthehand.

Thisarticle,publishedasanOpenAccessarticleonNovember6,2020inthegoldOpenAccessjournal,InternationalJournalofArtificial
IntelligenceandMachineLearning(convertedtogoldOpenAccessJanuary1,2021),isdistributedunderthetermsoftheCreativeCom-

monsAttributionLicense(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninany
medium,providedtheauthoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.
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Gesturerecognitionaimstorecognizemeaningfulmovementsofhumanbodies,andisofutmost
importanceinintelligenthumancomputerorrobotinteractions.Handgesturerecognitionsystemhas
gotgoodattentionnow-a-daysbecauseofeasyinteractionbetweenhumanandmachine.Thefocus
ofdevelopinghandgestureistoenhancethecommunicationbetweenthehumansandthecomputer
forconveyingvariousinformation,whichwillhelpaccomplishingmultipletask.Itisanefficientway
ofinteractingwithmachinesmakingitmorepopularandapplicableformanypurposes.Thehands,
arms,bodyandfaceareusedforgesturerecognitiontoperceivecriticaldemeanoursofmovementby
ahuman.Gesturerecognitionismainlyapplicableforvideoconferencing,signlanguagerecognition,
distancelearningaswellasinforensicidentification.Handgesturerecognitionresearchhasbeen
gainingmoreandmorepopularamongworldwideresearchers.Handgesturerecognitionhasbecome
animportantresearchtopicinhuman-computerinteraction(Huet.al.,2019;Liet.al.,2018;Patilet.
al.,2018;Soeet.al.,2018;&Chaikhumphaet.al.,2018).

Handgesturerecognitionsystemprovidesusaninnovative,natural,anduserfriendlywayof
interactionwiththecomputerwhichismorefamiliartothehumanbeings.Generally,theprocess
ofvisionbasedhandgesturecanbedividedintofourstages:sampleimagecapturing,imagepre-
processing, feature analysis and parameter extraction, classification and recognition. Wherein,
featureextractionaimstofindoutafeatureorasetoffeatureswhichcandescribethespecifiedhand
gestureuniquelyandhelpinbetterclassification.Themostcommonlyusedfeaturesofstatichand
gestureinclude:gradienthistogram,imagesubspaceprojection,andshapefeatures.Thetraditional
gradienthistogramiseasytocalculateandimplement,ithastheinvarianceoftranslationbutnot
rotation.Imagesubspaceprojectionisabletoremovethecorrelationofhigher-orderstatisticsand
makerelativelycomprehensiverepresentationofthelocalfeaturesoftrainingsampleimages,butit
verymuchreliesonthepositionscaleandrotation.Shapebasedfeaturessuchascontour,silhouette,
fingertipsarefreeoftranslation,sizeandrotationofhandgesture,andfeatureextractionalgorithm
basedonshapeismostcommonlyusedcurrently.

Themaincontributionsinthispaperareitintroducesaseriesoffingertiprelatedfeaturesbased
onconvexdefectdetection;presentsarealtimesystemforhandgesturerecognitiononthebasis
ofdetectionofsomemeaningfulshape-basedfeatures;combinesbrowsercontrolwithrecognized
handgesturesandevaluatestheeffectivenessofthesystem.Thishandgesturerecognitionsystem
isanefficientsystemwhichwillbeabletocontrolthebrowserviatherecognizedhandgesturesi.e.
differenthandgestureswillbeusedtoopendifferentsites.Theconceptbehindthedetectionofhand
gesturesbasedonshapefeaturesandthecontrollingcapabilitytoopencorrespondingwebsitesare
describedinsystemdesignsection.

Theremainderofthispaperareorganizedasfollows:Relatedworksectionsummarizedtheworks
thathasbeencarriedoutrelatedtogesturerecognition.Experimentaldesignsectionexplainsthe
proposedhandgesturerecognitionsystem,experimentalresultssectiondescribestheimplementation
detailsoftheproposedmethodandtheresultsobtained.Resultanalysissectionpresentstheanalysis
ofexperimentalresultsalongwiththeconclusionsdrawnandthenextsectionconcludesthework.

2. ReLATed wORK

This section presents survey of related works that have been carried out. The literature survey
conductedprovidesaninsightintothedifferentmethodsthathasbeenadoptedandimplementedto
achievehandgesturerecognition.Italsohelpsinunderstandingtheadvantagesanddisadvantages
associatedwiththevarioustechniques.

Inthepastfewdecadesgesturerecognitionhasbecomeaveryinfluencingterm.Therewere
manygesturerecognitiontechniquesdevelopedfortrackingandrecognizingvarioushandgestures.
Theolderoneiswiredtechnology,inwhichusersneedtotieupthemselveswiththehelpofwirein
ordertoconnectorinterfacewiththecomputersystem.Inwiredtechnologyusercannotfreelymove
intheroomastheyconnectedwiththecomputersystemviawireandlimitedwiththelengthofwire.
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Instrumentedglovesalsocalledelectronicsglovesordataglovesistheexampleofwiredtechnology.
Theapproachofgesturerecognition(Panwar,2012&Ji-Hwanet.al.,2009)usesinputextraction
throughdatagloves.Theseinstrumentedglovesmadeupofsomesensors,providetheinformation
relatedtohandlocation,fingerpositionorientationetc.throughtheuseofsensors.Thesedatagloves
providegoodresultsbuttheyareextremelyexpensivetoutilizeinwiderangeofcommonapplication.
Dataglovesarethenreplacedbyopticalmarkers.Theseopticalmarkersprojectinfra-redlightand
reflectthislightonscreentoprovidetheinformationaboutthelocationofhandortipsoffingers
whereverthemarkersarewearonhand,thecorrespondingportionwilldisplayonthescreen.These
systemsalsoprovidethegoodresultbutrequireverycomplexconfiguration.

Theothercommonlyusedmethodsofcapturinginputfromtheuserhandbeltsandcameras.A
handbeltwithgyroscope,accelerometerandaBluetoothwasdeployedtoreadhandmovementsare
used(Hunget.al.,2016;Hunget.al.,2015).Theauthors(Sheet.al.,2014)usedacreativeSenz3D
Cameratocapturebothcolouranddepthinformationand(Leeet.al.,2010)usedaBumblebee2
stereocamera.Amonocularcamerawasusedby(Dulayatrakulet.al.,2015).Costefficientmodels
like(Tsaiet.al.,2015;Hussainet.al.,2014&Huonget.al.,2015)haveimplementedtheirsystems
usingsimplewebcameras.Themethods(Chen,Luo,Chen,Liang,&Wu2015;Wanget.al.,2015)
makeuseofaKinectdepthRGBcamerawhichwasusedtocapturecolourstream.Asdepthcameras
provideadditionaldepthinformationforeachpixelatframeratealongwiththetraditionalimages
(Chen,Wu&Lin2015;Wonget.al.,2015).

Soeet.al.,(2018)usedfasterregion-basedconvolutionalneuralnetworkforrealtimehandpose
recognition.Inthissystemused10typesofposturestocontrolVLCMediaPlayer.Theaverageaccuracy
is89.95%onNUSHandPoseDatasetand86.12%onimagesfromwebcam.Nevertheless,theonly
drawbackcannotdetectverytinyhandobjects.TheypresentedHoughtransformandneuralnetwork
forspatio-temporalapproach.Inthespatiotemporalfeatureextractioncontainsspatialfeaturesofthe
statichandgesturebasedontheskincolor,geometricalfeaturesandFourierdescriptoroftemporal
featuresforthedynamicgesturebyusingHoughtransform.Theaccuracyofthisresearchis94%on
Cambridgedatabaseand98%onSebastiendatabase.

Chaikhumphaet.al,(2018)studiedcondensationandhiddenmarkovmodelsforrealtimetwo
handgesturerecognition.Intheirpaper,theprocessesareclassifiedintotwocategories:handtracking
andgesturerecognitiontorecognizehands.Inthefirstprocess,condensationdensitypropagation
isusedtolocalizeandtrackhandswhicharecenteredatthecenterofpalmswhentheyaremoving.
Thissystemrecognized8gesturesusedandtheaccuracyachieved96.25%.

A largenumberofmethodshavebeenutilized forpre-processing the imagewhich includes
algorithmsand techniques fornoise removal, edgedetection, smoothening followedbydifferent
segmentationtechniquesforboundaryextractioni.e.separatingtheforegroundfromthebackground.
Theauthors(Hussainet.al.,2014;Suriyaet.al.,2014)usedamorphologyalgorithmthatperforms
imageerosionandimagedilationtoeliminatenoise.Gaussianfilterwasusedtosmoothenthecontours
afterbinarisation(Huonget.al.,2015;Chandaet.al.,2015).Toperformsegmentation,in(Leeet.
al.,2010)adepthmapwascalculatedbymatchingtheleftandrightimageswiththeSAD(Sumof
AbsoluteDifferences)algorithm.In(Leeet.al.,2010),theTheoPavildisAlgorithmwhichvisitsonly
theboundarypixelswasusedtofindthecontours.Thismethodbringsdownthecomputationalcosts.
In(Hussainet.al.,2014;Chen,Wu,&Lin2015;Suriyaet.al.,2014)thebiggestcontourwaschosen
asthecontourofthehandpalmafterwhichthecontourwassimplifiedusingpolygonalapproximation.
Classificationisaprocessinwhichindividualitemsaregroupedbasedonthesimilaritybetweenthe
items.Theapproach(Luzhnicaet.al.,2016)usesEuclideandistancebasedclassifiertorecognise
25handpostures.SupportVectorMachine(SVM)classifierwasusedin(Chen,Ding,Chen&Wu
2015;&Chen,Luo,Chen,Liang,&Wu2015).

Theworksdiscussedaboveusehandmarkerssuchasgloves.Butinthispaper,weproposea
handgesturerecognitionsystemwhichdeviatesfromothertraditionalmethodswithoutusingany
handmarkerssuchasglovesforgesturerecognition.Fingertipdetectionbasedonconvexdefectis



International Journal of Artificial Intelligence and Machine Learning
Volume 11 • Issue 1 • January-June 2021

26

adopted.Inthishandgesturerecognitionsystemdeveloped,thewebcamavailableinthelaptopis
usedforcapturinghandgestures,inplaceofanyadditionalcamerastherebymakingthesystemcost
effective.Further,thishandgesturerecognitionsystemiseffectivelyintegratedwithwebservices
soastoenabletheusergethiswebserviceactivatedonappropriatehandgesturerecognition,which
definitelyfindsanapplicationinourday-to-daylife.

3. eXPeRIMeNTAL deSIGN

Thissectionpresentsthedetaileddesignoftheproposedoptimizedhandgesturerecognitionsystem.
Theproposedoptimizedhandgesturerecognitionsystemconsistsofcapturinginputthroughcamera,
extractingfeatures,recognitionofhandgesturesusingthefeaturesextractedandtheninterfacingthe
recognizedhandgestureswithwebservicesconcerned.Thedetaileddesignoftheproposedoptimized
handgesturerecognitionsystemandthecomponentsinvolvedareelaboratedinthefollowingsub
sections.

Theinitialmoduleisresponsibleforconnectingandcapturinginputthroughthedifferenttypes
ofimagedetectorsandsendsthisimagetothedetectionmoduleforprocessingintheformofframes.
Thecommonlyusedmethodsofcapturinginputaredatagloves,handbeltsandcameras.Inoursystem,
weusetheinbuiltwebcamwhichiscostefficienttorecognizebothstaticanddynamicgestures.The
systemhassuitableprovisiontoallowinputfromaUSBbasedwebcamaswellbutthiswouldrequire
someexpenditurefromtheuser.Theimageframesobtainedareintheformofavideo.Thismoduleis
responsiblefortheimageprocessing.Theoutputfromcameramoduleissubjectedtodifferentimage
processingtechniquessuchascolourconversion,noiseremoval,thresholdingfollowingwhichthe
imageundergoescontourextraction.Iftheimagecontainsdefects,thenconvexitydefectsarefound
accordingtowhichthegestureisdetected.

Nextmoduleisresponsibleformappingthedetectedhandgesturestotheirassociatedactions.
Theseactionsarethenpassedtotheappropriateapplication.Theuserinterfacecreatedconsistsof
threewindows.Thefirstwindowconsistsofthevideoinputthatiscapturedfromthecamerawith
thecorrespondingnameofthegesturedetected.Thesecondwindowdisplaysthecontoursfound
withintheinputimages.Thethirdwindowdisplaysthesmooththresholdedversionoftheimage.
Theadvantageofaddingthethresholdandcontourwindowaspartofthegraphicaluserinterfaceis
tomaketheuserawareofthebackgroundinconsistenciesthatwouldaffecttheinputtothesystem
andthustheycanadjusttheirlaptopordesktopwebcamerainordertoavoidthem.Thiswouldresult
inbetterperformance.

The overall flowchart of the hand gesture recognition system is shown in Figure 1 and the
mainstepsinvolvedintheoptimizedhandgesturerecognitionsystemarediscussedindetailinthe
followingsubsections.

Inissuesinvolvinghumanhandssuchasforsignlanguagerecognitionandgesturerecognition,
fingertipisoneofthemostpopularcharacteristicsbecausethenumberoffingertipscanbeconsidered
tobethenumberoffingersandthedirectionoffingertipscaneffectivelyexpressthestretchinformation
offingers.Contouranalysisisacommonlyusedmethodforfingertipdetection,whichachievesthe
locationoffingertipbasedongeometricfeaturesofcontour,suchastheedgecurvaturemethodused
inliteratureforcontourdetection,andtheleastsquareellipsefittingmethodusedinforfingertip
detection,thiskindofalgorithmsrequirehighaccuracyofcontourandalargeamountofcomputation,
andareverydependentonthequalityofgesturesegmentation.Inthispaper,amethodoffingertip
detectionbasedonconvexdefectisadopted.

3.1. Noise Removal and Image Smoothening 
Theinputimage,whichisinRGBcolorspace,iscroppedtoasizeof100*400pixels.Itisthen
convertedintoagrayscaleimage.ThisprocessisshowninFigure2.
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ProcessofcroppingandconvertingRGBinputimagetograyscaleiscarriedout.Noiseinimages
canbedefinedasarandomvariationofbrightnessorcolourinformationthatisusuallyproduced
duringtheimageacquisitionprocessfromthewebcam.Thisnoiseisanundesirableaspectofthe
imageandneedstoberemoved.Inordertodothis,Gaussianfilterisapplied.Gaussianfilteringis
performedbytheconvolutionofGaussiankernelwitheachpointintheinputarray.Thesearethen
added toproduce theoutput array.A2DGaussiankernel canbe representedmathematically as
showninEquation1.
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3.2. Thresholding
Thresholding,whichisasimplesegmentationmethod,isthencarriedout.IntheworkbyGranitet.
al.,(2016),K-meansclusteringhasbeenusedtosegmenttheimagefrombackground.TheK-means
clusteringalgorithmisaniterativetechniquewhichisusedtosegmenttheimageintoKclusters.
K-meancomputescentroidofeachclusterinordertominimizethesumofdistancesfromeachobject
toitscluster.K-meansiterativelyminimizesthesumofdistancesfromeachobjecttoitsclustercentroid

Figure 1. Hand gesture recognition system
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untilthesumcannotbedecreasedfurther.TheresultofK-meansclusteringisasetofclustersthat
arewellseparatedfromotherclustersandcompactedintheirowncluster.

Inourproposal,Otsu’sbinarizationmethodisusedforthresholdingwhichgivesgoodaccuracy
rateonparwiththatofthek-meansclusteringbasedmethod.Thresholdingisappliedtoobtaina
binary image from the gray scale image. Thresholding technique compares each pixel intensity
value(I)withrespecttothethresholdvalue(T).IfI<T,theparticularpixelisreplacedwithablack
pixelandifI>T,itisreplacedwithawhitepixel.Athresholdvalue(T)of127isusedinourwork
whichclassifiesthepixelintensitiesinthegrayscaleimage.Maximumvalueof255isthepixel
valueusedifanygivenpixelintheimagepassesthethresholdvalue.Thetwotypesofthresholding
thatareimplementedareInvertedBinaryThresholdingandOtsu’sThresholding.InvertedBinary
Thresholdinginvertsthecolors,tobewhiteimageinablackbackground.Thisthresholdingoperation
canbeexpressedasshowninEquation2.
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So,ifthepixelintensitysrc(x,y)isgreaterthanthethresholdvalueT,thenthenewintensityof
thepixelisinitializedto0.Otherwise,thepixelsaresettomaxVal.NobuyukiOtsuhasgivenusthe
Otsu’smethod.Clustering-basedimagethresholdingisachievedfromthismethod.Otsubinarization
automaticallycalculatesathresholdvaluefromimagehistogramforabimodalimage,whichisan
imagewhosehistogramhastwopeaks.InOtsu’smethodwetrytofindthethresholdthatminimizes
theintra-classvariance(thevariancewithintheclass),definedasaweightedsumofvariancesofthe
twoclassesasseeninEquation3.Weights0and1aretheprobabilitiesofthetwoclassesseparated
byathresholdtand02and12arevariances.Theclassprobability0,1(t)iscomputedfromtheL
histograms.ThisisshowninEquation4.
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Figure 2. Process of cropping and converting RGB input image to gray scale



International Journal of Artificial Intelligence and Machine Learning
Volume 11 • Issue 1 • January-June 2021

29

�

�

0

0

1

1

1

t p i

t p i

i

t

i t

L

� � � � �

� � � � �

�

�

�

�

�

�
 (4)

Otsushowsthatminimizingtheintra-classvarianceandmaximizinginter-classvariancegenerates
thesameresultsasseenbelowinEquation5.
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ThefollowingrelationsinEquation7canbeeasilyverified.
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Beforefindingcontours,thresholdhasbeenappliedtothebinaryimagetoachievehigheraccuracy.
TheimageinFigure3showsthefrontendwindowthatportraysthethresholdedversionofthe

user’sgestureinput.

3.3. Contour extraction
Contoursareausefultoolforobjectdetectionandrecognitioninimageprocessing.Inourwork,
wehaveusedcontours,todetectandrecognizethehandfromthebackground.Thecurvesthatlink
continuouspoints,whichareofthesamecolor,arecalledcontours.Findingthecontoursisthefirst
stepwhichislikefindingwhiteobjectfromblackbackgroundinOpenCV.Hence,InvertedBinary
Thresholdinghasbeenutilizedduringthresholding.Thesecondstepistodrawthecontourswhichcan
beusedtodrawanyshapeprovidedtheboundarypointsareknown.Somegesturesinourrecognition
systemwiththeirappropriatecontoursareshowninthebelowFigure4.
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3.4. Convex Hull
Mathematically,convexhullofasetXofpointsinanyaffinespaceisdefinedasthesmallest
convexsetthatcontainsX.Anydeviationoftheobjectfromthisconvexhullcanbeconsidered
asconvexitydefect.TheconvexhullofafinitepointsetScanbedefinedasthesetofallconvex
combinationsofitspoints.Inaconvexcombination,eachpointxiinSisassignedaweightαi
and theseweightsareused tocomputeanaverageof thepoints.Foreachchoiceofweights,
theresultingconvexcombinationisapointintheconvexhull.Convexhullcanberepresented
mathematicallyasshowninEquation8.
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Figure 3. Front end window showing the thresholded version of the input

Figure 4. Contour extraction



International Journal of Artificial Intelligence and Machine Learning
Volume 11 • Issue 1 • January-June 2021

31

3.5. Convex defect
Theconvexdefectisdefinedasthedifferencebetweengestureconvexhullandcontour,theyare
containedintheconvexhullbutnothandarea.Thedatastructureofeachoftheconvexdefectscontains
threecomponents:startcontourpoint,endcontourpointandconcavecontourpoint.Thefingertipis
closelyrelatedtotheconvexdefect,whichisclosetothestartandendcontourpointsofconvexdefect.
Therefore,itispossibletodetectthefingertipsbyusinghandgesturecontourandconvexdefects.

Thecountandpositionoffingertipsaredeterminedasfollows:

• Conductnoiseeliminationontheobtainedconvexdefects.
• Scanfilteredconvexdefectsclockwise,takethestartcontourpointofthefirstconvexdefect

andtheendcontourpointofthelastconvexdefectasthefirstandlastfingertiprespectively.
• Takeuseoftheaveragepositionoftheendcontourpointofcurrentconvexdefectandthestart

contourpointofnextconvexdefectasthepositionofcurrentfingertip.

3.6. Feature extraction
For the binary image with convex defects, we can extract the convexity of gesture and relative
positionoffingertipsasfeaturesusedforhandgesturerecognition.Throughtheobservationand
analysisofgesturecontourandconvexhull,wecangetthatwithdifferentgesturethetightnesstoits
convexhullisalsodifferent,asshowninFigure5,theconvexhullofthefistgesturein(a)almost
containsthewholegesturecontour,butthegesturecontourin(b)hasbigdifferencewithitsconvex
hull,withseveraldepressionexistingbetween.Thetightnessofhandgesturecontourtoitsconvex
hullisdefinedasthegestureconvexity,whichisdenotedbyδ,itsvalueisthearearatioofgesture
contourandconvexhull.

δ=𝑐𝑜𝑛𝑡𝑜𝑢𝑟𝐴𝑟𝑒𝑎/H𝑢𝑙𝑙𝐴𝑟𝑒𝑎

where,hullAreaistheareaofconvexhull,contourAreaistheareaofgesturecontour,wecanget
accordingtotheimagethathullArea>contourArea,soδϵ(0,1),andthebiggerthevalue,thetighter
thegesturecontourtoconvexhull.

Inaddition,differentgesturescanbedistinguishedbytherelativepositionoffingertips,which
iscomposedoftwovaluesofαandβ,αisthesummationofangleswithcentroidasvertex,lines
fromcentroidtothefirstfingertipandotherfingertipsasedges,andβisthevalueoftheanglewith
centroidasvertex,linesfromcentroidtothefirstfingertipandlastfingertipasedges,thatis,𝛼 = 𝜃1
+𝜃2+ ⋯ + 𝜃𝑁−1, 𝛽 = 𝜃𝑁−1, whereN is the number of fingertips and θis the anglebetween the
firstfingertipandtheotherfingertiptothegesturecentroidbeenconsideredasvertex,asshownin
Figure6,ithas𝑁 = 3, 𝛼 =𝜃1 + 𝜃2, 𝛽 =𝜃2.

4. eXPeRIMeNTAL ReSULTS

Thissectionelaboratestheimplementationdetailsofourhandgesturerecognitionsystem.Inour
gesturerecognitionsystemwehaveincludedatotaloffourgestures.Figure5showstheinputstaken
fromuserforeachgesture.Thecaptionswrittenatthetopofeachgesturei.e.“1.Google”,“2.Quora”
denotesthenumberoffingersineachgestureandthewebsitetowhichitismapped.Ingesturethat
donothaveanydefecti.e.palm,theirnamehasbeenwrittenasacaptionabovethegestureandis
usedtoexitfromthesystem.

Figure6shownaboveshowsthegesture2whichlaunchesthefacebookhomepage,Figure7shows
thegesture3whichlaunchestheyoutubehomepage,Figure8showsthegesture4thatlaunchesthe
twitterhomepageandFigure9showsthegesture5whichenablestoclosetheterminal.
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Figure 5. Input from user

Figure 6. Hand gesture 2- launches Facebook homepage
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5. ReSULT ANALySIS

Ourfirstapproachtocreateagesturerecognitionsystemwasthroughthemethodofbackground
subtractionusingK-meansclustering.Backgroundsubtraction,asthenamesuggests,istheprocess
ofseparatingforegroundobjectsfromthebackgroundinasequenceofvideoframes.Itisawidely
usedapproachfordetectingmovingobjectsfromstaticcameras.Whenimplementingtherecognition
systemusingbackgroundsubtractionwithK-meansclustering,weencounteredseveraldrawbacks
andaccuracyissues.BackgroundsubtractionusingK-meansclusteringcannotdealwithsudden,
drastic lighting changes leading to several inconsistencies. This method also requires relatively
manyparameters,whichneeds tobeselected intelligently.Due to thesecomplicationsfaced,we
madeadecisiontoutilizecontours,convexitydefectstodetecttheobjectespeciallythehand.The
combinationofthesemethodsenabledustoachieveagreaterrangeofaccuracyandovercomethe
challengesfacedduringtheuseofbackgroundsubtractionusingK-means.

To compute the accuracy of the proposed optimized hand gesture recognition system, we
conductedtwosetsofevaluations.Inthefirstsetofevaluation,weusedK-meansclusteringalgorithm
forsegmentationoftheimage.Inthesecondevaluation,weusedtheOtsu’simagebinarizationmethod
forsegmentation.Eachgesturewasperformed10timesinboththesetups.Theaverageofthenumber

Figure 7. Hand gesture 3 launches Youtube homepage



International Journal of Artificial Intelligence and Machine Learning
Volume 11 • Issue 1 • January-June 2021

34

oftimesaparticulargesturewasrecognizedcorrectlywastakenasitsaccuracyinpercentageand
theaccuracyobtainedisshowninTable1forK-meansclusteringandTable2forOtsu’smethod.

WhenimplementedusingOtsu’smethod,thegesturerecognitionsystemwasrobustandperformed
withgoodaccuracy.Thisaccuracywasmaintainedirrespectiveof thecolourof thebackground,
providedit isaplain,solidcolourbackgrounddevoidofanyinconsistencies.Incaseswherethe
backgroundwasnotplain,theobjectsinthebackgroundprovedtobeinconsistenciestotheimage
captureprocess,resultinginfaultyoutputs.However,theaccuracywasnotasgoodastheOtsu’s
methodwhenimplementedusingK-meansclustering.Afterobservingtheresultsproducedbyboth
theK-meansandOtsu’smethodgesturerecognitionsystems,itisrecommendedthatsystemusing
Otsu’smethodandConvexHull,beusedwithaplainbackgroundtoproducethebestpossibleresults
andgreataccuracy.

Table1presents theaccuracyvaluesforeachgesturementioned.Theseaccuracyvaluesare
obtained using K-means clustering based segmentation method. Table 2 presents the accuracy
valuesforeachgesturementionedusingthecombinedmethodofotsuandconvexhull.Fromthe

Figure 8. Hand gesture 4 launches Twitter homepage
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Figure 9. Hand gesture 5 closes the terminal

Table 1. Accuracy of each gesture with K-means clustering

Hand Gestures performed Accuracy (%)

2fingergesture(1convexdefect) 94

3fingergesture(2convexdefects) 93

4fingergesture(3convexdefects) 92

5fingergesture(4convexdefects) 92
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resultsachievedandtheaccuracyvaluesobtained,wecouldconcludethattheproposedhandgesture
recognitionforpossiblewebsitelaunchingapplicationworkswell.Accuracyof90%hasbeenachieved.

6. CONCLUSION

Inthispaper,arobustgesturerecognitionsystemisproposedthatdidnotutilizeanymarkers,hence
makingitmoreuserfriendlyandlowcost.Thisoptimizedhandgesturerecognitionsystemgives
goodaccuracypercentagesfor thegesturerecognitiononparwith theK-meansclusteringbased
segmentation.Inthishandgesturerecognitionsystem,itisaimedtoprovidegestures,coveringsome
aspectsofhumancomputerinterfacesuchaslaunchingofapplicationsandopeningsomepopular
websites.Thehumancomputerinteractionwasexcellentthatintheexperimentsconducted,every
testturnedouttobesuccessful.Thisworkusedotsu’smethod,convexhullandconvexitydefects.In
future,thiscouldbefurtherimprovisedwithaddedgesturestoincorporatemorefunctions.

Table 2. Accuracy of each gesture with Otsu’s method and Convex Hull

Hand Gestures performed Accuracy(%)

2fingergesture(1convexdefect) 85

3fingergesture(2convexdefects) 89

4fingergesture(3convexdefects) 90

5fingergesture(4convexdefects) 87
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