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ABSTRACT

Gaitisavitalbiometricprocessforhumanidentificationinthedomainofmachinelearning.Inthis
article,anewmethodisimplementedforhumangaitrecognitionbasedonaccuratesegmentation
andmulti-levelfeaturesextraction.Fourmajorstepsareperformedincluding:a)enhancementof
motionregion inframeby the implementationof linear transformationwithHSIcolorspace;b)
RegionofInterest(ROI)detectionbasedonparallelimplementationofopticalflowandbackground
subtraction;c)shapeandgeometricfeaturesextractionandparallelfusion;d)Multi-classsupport
vectormachine(MSVM)utilizationforrecognition.Thepresentedapproachreduceserrorrateand
increasestheCCR.ExtensiveexperimentsaredoneonthreedatasetsnamelyCASIA-A,CASIA-B
andCASIA-Cwhichpresentdifferentvariationsinclothingandcarryingconditions.Theproposed
methodachievedmaximumrecognition resultsof98.6%onCASIA-A,93.5%onCASIA-Band
97.3%onCASIA-C,respectively.
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INTROdUCTION

Inthedomainofcomputervision,HumanGaitRecognition(HGR)isanactiveresearchareadueto
itsunobtrusivenessforidentificationandverification.Incomparisonwithotherbiometricdevices
suchasirisandfacedetection(ChoudhuryandTjahjadi,2015;Lishani,Boubchiretal.,2017;Dey,
Ashouretal.,2018;Wang,Lietal.,2018),thegaitoffersanopportunitytorecognizehumaneven
atadistancepointbyutilizingavideocamera.Existingresearchinthisareahasexplainedthatgait
islikelytobecomearobustbiometricforassistanceinmanyapplicationssuchassurveillancein
airports,busstations,clinicalanalysis,bankssurveillancesystemsandforensicapplications(Aqmar,
Fujiharaetal.,2014;Yasmin,Sharifetal.,2016;ZengandWang,2016).

Recently,severalimageprocessingandmachinelearning-basedtechniquesareintroducedfor
HGR.Thesetechniquescanbeseparatedintotwoclassessuchasmodelbased(MB)(Bashir,Xiang,
&Gong,2010)andmodelfree(MF)(Zeng,Wang,&Li,2014).TheMBapproachtakesstructural
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modelofahumanbodyintheabsenceofmotion.Afterwards,parametersofthesestructuralmodels
arefurtherappliedasfeatureslikejointangles.Themajoradvantageofthisapproachistoexpress
high-levelmodelofahumanbodybutitiscomplexbecauseofhighcostandcomputationaltime.
Thisapproachalsoworksbetterovertheviewinvariantandcofactorslikecarrying,clothingand
shadowswhichaffectstherecognitionrate(Zeng,Wangetal.,2014,Arora,Hanmandluetal.,2015).
Themodelfreeclassoperatesonsilhouetteimagesofahumanbodyinsteadofastructuralmodel.
Thisapproachislesssensitiveforthequalityofanimageascomparedtomodel-basedclass.Also,
ithaslowcomputationaltimeandcost.Themajorchallengeofthisapproachissensitivitybecause
ofseveralproblemssuchascarrying,clothingandshadows(Piccardi2004,Rida,Jiangetal.,2016;
Wu,Huangetal.,2017).

Ageneralgaitrecognitionframeworkconsistsofseveralsubstepssuchaspreprocessing,ROI
detection,featureextractionandrecognition.Thepreprocessingstephasmuchimportanceforobtaining
highrecognitionratebecausetherawinputvideoshaveacomplexbackgroundandlowcontrast.The
lowcontrastvideosaffectROIdetectionwhichlaterondegradestherecognitionaccuracy.Therefore,
preprocessingisamajorstepforimprovingthecontrastofinputvideoandalsoremovesextranoise
suchaschangeinbackground,variationsandhumanchange.Ingaitrecognition,differentsegmentation
methods have been introduced for ROI detection such as background subtraction, thresholding,
watershed and few more (Piccardi, 2004; Gupta, Dixit et al., 2014). There are several types of
featureswhichexistincomputervisionsuchastexture,color,geometric,shape,Gaborandwavelet
transform.Thesefeaturesarehighinnumberofdimensions;therefore,theyreducetheaccuracy.This
kindofproblemisresolvedbyseveralresearchersbytheimplementationofreductiontechniques.
ThemajorreductiontechniquesarePrincipalComponentAnalysis(PCA)(RyuandKamata,2011),
ICA,geneticalgorithmandfewmore(Khan,Sharifetal.,2016).Finally,thereducedfeaturesare
utilizedbysupervisedlearningmethodsasSVM,FineK-NearestNeighbor(FKNN),neuralnetwork,
decisiontreesandregressionmodels(AbdullahandEl-Alfy,2015;Khan,Sharifetal.,2016;Nida,
Sharifetal.,2016).Thesemethodsperformsignificantlywellwhentheextractednumberoffeatures
isuniqueandhavenoredundancybetweenthem.Therefore,classificationaccuracyfullydepends
ontheextractednumberoffeatures.

In literature, numerous researchers introduced several methods for HGR. However, the
performanceofHGRis significantlyaffecteddue toseveralcovariateaspects suchaschange in
clothes,occlusion,viewangle,time,carryingconditionsanddifferentvariations(Al-Tayyan,Assaleh
etal.,2017,Yu,Chenetal.,2017).Inthisarticle,severalchallengesaretakenintoaccountsuch
asthepresenceofshadows,varyingviewpointatdifferentconditions,effectsofocclusion,change
inhumanangle,changeinviewpointandhighdimensionofextractedfeatures.Anewmethodis
presentedinthisworkwhichresolvesthelistedproblemsforHGR.Theproposedmethodisbased
on three pipe line procedures: a) a preprocessing method is implemented for distinguishing the
humanfrombackground,whichisacombinationofHSIcolortransformationandlinearcontrast
enhancement;b)implementationofauniformsegmentationmethodandoptimizingresultsbyfusion
ofbackgroundsubtraction;c)fusedtextureandshapefeaturesbasedonparallelmethodandselecting
thebestfeaturesusingminimumdistancevalues.TheselectedfeaturesarefedtoMulticategory
AVM(MSVM)forrecognition.

Thecontributionsofthisarticlearelistedbelow:

1) Inpreprocessing,ahybridtechniqueisimplementedforcontrastenhancementbasedonHSI
colortransformation.TheHuechannelisselected,andforegroundcontrastisincreasedbyusing
alogarithmicfunction.Finally,thelogarithmicimageisoptimizedbyperforminglinearcontrast
whichefficientlydistinguishedbackgroundandforegroundobjects.

2) A uniform segmentation method is implemented for ROI detection which improves the
segmentationperformancebyfusionofbackgroundsubtraction.Thefusionprocessisdoneby
mutualinformationmethod.
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3) Thetexture,geometricandshapefeaturesarefusedbasedontheparallelmethodandbestfeatures
areselectedbyminimumdistancevaluefeatures.Theminimumdistancefeaturesareselected
bytheirthresholdvalue.

BACKGROUNd

Inliterature,manyimageprocessingandmachinelearning-basedtechniqueshavebeenimplemented
forautomatedHGR.ForHGR,featuresextractionismuchimportantforachievinghighestaccuracy.
Recently,featuresextractiontechniquesaremostlyutilizedforseveralcomputervisionapplications
(FernandesandBala,2016;Amin,Sharifetal.,2017;Amin,Sharifetal.,2017;Fernandes,Gurupur
etal.,2017;Rajinikanth,Madhavarajaetal.,2017;Rajinikanth,Satapathyetal.,2017;Shah,Chen
etal.,2017;Shah,Sharifetal.,2017;Amin,Sharifetal.,2018;Ansari,Shahetal.,2018;Bhushan,
Dantietal.,2018;Bokhari,Syediaetal.,2018;Naqi,Sharifetal.,2018;Raja,Fernandesetal.,
2018;Rajinikanth,Fernandesetal.,2018;Ranjan,Aryaetal.,2018).Theresearchershadshown
closeattentionfortheviewinvariantHGR.Lishanietal.(Lishani,Boubchiretal.,2014)introduced
a supervised features extraction method that is useful for choosing the ideal features for HGR.
Theintroducedmethodefficientlyworksunderseveraleffectsandvariationssuchaswearingand
carryingconditions.TheHarlickfeaturesareextractedfromgaitenergyimageandshowimproved
performance on CASIA gait data set. Lishani et al. (Lishani, Boubchir et al., 2016) focused on
supervised features extraction method to select the best features under several challenges and
conditionssuchaswearing,carryingandfewmore.TheGaborfilter-basedfeaturesareextracted
andshowsignificantrecognitionperformanceunderthevariationeffects.Zengatal.(Zeng,Wanget
al.,2014)presentedaMBapproachforHGRbasedonDeterministicLearning(DL).Thesilhouette
based lower limb joint anglesareutilized for featuresextractionwhich is later identified theby
RadialBasisFunction(RBF)neuralnetworkandDLmethod.TheCASIA-AandCASIA-Bdata
setsareutilizedforevaluationhavingrecognitionrate92.5%and91.9%,respectively.Wangetal.
(Wang,Zhangetal.,2012)introducedanewtemporaltemplatemethodcalledChronoGaitImage
(CGI)forexplainingthespatial-temporalwalkingtoidentifyhumangaitandtoimproverecognition
performance.Thecontourimagesareextractedfromtheircorrespondingsilhouetteimagesbyutilizing
localentropymethodandtheirtemporalinformationisaddedintoCGIbyutilizingthemulti-channel
method.Experimentsareconductedonthreedatasetsandshowimprovedperformance.Liuetal.
(Liu,Yinetal.,2011)introducedanewmethodforHGRbyextractiongaitfeaturesofoutermost
contourintheframe.Theextractedfeaturesarehighindimensionwhichcanbereducedbyusing
PCA.Afterwards,MultipleDiscriminantAnalysis(MDA)methodisutilizedfortheoptimization
ofreducedfeaturesandNearestNeighborandExemplarsNearestNeighbor(ENN)classifiersare
utilizedforproducingfinalfeaturevectorforclassificationbyMulti-dimensionalScaling(MDS).
Theevaluationresultsshowimprovedperformanceoftheintroducedmethod.Huetal.(Hu,Wang
et al., 2013) presented a new framework for HGR. The presented scheme is built on silhouette
imageswhicharereplacedwithLocalBinaryPattern(LBP)flow.Thisflowworksbetterforcolor
imagesandgiveslotofdetailswiththehelpofshapeinformationandshowseffectivenessingait
recognition.Thismethodalsoreducesthecomputationaltime.Zengetal.(ZengandWang,2013)
describedaHGRapproachbasedonsilhouettefeatures.Itcombinesspatiotemporalmotionfeatures
andphysicalparametersofhumanbodytoanalyzeshapeparameters.Themethodisjustverifiedfor
thesequencewithalateralview.Ridaetal.(Rida,Jiangetal.,2016)describedanewframeworkfor
theselectionofmostdiscriminativepartsofhumanbody.Thismethodreducesintraclassvariation
andincreasesrecognitionaccuracyusingCASIAdataset.Ridaetal.(Rida,Almaadeedetal.,2016)
discussedanewmethodbasedonsupervisedfeatureextractionthatiscapabletochooseimportant
discriminativefeaturesofhumanbodyintheabsenceofcovariatefactorsusingCASIAgaitdatabase.
Lishanietal.(Lishani,Boubchiretal.,2017)extracteddetailedwaveletfeaturesforHGR.Thefeatures
arecalculatedinthedynamicareaofGaitEnergyImage(GEI)usingHaarwaveletdecomposition.
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TheextractedfeaturesarereducedbySpectralRegressionKernelDiscriminantAnalysis(SRKDA)
methodandidealfeaturesareselectedforclassification.TheKNNclassifierisusedforclassification
andevaluationisperformedonCASIAgaitdatasetwithrecognitionrate93%.Munifetal.(Alotaibi
andMahmood,2015)introducedaConvolutionalNeuralNetwork(CNN)modelforHGRwhichis
lesssensitivetoseveraltypesofchallengessuchasvariationandocclusion.Themajoradvantage
ofintroducedmethodisthatitcanbeeasilyimplementedonsmalldatasetswithoutanyfinetuning
andaugmentation.TheintroducedmethodperformssignificantlywellonCASIABdatasetand
achieved86.50%accuracyondifferentcrossviewsequences.Islametal.(Islam,Islametal.,2017)
introducedanewHGRmethodusingwavelet-based features.The frequencydomaindescription
ofinputsequenceisachievedbyFastFourierTransform(FFT).Lateron,aspectrumisobtained
byDiscreteWaveletTransform(DWT)andfourcoefficientsarecalculatedbysinglelevelwavelet.
Finally,entropy-basedfeaturesarecalculatedfromthesewaveletsandclassifiedbytemplatematching.
Theresultsrevealoutperformanceascomparedtoexistingmethods.Asummaryofgaitrecognition
techniquesinliteratureispresentedinTable1.

PROPOSEd METHOd

The proposed HGR approach comprises of four steps as shown in Figure 1. The preprocessing
step improveshuman region in thegivenvideosequenceand lateronextractshuman regionby
implementinguniformsegmentationandoptimizingitseffectsbyfusionofbackgroundsubtraction.
Texture, geometric and shape features are extracted from ROI and parallel fusion is performed.
Afterwards,afeaturesselectionalgorithmisimplementedtoselectthebestfeaturesfromfusedvector
basedonminimumdistancethatarelaterrecognizedbyOneagainstallSVM.

Table 1. Summary of existing gait recognition techniques

Reference Technique Features Classification Dataset

(Lishani,Boubchiret
al.,2014)

Harlickdescriptors
withSVMapproach
forGEIbased
recognition

Harlick OneagainstallSVM CASIA-B

(Lishani,Boubchiret
al.,2016)

Gaborfeatureswith
SRKDA Gabor SRKDA CASIA-B

(Zeng,Wangetal.,
2014) DLbasedrecognition Lowelimbpatterns RBFneuralNetwork CASIA-Aand

CASIA-B

(Wang,Zhangetal.,
2012) CGIapproach Entropyfeatures 1-NearestNeighbor

(1-NN)
USFHumanIDand
CASIA-B

(Liu,Yinetal.,2011) Outermostcontour
approach

Outermostcontour
features KNNandENN CASIA-B

(Hu,Wangetal.,
2013)

Incrementallearning
withLBPflow
approach

LBPfeatures HMM CASIA-Aand
CASIA-B

(ZengandWang,
2013)

DLbasedgait
recognition

Spatiotemporal
motionandphysical
features

RBFNN CASIA,CMUMoBo
andTUMGAID

(Alotaibiand
Mahmood,2015) CNNbasedapproach Deepfeatures CNN CASIA-B

(Islam,Islametal.,
2017)

Entropybased
featuresapproach Waveletfeatures Templatematching CASIA-B
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Preprocessing
Inthefieldofcomputervision,preprocessingstepplaysakeypartinimprovingthequalityofinput
image(Raja,Fernandesetal.,2018).Invideosequences,preprocessingstepimprovesthesubjective
qualityofextractedframes.Lowcontrastandvariationinextractedframescreateproblemsforhuman
extraction;hencepreprocessingstepisusedtoresolvetheproblemofocclusionandmotionanalysisin
givenvideosequences.Thisstepalsohelpsintracingrelevantfeaturesforthesegmentationstep.Inthis
article,anewhybridpreprocessingapproachisdesignedinwhichinitiallyHSIcolortransformationis
extractedtodifferentiatebetweenhumanandbackground.Afterwards,huechannelisselectedbased
ongoodvisualresultsandaweightedlogarithmicfunctionisperformedforimprovingthebrightness
ofmovingparts.Finally,alinearcontrastfunctionisappliedtoaweightedlogarithmicframefor
obtaininganewenhancedframewhichpossessessignificantlygoodvisualqualityascomparedto
theoriginalextractedframe.Thedetaileddescriptionisgivenbelow.

LetΦdenotesthegivenvideosequenceshavingseveralextractedframesdenotedby ¾ x y,( ) .
Theoriginalvideoframe¾ x y,( ) isacombinationofred,greenandbluechannelswhichareextracted
asfollowsinEquation(1):
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Where, �
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G

¾ , �¾
B
� denote the extracted red, green and blue channels, respectively. In

preprocessing,initiallyHIScolortransformationisperformedonoriginalframeandHuechannelis
extractedfromitbasedonhighintensityvalueandmoreinformationascomparedtoSandIchannels.
ThehuechannelisextractedbyEquation(2)andEquation(3)below:

Figure 1. Flow diagram of proposed method
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TheeffectsofHSIcolortransformationareshowninFigure2(b)andselectionofhuechannel
isshowninFigure2(c).

After that,aweightedlogarithmicfunctionis implementedwhichcontrols thevariationand
human movement in given video sequences. The major purpose of this weighted function is to
highlightmovingareainthevideo.TheweightedlogarithmicfunctionisdefinedasinEquation(4)
andEquation(5):

¾ É ¾
L H
x y log a x y, ,( ) = × + ( )( )  (4)

É ¾i i
i

H( ) = ( )
=
∑
0

1

 (5)

Where, É i( ) denotestheweightvaluewhichisbetween{0,1}.Theweightvalueofeachframe
iscalculatedbytheirpixelsvalues.Theparameteradenotesaconstantvalueinitializedas10.The
weightedlogarithmicfunctioneffectsareshowninFigure2(d).Finally,apiecewiselinearcontrast
methodisperformed,andanewenhancedframeisobtainedwhichefficientlyseparateshumanfrom
thebackgroundasshowninFigure2(e).Thelinearcontrastisdefinedasfollows:

Letthestartingpointof¾
L
x y,( ) luminanceis �x

l
, l l= … −0 1 2 3 1, , , , andthestartingposition

ofoutputluminanceisy
l
, l l= … −0 1 2 3 1, , , , .Thenthel-1transformfunctionisdefinedasfollows

inEquation(6):
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Where,¾
l
x y− ( )1
, isfinalenhancedframeasshowninFigure2(e).Theenhancedframeisfurther

utilizedinthenextsectionforhumanextractionthroughopticalflowandbackgroundsubtraction.

Human Extraction
Inthissection,humanisextractedfromframesusingimageprocessingmethodssuchasbackground
subtractionandopticalflow.Thehumanextractionisanimportantstepforidentifyingthegaitsuch
ascarryingbag,normalwalketc.ThebasicgoalofhumanextractionistodetectROIinthegiven
sequence.TheROIisusedtoextractusefulgaitfeatureswhichimprovetherecognitionaccuracy.In
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thisarticle,initiallythemotionfeaturesareextractedusingopticalflowforwhichHorn-Schunck
method(Barron1992)isutilized.Theenhanced ¾

l
x y− ( )1
, frameissetasaninputtoHorn-Schunck

methodwhichgivesthemostprominentmotionfeaturesintermsofspeedanddirectionofhuman
movementinframe ¾

l
x y− ( )1
, .Itestimatesthemotionofforegroundintimetto t+1 andprovides

theinformationofmovingregionsinthreedirectionssuchashorizontal,verticalandtime.Theframe
contrastattimetwithspatialpoints u v,( ) isdefinedby ¨ u v t, ,( ) inEquation(7).

¨ ¨u v t u x v y t t, , , ,( ) = +∆ +∆ +∆( )  (7)

Thenthecontrastconstancyassumptionrelationleadstotheequationwithchainruleasgiven
inEquation(8)below:

¨ ¨ ¨
u v t
x y+ + = 0  (8)

Where, x y, aretheparallelandverticalvectorsofopticalflow,respectively.Thenthevalue
ofchangeofforegroundcontrastwiththeconstraintofsmoothnessissettominimizeusingthesum
oferrorsshowninEquation(9):

¨ ¨ ¨ ¥
u v t u v u vg y g g dudv+ +( ) + + + ∝ − ∝( )2

2 2 2 2  (9)

Afterthat,themovingregionissegmentedbybackgroundsubtraction(Premalatha,Williams
etal.,2016).TheSobelfilterisusedtodrawedgesonmotionframetolocalizethefragmentobject.
TheSobelfilterisdefinedasinEquation(10):

E = ( )Ã ¨ ,where Ã∈ Sobel filter  (10)

Aftercalculationofhumanedges,a5×5matrixisconstructedasinEquation(11)whichcontains
foregroundandbackgroundpixels.

Figure 2. Frame preprocessing: a) original frame; b) HSI color transformation; c) Selection of hue channel; d) Weighted log 
transformation; e) Linear contrast stretching
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Intheaboveequation,1’sdenotetheforegroundpixelsand0’sasbackground.Aconvolution
operation is implemented tocombineedgesof foregroundandbackgroundpixels.Equation(12)
definestheconvolutionfunction.

smoothing con E M= ( )2 ,  (12)

The convolution filtering is used to modify the spatial properties of given frame because
convolutionisageneral-purposefilterwhichaffectsgivenframeorimage.Anintegermatrixofsize
5×5isappliedonmotionframetodeterminethevalueofcentralpixelbythesumofallneighborsof
weightedvalues.Finally,themeanvalueofresultantimageiscalculatedwhichconsistsofforeground
andbackground.Themeanvalueisutilizedtoseta thresholdfunctionforfinalbinaryimageas
followsinEquation(13):
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i i
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− <

− ≥
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+

0

1
1

1

µ

¼
 (13)

The above equation shows that if difference between F
i+1  and F

i
 is less than mean value,

backgroundisconsideredotherwiseforeground.Theeffectsofhumanextractionusingopticalflow
andimprovedbackgroundsubtractionareshowninFigure3andFigure4.

Features Extraction
Featuresextractionplaysakeyrolefortherepresentationofanimageinmachinelearningdomain.In
gaitrecognition,therawvideosequencesareverylarge;therefore,veryhighcomputationalsupport
isrequired.Moreover,severalhiddencharacteristicsareinvolvedintherawframeswhicharenot
visibleeasily.Inaddition,thereexistsmuchirrelevantandredundantinformationwhichaffectsthe
systemaccuracy.Therefore,strongandefficientfeaturesetisrequiredforanyrecognitionsystem.
Inthisarticle,HistogramofOrientedGradients(HOG),geometricandLocalBinaryPattern(LBP)
featuresarecalculatedfortheconstructionofacodebookbyparallelfusion.Theextractedfeatures
consistoftexture,geometricandshape.AllfeaturesareextractedfromROI.Thedetaileddescription
ofeachextractedfeaturesetisgivenbelowandalsoanoverviewisgiveninFigure5.

Shape Features
Inthissection,HOGfeatures(Khan,Sharifetal.,2017)areextractedknownasshapefeatures.The
HOGfeaturesareeasytoexpresstheshapeofanobjectandarerobusttovariationsingeometryand
illuminationchanges.TheROIframehavingsize128×64isusedforHOGfeaturesextraction.The
majorstepsincomputationofHOGfeaturesare:a)computethegradients;b)orientationbinning
suchascellsandvotes;c)descriptorblocks,andd)blocknormalization.Afterthesesteps,avector
isgeneratedofsize1×3780whichisreducedbyPCA.Themajorreasonoffeaturesreductionis
thatthehighdimensionalfeaturesdegradethesystemaccuracy.Therefore,throughPCA,areduced
vectorisobtainedofsize1×1000.
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Figure 3. ROI extraction using optical flow and improved background subtraction. a) Original frame; b) Horn-Schunck optical 
flow; c) Improved background subtraction; d) ROI extraction.

Figure 4. Human extraction results: a) Original frame; b) HSI transformation; c) Improved background subtraction frame.
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Geometric Features
Inthefieldofmachinelearning,geometricfeaturesareextractedtodeterminethedifficultyofoptical
tasksinthegivenscene.Themajorgoalofgeometricdescriptoristofindasetofrepresentative
features.Thegeometricfeaturessignificantlysolvetherecognitionproblemandalsoperformwell
invideo sequences topredict the subsequenceactions. In this article, sixgeometric featuresare
calculatedasgiveninTable2(Moustakas,Tzovarasetal.,2010).Foreachgeometricfeature,five
statisticalparametersareextractedsuchasmean,SD,variance,skewnessandSVD.Afterthat,all
geometricfeaturesarecombinedinonevector.

Texture Features
Invideosequences,theextractionoftexturefeatureshasmuchattentionbecauseoftheirtemporal
extent,spatialextentandchallengingbackgroundascomparedtostaticbackground.Thereexistseveral
challengesfordynamictexturefeaturesextractioningivenvideosequencessuchasacombinationof
shapeandmotionfeatures,extractionofrobustfeatures,illuminationfactorandhighvariationbetween
foregroundandbackground.Inthisarticle,theabovelistedchallengesareresolvedbyvolumelocal
binarypattern(VLBP)(ZhaoandPietikainen2007).Thesegmentedframeisgivenasaninputfor
texturefeaturesextraction.ThesimplefeaturesextractionfunctionofVLBPisdefinedasbelowin
Equation(14)andEquation(15):

VLBP V
l p r

q

p

q
q

, ,
=

=

+

∑
0

3 1

2  (14)

VLBP
vector

p= +23 2  (15)

Table 2. Description of extracted geometric features

Feature Name Description

Area ϕA = 




= =
∑∑
i

n

j

m

A i j
1 1

,

MajorAxisLength ϕmax a a= +
1 2

,wherea a
1 2
, aredistancepointsofellipse

MinorAxisLength ϕmin a a d= +( ) −1 2

2

Orientation Anglebetweenx-axisandmajoraxisofellipse

Perimeter ϕρ = +2 2l w ,whereldescribeslengthandwiswidth

Extent ϕ
ϕε =
A

Areaofboundingbox



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

77

Where,ldenotestimeinterval,prepresentsnumberoflocalneighboringpointsaroundcentral
pixelsofgivenframe,rshowstheradiusandq=1-p.Here,pisinitializedas4numbersofneighboring
pixels.HencethesizeofextractedVLBPfeatureis1×16384.Thesizeofextractedvectorisverybig
whichaffectsthesystemcomputationaltime.Therefore,tooptimizetheextractedVLBPfeatures,
entropyisimplementedonextractedvectorandsortintoascendingorder.Afterthat,top1000higher
valuefeaturesareselectedwhichlateronarefusedwithgeometricandshapefeatures.Thisisshown
inEquation(16)andEquation(17)below.

Entropy tex p VLBP p VLBP
i

N

i i

features

( ) = − ( ) ( )
=
∑
1

log  (16)

Vec VLBP Entropy tex VLBP
vector( ) = ( )  

, ²  (17)

Where, Entropy tex( )  denotes entropy calculation function, p shows probability of VLBP
featurevector,Vec VLBP( ) isfinalVLBPselectedvectorofsize1×1000andβissortingparameter.

Features Fusion
Fusionofmultipleinformationinonevectorisoneoftheemergingtechnologiesincomputervision
andmachinelearningbasedontheirseveralapplicationssuchasactionrecognition,handwrittentext
recognition,speechrecognition,medicalimaging,agricultureimagingandfacerecognition(Khan,
Sharifetal.,2017;Sharif,Khanetal.,2017;Khan,Akrametal.,2018;Khan,Akrametal.,2018;
Liaqat,Khanetal.,2018;Nasir,AttiqueKhanetal.,2018;Raza,Sharifetal.,2018;Sharif,Khanet
al.,2018;Sharif,Khanetal.,2018).Themajoraimoffeaturesfusionistocombinethediscriminative
andstronginformationofallextractedfeaturesinonevectortogivebetterperformanceandimprove
thesystemexecutiontime(FernandesandBala2016).However,thisstephasalimitationofdata
redundancy and addition of irrelevant information. Therefore, in this section, a threshold based
parallelfusionmethodisimplementedinwhichtheHOG,textureandgeometricfeaturesarefused
inonevector.Thedetaildescriptionoffeaturesfusionisdescribedbelow.
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Hence,thesizeoffusedvectoristhesizeofmaximumvectoras1×1000.Afterthat,themost
prominentfeaturesareselectedforfinalclassification.
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Features Selection
Inmachinelearningapplications,featuresselectiontechniquesshowbestperformanceascomparedto
reductionapproaches.Infeaturesselectiontechniques,onlybestsubsetoffeaturesischosenwhereas
inreductiontechniques,theoriginalfeaturesarechanged.Themajoradvantageoffeaturesselection
techniquesisthatitconsumesminimumtimeandproducesbestresults,butthelimitationisthatthe
predictionlevelisminimized(Saeys,Inzaetal.,2007).Inthiswork,purposeoffeaturesselectionis
toselectthebestanddiscriminativefeaturesforclassification.Theideabehindfeaturesselectionis
toreducetheredundancybetweenfeaturesandalsoimprovesthesystemaccuracyintermsofcorrect
recognitionrateandexecutiontime.Forstrongfeaturesselection,Euclidiandistanceiscalculated
betweenfusedfeaturesandminimumdistancefeaturesareselectedasshowninFigure5.Euclidian
distanceiscalculatedbyEquation(19).

d f f
i

N

i i
= −( )

=
+∑

1
1

2
 (19)

Theminimumdistancebetweentwofeaturesconsiders tobe thesameclassanda threshold
functionisimplementedforfinalselection.ThethresholdfunctionisdefinedasfollowsinEquation
(20).
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Itmeansthatminimumdistancefeaturesarecombinedtogetherandmaximumdistancefeatures
areremovedfromfinalselectedvector.Asaresult,anewminimumdistancevectorisobtainedwhich
is later fed to MSVM for gait recognition. The cost function of MSVM is defined as:

F
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i
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φ inEquation(21)andEquation(22).
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Figure 5. Description of parallel based features fusion and selection
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subjectto: y w x b
j i

T
j i j

i
j
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Ç

¶ ¶� φ( )+ ≥ − ≥( )1 0,  (22)

Where, �y
j

Ç

= 1 ify i
j
= elsey

j

Ç

= −1 .Theproposedrecognitioneffectsusingvideosequences
areshowninFigure6.

Experimental results
Toevaluatetheproposedalgorithm,threepubliclyavailabledatasetsareselectedsuchasCASIA-A
(Wang,Tanetal.,2003),CASIA-B(Wang,Garciaetal.,2017)andCAISA-C(Deng,Wangetal.,
2017)assampleframesareshowninFigure7.FiveclassificationmethodssuchasDecisionTree
(DT), LDA, MSVM, FKNN and Ensemble Boosted Tree (EBT) are performed to compare the
resultsofproposedalgorithmwithstandingmethods.Theperformanceonselectedclassification
methodsareconfirmedbysevenmeasuressuchasTruePositiveRate(TPR),FalsePositiveRate
(FPR),PositivePredictiveValue(PPV),FalseNegativeRate(FNR),FalseDiscoveryRate(FDR),
AreaundertheCurve(AUC)(Rajinikanth,Satapathyetal.,2017)andCorrectRecognitionRateor
Accuracy(CRR).ThroughCCR,theproposedresultsarecomparedwithexistingapproaches.The
comparisonisdoneintwosteps:a)therecognitionresultsareobtainedwithoutfeaturesselection
andserialbasedfusionmethod;b)therecognitionresultsareobtainedbyproposedthresholdbased
parallelfusionandfeaturesselectionmethod.AllresultsareobtainedonMATLAB2017ahaving
personalcomputerCoreI7with16GBRAMand8GBgraphicscard.

CASIA-A data Set
TheCASIA-Ahumangait recognitiondatasetconsistsof20subjects fewer than threedifferent
viewssuchaslateral,obliqueandfrontalviewinthreeangles.Allvideosarecapturedinanoutdoor
environmenthavingtheframerateof25frames/sec(FPS).ThesampleframesareshowninFigure

Figure 6. Visual results of proposed method for human gait recognition with label N (normal walk), W (wearing coat walk) and 
B (walk with bag)



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

80

7.A60:40approachisadoptedfortrainingandtestingthesystemandperforms10-foldvalidations.
The recognition results are evaluated in two steps.First, the recognition results are obtainedon
serial-basedfusionandwithoutfeatureselectionmethodinsteadofthresholdbasedparallelfusion
andfeaturesselectionmethod.ThemaximumrecognitionresultsofthisstepareachievedonMSVM
havingrecognitionrate98.6%asgiveninTable3.TheMSVMaccuracyisalsoprovedbyTable
4.Therecognitionresultsofthissteparegood,butitconsumestoomuchtimeforexecution.The
averageexecutiontimeofthisstepis7.234FPS.Inthesecondstep,proposedsystemistestedon
presentedmethodologyandachievedmaximumaccuracy98.9%aspresentedinTable5andproved
byTable6.Theaverageexecutiontimeofproposedmethodis2.301FPSwhichissignificantlywell
ascomparedtostep1experiment.Moreover,theproposedmethodiscomparedwiththeexisting
techniquesaspresentedinTable7whichshowstheauthenticityofpresentedmethod.

CASIA-B data Set
Thisdatasetconsistsoftotal124subjectsincluding93malesubjectsand31females.Itisknownas
abigmultiviewdatasetandallsequencesarecapturedunder11differentconditions.Besides,three
differentvariationsarepresentedinthisdatasetasshowninFigure7suchasviewangle,wearinga
coatandcarryingcondition.Forexperimentalresults,100subjects’dataiscollectedfromallthree
variationsandastrategyof60:40ismadefortrainingandtesting.10-foldvalidationsareperformed
foralltestingresults.Therecognitionresultsareattainedintwosteps.First,usingserial-basedfeatures
fusionandwithoutfeaturesselectionalgorithmandsecond,usingaproposedthresholdbasedparallel

Figure 7. Sample frames of selected data sets
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featuresfusionandfeaturesselection-basedmethod.Therecognitionresultsofbothstepsarepresented
inTable8andTable10.TheMSVMresultsarealsoprovedinTable9andTable11.Theproposed
methodachievedmaximumrecognitionrateas95.8%andrecognitiontimeis3.234FPSwhereasstep
1recognitionrateis93.5%andexecutiontimeis9.230FPSwhichgivestheauthenticityofproposed
system.Moreover,acomparisonofpresentedmethodisconductedinTable12andFigure8which
confirmsthevalidityofproposedmethod.

Table 3. Recognition results of CASIA-A data set using serial-based fusion and without features selection method

Classifiers Performance Measures

TPR FPR PPV FNR (%) FDR AUC CCR (%)

DT 0.934 0.324 93.46 5.3 6.53 0.960 94.7

LDA 0.954 0.019 97.23 3.1 2.76 0.991 96.9

MSVM 0.984 0.007 98.50 1.4 1.50 0.992 98.6

KNN 0.981 0.008 98.20 1.6 1.80 0.992 98.4

EBT 0.953 0.019 95.7 3.5 4.30 0.991 96.5

Table 4. Confusion matrix of CASIA-A data set using serial-based fusion and without features selection method

Class Walk 45 View Walk 90 View Walk parallel

Walk45View 96.4% 2.7% 1.0%

Walk90View 0.1% 100.0% 0.2%

Walkparallel 0.6% ---- 99.4%

Table 5. Recognition results of proposed method for CASIA-A data set using threshold based parallel fusion and features 
selection method

Classifiers Performance Measures

TPR FPR PPV FNR 
(%)

FDR AUC TNR 
(%)

NPV 
(%)

FOR 
(%)

CCR 
(%)

DT 0.938 0.032 94.03 5.0 5.96 0.963 94.29 95.74 4.26 95.0

LDA 0.958 0.017 97.06 2.9 2.93 0.988 96.99 97.89 2.11 97.1

MSVM 0.983 0.007 98.53 1.1 1.46 0.989 98.57 99.05 0.95 98.9

KNN 0.973 0.025 98.36 1.4 1.63 0.992 97.04 97.19 2.81 98.6

EBT 0.951 0.038 95.30 3.6 4.70 0.990 95.71 98.90 1.10 96.4

Table 6. Confusion matrix of proposed method for CASIA-A data set

Class Walk 45 View Walk 90 View Walk parallel

Walk45View 96.3% 2.9% 0.9%

Walk90View 0.1% 100.0% 0.2%

Walkparallel 0.6% ---- 99.4%
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CASIA-C data Set
Thisdatasetconsistsof153humanswithfourdifferentwalkingconditionssuchasnormalwalk,slow
walk,fastwalkandwalkwithcarryingitem.Thisdatasetisgeneratedbyalowresolutionthermal
cameraandallvideosarecapturedinthenight.60:40strategiesareadoptedwith10foldvalidations.
Twostepsareconductedforrecognitionresults.Proposedmethodwiththresholdbasedparallelfusion
andfeaturesselectionmethodachievedmaximumrecognitionaccuracyas97.3%whichissignificantly

Table 7. Comparison of proposed method with existing techniques for CASIA-A data set

Algorithms CCR (%)

Leeetal.(Lee,Hongetal.,2009) 91.25

Nandinietal.(Nandini,Sindhuetal.,2011) 78.75

Zengetal.(Zeng,Wangetal.,2014) 92.50

Proposedmethod 98.90

Table 8. Recognition results of CASIA-B data set using serial-based fusion and without features selection method

Classifiers Performance Measures

TPR FPR PPV FNR (%) FDR AUC CCR (%)

LDA 0.851 0.074 85.43 14.8 14.56 0.962 85.2

MSVM 0.933 0.032 93.56 06.5 06.43 0.975 93.5

KNN 0.874 0.062 87.56 12.5 12.43 0.905 87.5

EBT 0.865 0.067 86.83 13.4 13.16 0.949 86.6

Table 9. Confusion matrix of CASIA-B data set using serial-based fusion and without features selection method

Class Walk 45 View Walk 90 View Walk parallel

Walk45View 92.3% 4.4% 3.3%

Walk90View 1.6% 94.3% 4.2%

Walkparallel 2.1% 4.1% 93.8%

Table 10. Recognition results of proposed method for CASIA-B data set using threshold based parallel fusion and features 
selection method

Classifier Performance Measures

TPR FPR PPV FNR 
(%)

FDR AUC TNR 
(%)

NPV 
(%)

FOR 
(%)

CCR 
(%)

DT 0.736 0.130 84.86 14.9 15.1 0.802 93.18 91.49 8.51 85.1

LDA 0.946 0.026 94.60 5.4 5.4 0.992 96.29 97.90 2.1 94.6

MSVM 0.956 0.020 96.00 4.2 4.0 0.994 95.41 97.11 2.89 95.8

KNN 0.736 0.130 78.7 25.6 21.3 0.802 90.86 87.91 12.09 74.4

EBT 0.888 0.053 90.06 10.7 9.93 0.975 94.70 92.26 7.74 89.3
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Table 11. Confusion matrix of proposed method for CASIA-B data set

Class Carrying Bag Clothing Normal Walk

CarryingBag 98.3% ---- 1.7%

Clothing 1.8% 98.2% 0.2%

NormalWalk 5.8% 3.8% 90.4%

Table 12. Comparison of proposed method with existing techniques for CASIA-B data set

Algorithms CCR (%)

Liuetal.(Liu,Yinetal.,2011) 97.67

Wangetal.(Wang,Zhangetal.,2012) 91.57

Huetal.(Hu,Wangetal.,2013) 94.00

Lishanietal.(Lishani,Boubchiretal.,2014) 83.00

Zengetal.(Zeng,Wangetal.,2014) 91.90

Ridaetal.(Rida,Almaadeedetal.,2016) 81.40

Ridaetal.(Rida,Jiangetal.,2016) 88.75

Lishanietal.(Lishani,Boubchiretal.,2016) 90.14

Proposedmethod 95.80

Figure 8. Comparison of proposed method with existing techniques
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wellascomparedtostep1recognitionresultsof96.9%withserialbasedfeaturesfusionandwithout
featuresselectionmethod.TherecognitionresultsofbothstepsarepresentedinTable13andTable
15whichareprovedbyTable14andTable16.Theexecutiontimeofproposedmethodforthisdata
setis2.009FPSwhichisbetterthanstep1(5.967FPS)asshowninFigure9.Moreover,inTable
17,acomparisonisconductedwhichshowsrealismofpresentedmethod.

dISCUSSION

Theproposedmethod is interpreted in this sectionwithvisual and tabular results.As shown in
Figure1,fourstepsareperformedinthismethod.Thepreprocessingstepremovesthenoisyeffects
andclearstheforegroundasshowninFigures2,3,and4.Afterthat,multiplefeaturesarefused
usingthresholdbasedparallelfusionandbestfeaturesareselectedbytheEuclidiandistance-based
methodaspresentedinFigure5.ThentheselectedfeaturesarefedtoMSVMforgaitrecognition.
ThevisualeffectsofproposedmethodareshowninFigure6.Forexperimentalresults,theproposed
methodiscomparedwithserial-basedfeaturesfusionandwithoutfeaturesselectionmethodsonall

Table 13. Recognition results of CASIA-C data set using serial based fusion and without features selection method

Classifier Performance Measures

TPR FPR PPV FNR (%) FDR AUC CCR (%)

LDA 0.868 0.041 89.47 11.8 10.52 0.976 88.2

MSVM 0.964 0.010 97.10 3.1 2.80 0.995 96.9

KNN 0.965 0.010 97.25 3.1 2.75 0.977 96.9

EBT 0.958 0.011 96.70 3.5 3.30 0.993 96.5

Table 14. Confusion matrix of CASIA-C data set using serial based fusion and without features selection method

Class Carrying Bag Fast Walk Normal Walk Slow Walk

CarryingBag 99.4% 0.3% ---- 0.3%

FastWalk ---- 91.8% 0.4% 7.8%

NormalWalk ---- 1.6% 96.6% 1.9%

SlowWalk ---- 1.4% 0.2% 98.4%

Table 15. Recognition results of proposed method for CASIA-C data set using threshold based parallel fusion and features 
selection method

Classifiers Performance Measures

TPR FPR PPV FNR 
(%)

FDR AUC TNR 
(%)

NPV 
(%)

FOR 
(%)

CCR 
(%)

LDA 0.869 0.040 89.60 11.8 10.4 0.975 91.10 89.98 10.02 88.2

KNN 0.966 0.009 97.27 3.0 2.72 0.995 98.52 97.75 2.25 97.0

MSVM 0.969 0.008 97.45 2.7 2.55 0.979 97.45 98.80 1.2 97.3

EBT 0.957 0.012 96.82 3.6 3.17 0.987 97.78 97.41 2.59 96.4



Journal of Organizational and End User Computing
Volume 32 • Issue 2 • April-June 2020

85

Table 16. Confusion matrix of proposed method for CASIA-C data set

Class Carrying Bag Fast Walk Normal Walk Slow Walk

CarryingBag 99.1% 0.8% 0.2% 0.3%

FastWalk 0.3% 96.8% 1.0% 2.9%

NormalWalk 0.6% 1.2% 98.1% 1.1%

SlowWalk ---- 1.2% 0.6% 95.8%

Table 17. Comparison of proposed method with existing techniques for CASIA-C data set

Algorithms CCR (%)

Tanetal.(Tan,Huangetal.,2006) 82.25

Zhangetal.(Zhang,Zhaoetal.,2010) 87.01

Zengetal.(Zeng,Wangetal.,2014) 90.20

Proposedmethod 97.30

Figure 9. Execution time of selected datasets
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threeselecteddatasetsandtheirresultsarepresentedinTable3,Table5,Table8,Table10,Table
13andTable15,respectively.Table3andTable5representtherecognitionaccuracyonCASIA-A
datasetas98.6%withoutfeaturesselectionand98.9%withfeaturesselection.InTable8andTable
10,theCASIA-Bdatasetresultsaregivenandachievedaccuracywithoutfeaturesselectionandwith
featuresselectionas93.5%and95.8%,respectively.Similarly,inTable13andTable15,resultsare
achievedonCASIA-Cdatasetandachievedrecognitionrateas96.9%and97.3%.Theresultsshow
thattheproposedfusionandselectionmethodisoutperformedonselecteddatasets.Therecognition
resultsarealsoprovedbyTables4,6,9,11,14and16,respectively.

Additionally, fewnewperformancematricesarecalculated forproposedparallel fusionand
selectionapproachsuchasTNR,NegativePredictiveValue(NPV),FalseOmissionRate(FOR)and
FPRasgiveninTables5,10,and15.InTable5,thesecalculatedmeasuresforCASIA-Adataseton
MSVMare98.57%,99.05%,0.95%and0.007,respectively.SimilarlyinTable10andTable15,these
measuresarecalculatedandvaluesonMSVMare95.41%,97.11%,2.89%,and0.020forCASIAB
datasetand97.45%,98.80%,1.2%,and0.008forCASIACdataset.Thesemeasuresshowthatthe
proposedmethodaccuratelyrecognizedhumangaitinthevideosequences.

TheclassificationcomparisononallselecteddatasetsisshowninFigure10whichprovesthat
MSVMperformssignificantlywell.Moreover,theexecutiontimeofproposedmethodisconsiderably
wellascompared toa serial-basedmethodandwithout features selectionas shown inFigure9.
Finally,theproposedmethodiscomparedwithexistingmethodsaspresentedinTables7,12and17
whichshowsitsauthenticity.

CONCLUSION ANd FUTURE wORK

Inthisarticle,amethodforautomaticHGRispresentedinthegivenvideosequencesusingparallel
featuresfusionandEuclidiandistancebasedbestfeaturesselection.Fourseriesofstepsareperformed
likepreprocessing,humanextraction,multiplefeaturesextractionandbestfeaturesselectionand
recognition.Initially,therawvideoframesareenhancedandlateronopticalflowandbackground
subtractionmethodisutilizedforhumanextraction.Texture,HOGandgeometricfeaturesarefused
byusingathresholdbasedparallelmethodandbestfeaturesarechosenbydeterminingtheEuclidian
distancebetweenthem.TheselectedfeaturesarefedtoMSVMforfinalrecognition.Threepublicly
availabledatasetssuchasCASIA-A,CASIA-BandCASIA-Careutilizedandachievedrecognition
ratesas98.90%,95.80%and97.30%,respectively.Theproposedsystemisalsocomparedwithexisting
methodswhichshowstheeffectivenessofpresentedmethod.

However,thisworkhasfewlimitationssuchascameraviewpointanddynamicbackground.
Thismethoddegradestherecognitionaccuracywhenseveralcamerasareutilizedforgaitmonitoring.
Moreover,thedynamicenvironmentisnotcompatibleforthisapproachbecauseitisproposedfor
staticenvironment.Infuture,theabovesystemcanbeconvertedintodeeplearninganddeepfeatures
canbeextractedinsteadofshape,textureandgeometric.Thedeepfeaturesefficientlyworkinreal
timevideosequencesandalsotakelesstimeforsystemexecution.Inaddition,throughdeeplearning,
challengesofdynamicenvironmentcanbesolved.Moreover,thedeepfeaturesmodelcanbeapplied
onbigdatasetstotestthescalabilityandexecutionofthesystem.
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Figure 10. Comparison of MSVM recognition accuracy with LDA, DT, and KNN on all three selected datasets
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