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ABSTRACT

Thesecurityofpeoplerequiresabeefyguarantee inoursociety,particularly,with thespreadof
terrorismthroughouttheworld.Inthiscontext,palmprintidentificationbasedontextureanalysis
isamongstthepatternrecognitionapplicationstorecognizepeople.Inthisarticle,theresearchers
investigatedadeeptextureanalysisforthepalmprinttexturepatternrepresentationbasedonafusion
betweenseveraltextureinformationextractionsthroughmultipledescriptors,suchasHOGandGabor
Filters, Fractal dimensions and GLCM corresponding respectively to the frequency, model, and
statisticalmethodologies-basedtexturefeatures.Theyassessedtheproposeddeeptextureanalysis
methodaswellastheapplicabilityofthedimensionalityreductiontechniquesandthecorrelation
conceptbetweenthefeatures-basedfusiononthechallengingPolyU,CASIAandIIT-DelhiPalmprint
databases.Theexperimentalresultsshowthatthefusionofdifferenttexturetypesusingthecorrelation
conceptforpalmprintmodalityidentificationleadstopromisingresults.
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INTRoDUCTIoN

Theneedforautomatedsecureaccesstophysicalorvirtualenvironments,especiallyforpersonalized
services,isgrowing.Theseneedsrequirereliablemeanstoverifytheidentityofapersonwhois
havingaccesstothesystem.However,conventionalmeans,suchaspasswordsormagneticcards
associatedwithapersonalcode,haveanumberofshortcomings.Forinstance,apasswordmaybe
forgottenorstolenbyanotherindividual,orevengiventosomeoneelseandaccesscardsmayalso
belostorstolen.

Thisishowthescienceofautomaticidentificationofpeoplethroughtheexploitationoftheir
uniquephysicalandbehavioraltraits,suchasface,signature,voice,fingerprints,shapeofthehand,
palmprint,etc.,appearedthemostreliablesolution.Eachofthesedifferenttraitsiscalledbiometric
modality.

Amongthesephysicalmodalities,weareinterestedinthepalmprint,whichisthemostmature
biometrictechnologythathasbeenusedformorethanacentury.Hitherto,moreattentionhasbeen
paidtopalmprintidentificationsystemsthroughresearchteamsbecauseitpresentsdiverseadvantages
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comparedtoothermodalitiesinthebiometricsystemsuchasitsusability,stabilityovertime,low
cost,affordablematerials,highrecognitionaccuracy,etc.

Thepalmprintisparticularlysolicitedinbiometrics:it istheinsideofthehandbetweenthe
wristandtherootsofthefingers.Itillustratesthemostdiscriminatingphysicalcharacteristicfor
therecognitionofitsskinpatternsincludingboththeprincipallinesandthetexturerepresentations,
whichareappropriatedfortheuseoftherealapplicationwithinpalmprintrecognition.

Infact,anoverviewoftherelatedworkmethodsaboutpalmprintidentificationapplicationsis
presented.Tillnow,thesealreadyexistingapplicationscanbedividedintotwopopularcategories,
GlobalapproachandStructuralapproach,basedmainlyontheextractionandtheanalysisof the
differentpalmprintrepresentations.

Structural approaches:Theyanalyzethestructureofthepalmprintandincludethepalmprintlines,
suchastheprincipallines(cf.,(Han,Cheng,Lin,&Fan,2003),(Mokni,Drira,&Kherallah,
2017a),etc.),thewrinkles(cf.,(Chen,Zhang,&Rong,2001),etc.),theridgesandminutiae(cf.,
(Duta,Jain,&Mardia,2002),etc.)forrepresentedthepalmprintpattern.

Althoughthistypeofapproachreliesontakingintoaccountthestructuralparticularityofthe
palmprintrepresentationssinceitisstableovertime,unluckily,thoserepresentationsalonecannot
providesatisfactoryinformationtoidentifythepersonefficiently.

Global approaches:Theyusethewholeareaofthepalmprintasinputtotheirrecognitionalgorithm.
Overrecentyears,researchershavebeeninterestedinthistypeofapproachthatpresentsdifferent
descriptorsormethodstoanalyzethetexturepatternofanimage.Infact,differentproposalshave
beenpresented.Wedistinguishthreemethodologiesbasedonthetexturefeatureanalysissuch
asStatistical,FrequencyandModel.Eachoneoftheminvolvesvariousdescriptors.

Infact,(1)StatisticalmethodologyincludesEigenpalms(cf.,(Lu,Zhang,&Wang,2003),etc.),
Fisherpalms(cf.,(Wu,Zhang,&Wang,2003),etc.),LocalBinaryPattern(LBP)(cf.,(Hammami,
Ben-Jemaa,&Ben-Abdallah,2014),etc.),GrayLevelCo-occurrenceMatrix(GLCM)(cf.,(Latha
&Prasad,2015)),(Mokni,Elleuch,&Kherallah,2016),etc.),(2)Frequencymethodologyinvolves
differentdescriptorssuchasGaborfilters(GF)(cf.,(Kumar&Shekhar,2010),(Ben-Khalifa,Rzouga,
&BenAmara,2013),etc.),Scale-InvariantFeatureTransform(SIFT)(cf.,(Hammamietal.,2014)),
Wavelets(cf.,(Kekre,Sarode,&Tirodkar,2012),etc.),and(3)ModelmethodologygroupsBlanket
orFractal,Multi-Fractaldimensions(cf.,(Guo,Zhou,&Wang,2014),etc.).

SomeresearchstudiesmentionedaboveproposedseveralapproachesthatusedtheStatistical
andtheFrequencymethodologies-basedtexturefeature,separately(cf.,(Hammamietal.,2014)and
(Ben-Khalifaetal.,2013).

AlthoughsomeofthepalmprintbiometricsystemsbasedonasingleAnalysisofitsfeatureshave
reachedaperformancewhichseemsefficientforrecognition,theyhavesomeissuesthatmakethem
uselessinallcurrentapplications.Theseissuescanemergeinnumerousproblemsduetouncontrolled
environmentalconditions,lackofrepresentationindividuality(e.g.,intra-classvariation,inter-class
similarities),lackofsecuritylevel(e.g.,fraudattacksorspoofing),andsoon.

Thereareseveralchallengingproblemsrelatedtothetexturepattern,whichinclude,forinstance,
theintra-classvariationsandinter-classsimilarityofthetextureskinpatternaffectedbytheaging,
contraction,stretchingandlighting,etc.Anyvariabilitycanbeamajorsourceofdifficultyofperson’s
identificationinarealapplication.Todealwithsomeoftheseproblemsandincreasethelevelof
security,adeepanalysis,whichisbasedonthecombinationoftheinformationpresentedbyseveral
analysesoftexturerepresentation,mayallowamorepreciseidentificationoftheidentity.Thisis
called Intra-Modal biometric system based on Multi-Analyses of texture features for palmprint
biometricsystem.
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Thus, in this paper we propose to fuse several texture features extracted through multiple
descriptorsbelongingtodifferentanalysismethodologiesforefficientpalmprintidentification.The
maincontributionsofthisworkarethefollowing:

• Global feature representing the whole texture part of the palmprint having more pertinent
featuresasaninputtoourpalmprintbiometricrecognitionalgorithm.Actually,theprevious
textureinformationanalysis-basedapproachesdidnotinvestigatethedeepanalysisofitsfeatures
incorporatingthecorrelationconceptbetweenthem.Forthisreason,wedescribethepalmprint
imagebymultipledescriptorsthatbettercharacterizethetexturepatterninformation;

• Thesedescriptorsareinvarianttodifferentvariationsproducedinanunconstrainedenvironment.
They ensure a simple calculation enabling to analyze the images in real time applications.
Therefore,thetextureinformationisinvestigatedusingthreemethodologiesbasedonthetexture
featuresanalysis,likeModel,StatisticalandFrequency.Insodoing,thepalmprinttextureis
firstlyextractedbasedontheFrequencymethodologyrelyingontheHOGandGFdescriptors.
Moreover,itisalsoanalyzedbasedontheModelandStatisticalmethodologiesrelyingonFractal
DimensionandGLCMdescriptors,respectively;

• Fourfeaturevectorswhichcorrespondtothethreeproposedmethodologiesareextracted.Some
ofthesevectorshavehighdimensions,whichleadstothedimensionalityproblems.Inorderto
dealwiththisproblem,weapplieddimensionalityreductiontechniquesnamedsuchasPrincipal
ComponentAnalysis(PCA)orGeneralizedDiscriminantAnalysis(GDA)inordertoincrease
theperformanceanddecreasethecomputationalcomplexity;

• Fusion between the texture information analysis methodologies, like Model, Statistical and
Frequency, is applied.Theuseddescriptorsbelonging todifferentmethodologiesof texture
analysisgivemultipleindependentfeatureswhichhavedifferenttypesofinformation;

• Thisfusionbetweenthesefeaturesaswellastheincorporationofthecorrelationanalysisbetween
themusingthefusionatfeaturelevel,namelyMulti-setCorrelationCanonicalAnalysismethod,
produceacomplete,relevantanddiscriminanttextureanalysis;

• Asfarasclassificationisregarded,weadvocateemployingthemulti-classversionofboththe
SVMandRandomForestclassifiers;

• AnextensiveempiricalanalysisinvolvingthreefamousdatasetswhicharePolyU-Palmprint,
CASIA-PalmprintandIIT-Delhi-Palmprintdatasets.

Thereminderofthispaperisstructuredasfollows:InSect.2,theoverviewoftheproposeddeep
analysisapproachanditsphasesaredetailed.Theuseddatasetsandtheexperimentalresultsinterms
ofaccuracyofpalmprintidentificationincomparisonwithstate-of-the-artmethodsaredescribedin
Sect.3.Lastly,aconclusionandsomefutureresearchdirectionsarediscussedinSect.4.

oUR PRoPoSeD APPRoACH

AnoverviewoftheproposedapproachisgiveninFigure1thatdisplaysseveralfollowedphasesinour
palmprintidentificationsystemsuchas(1)HandPalmprintAcquisition(2)PalmprintPreprocessing(3)
FeatureExtraction(4)Featurevectorsdimensionalityreduction,(5)FeatureFusion,(6)Classification
and(7)Decision.

Therefore,wefirstusethepalmprintimagefromdataset.Then,weapplythepreprocessingprocess
onthepalmprintimageinordertoextracttheregionofinteresthavingthemostdiscriminatoryfeatures
foridentification.Next,severalanalysesareappliedusingseveraltextureanalysismethodologies
(e.g.,Frequency,ModelandStatisticalmethodologies)basedonmultipledescriptors(e.g.,HOG,
Gabor, Fractal Dimension and GLCM descriptors). After that, several dimensionality reduction
techniques(PCAandGDA)areusedinordertopickupthepertinentfeatures,reducethelengthof
thefeaturevectorsandtheirredundancies.Successively,fusionatfeaturelevelbasedonMulti-set
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CanonicalCorrelationAnalysis(MCCA)techniqueisperformedtobuildthefinalfeaturevector.
Finally,thepalmprintidentificationisperformedbySupportVectorMachine(SVM)andRandom
Forest(RF)classifiers.

Inthefollowingsubsections,wewilldetaileachofthesephaseswhiledescribingitsdifferent
basicusedconceptsandtechniques.

Palmprint Preprocessing
Thepalmprintpreprocessingisaparamountphaseinthegeneralbiometricsystem.Itisdevotedfor
extractingtheRegionofinterest(ROI)whichhasdiscriminatoryandimportantfeaturesofrecognition.
Thismoduleincludesthreemainsteps(seeFigure2),namely:Edgedetectionofthehand,Coordinate
systemStabilizationandROIPreprocessing,whicharedescribedindetailin(Mokni&Kherallah,
2016a),(Mokni,Mezghani,Drira,&Kherallah,2017).

Inthefollowing,webrieflyremindthesesteps:

1. Edge detection of the hand:Thefirststepofthepreprocessingmoduleaimstoextractthehand
edgeinorderthatwecanlocalizethefinger-websaddressingtostabilizetheROI.So,wefirstly
convertedtheinputhandimageintobinaryimageusinganautomaticthresholdingtechniquesuch
astheOtsutechnique(Otsu,1979).Then,weemployedtheMorphologyoperationsincorporating
theclosingandtheopeningoperationsinordertoavoidsomeidentificationproblemswhichare
foundedwhentheusersplacetheirhandsinfrontofthecamerawithwearingaccessoriesasthe
rings.Finally,wedetectedthecontourofthehandandappliedthesmoothingfilter;

2. Coordinate System Stabilization:Thesecondstepfocusesonthestabilizationofthecoordinate
systeminordertoextracttheROI.Forthisend,webeginbyadjustingthehandimagewithits
contouranddetectingitscentroidasareferencepoint.Subsequently,weextractedthefinger-
websinordertoobtainastablecoordinatesystemwhichenablesustoextractandlocatethe
ROIsquare;

Figure 1. Overview of our proposed approach
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3. ROI Preprocessing:AftertheROIsquareextractionandlocalization,itisnecessarytofixits
sizetoS×SwithS=128pixelsandthenrotateittoaverticalposition.Lastly,weappliedalow
passfiltertoenhancethequalityofROIinordertorestrictthenoise.

Deep Analysis of Palmprint Texture Representation
DeepanalysisbasedontheMultianalysesofthetexturerepresentationfeaturesofpalmprintmodality
isconductedusingdifferentdescriptors.Then,afusionbetweentheextractedfeaturesisperformed;
sothatwecanachieveaneffectiverecognitionsolutiontoidentifythepersons.Thesedescriptors
show their robustness against the numerous challenges and variation of palmprint produced in
unconstrainedenvironments.

Feature Extraction Based on Multiple Analyses
In this section,webrieflydescribed thedifferent featureextractorsused in thepresentwork for
palmprinttextureanalysisstudiessuchastheHistogramsofOrientedGradients(HOG)(Dalal&
Triggs,2005),GaborFilter(GF)(Lee,1996),theFractalDimension(FD)(Mandelbrot,1975)and
theGrayLevelConcurrenceMatrix(GLCM)(Haralick,1979)descriptors.

Thesedescriptorscharacterizeandanalyzethetexturepatternandshowtheirrobustnessagainst
thedifferent transformations in termsofposition, lightingvariations and texturedeformationof
palmprintthatareproducedinanunconstrainedenvironmentduringtheacquisitionofanimage.

Frequency Methodology Based on Histograms of Oriented Gradients Descriptor (HOG)
HOG descriptor is introduced by Dalal and Triggs (Dalal & Triggs, 2005) to extract the local
appearanceandshapeofobjects (humanbody).Thisdescriptor isalsoconsideredasoneof the
efficientfrequencymethodsusedtoextracttherelevanttexturefeaturesoftheimageinliterature.
Themainobjectiveoftheseextractedfeaturesistheirinvariancetodifferentobjecttransformations
andvariations(e.g.,texturedeformation,lightingconditions,etc.).

Inourproposedsystem,inordertodetailtheprocessofcalculatingtheHistogramofOriented
Gradient,weareinitiallydescribedasthedistributionorhistogramsoftheorientationofgradients
whichmeanstothedistributionofthelocalintensitygradientsoredgedirectionsofanimagebeing
calculatedfromsmallconnectedregions.

Figure 2. The Palmprint Preprocessing: (1) Edge detection of the hand; (2) Coordinate system stabilization; and (3) ROI 
preprocessing
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Tothisend,practically,theimagewindowisdividedintosmallconnectedspatialregionsnamed
cells,foreachcellassemblingalocal1-Dhistogramofgradientdirectionsoredgeorientations(1-D
gradientfiltermask[-101])overthepixelsofthecell.Thecombinedhistogramentriespresentthe
representation.Thegradientsofanimagearesensitivetooveralllighting.Infact,forbetterinvariance
toillumination,shadowing,thelocalhistogramswerecontrast-normalizedbycalculatingameasureof
thelocalhistogram“energy”overalargerregionoftheimage,calledblocks,andhenceutilizingthis
valuetonormalizeallcellsinsidetheblock.Thisprocessaimstonormalizethehistogram,soitisnot
affectedbylightingvariations.Notethattheseblockstypicallyoverlap.Thisnormalizeddescriptor
canbereferredasHistogramofOrientedGradient(HOG)descriptors.Fourtypesofnormalization
areexplored:L2-norm,L2-Hys,L1-sqrt,andL1-norm.InourexperimenttheL2-normschemewas
employedthankstoitsmoreusedfactorinpatternrecognitionapplication:
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,εisaconstantoflowvalueandFisthenormalizedHOGdescriptorfeaturevector.
Thereexisttwomainblocks:RectangularR-HOGblocksandCircularC-HOGblocks.Inour

experiments,theHOGdescriptoriscalculatedoverR-HOGblocksthatarethesquaregrids.
DuringthecalculationoftheHOGvectorfeatures,itcanbenotedthateachpixelwithinthe

imageaidsinthemagnitudeofitsgradienttoahistogramorientationbinwhichcompatibletothe
orientationofitsgradient.Thegradientorientationsareaccumulatedinto9orientationbins.The
descriptoroftheobjectofinterestwouldthenberepresentedbythehistograms.Thefeaturedescriptor
ismeasuredbythecombinationofthehistogramsfromeachblock.Therefore,thefeaturevector
dimensionof theHOGdescriptor is computed although themultiplicationbetween the selected
numbersoftheblocksandtheorientationbins.Practically,wehavedividedtheimageinto10×10
rectangularblocksand9binhistogramsperblocks.The10×10blockswithninebinswerethen
concatenatedtomakea900-dimensionalfeaturevector:(FVHOG = × × =( )10 10 9 900 ).

Frequency Methodology Based on Gabor Filter Descriptor
TheGaborFilter(GF)isoneoftheearliestandvaluablefrequencymethodsusedtoanalyzethe
textureoftheimage.ThemainlyadvantageofGFfocusesontheirdifferentchallengingandvariability
concerningtherotation,position,translation,scaleandlightingconditionsofpalmprinttextureimage
inunconstrainedenvironments.TheGaborfilterisbasedonextractingdirectlythetexturefeatures
fromtheGraylevelimages.Inthespatialdomain,a2-DGaborfilterbasedinbothfrequency(scale)
andorientationisaGaussiankernelfunctionmodulatedbyacomplexsinusoidalplanewave,defined
asthefollowingequation:
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whereµrepresentsthecentralfrequencies(scale)ofthesinusoidalplanewaveandνistheorientation
ofthenormaltotheparallelstripesofaGaborfunction.σisthestandarddeviationoftheGaussian
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envelope,ϕisthephaseoffsetandγistheratioofthespatialaspectthatstipulatestheellipticityof
theGaborfunctionsupport.Inourexperimentalevaluations,thepalmprintimageisconvolvedwith
G=40Gaborfiltersatfivefrequencies(µ=5)andeightorientations(ν=8),asillustratedinFigure
3.WepursuetoapplythesameGaborfiltersparameterssuggestedbyHaghighatetal.(Haghighat,
Zonouz,&Abdel-Mottaleb,2015)tobuildthefeaturevector.Thus,letusdefinethatwecalculated
thevectordimensionas:

FV S S d d
GF
= × × × ×(( ) ) ( )µ ν  (3)

whereS=128pixelsisthesizeofpalmprintROIimage,µ=5isthenumberoffrequencies,ν=8is
thenumberoforientationsandd=4isthefactorofdownsamplingthefeaturesthatisusedtoreduce
theredundancyofthetextureinformationproducingbythecorrelationbetweentheadjacentpixels
inpalmprintROIimage.Therefore,thedimensionofthefeaturevectorisequalto(128×128×40)/
(4×4)=655,360/16=40960.Inaddition,thisvectorisnormalizedtozeromeanandunitvariance.

Model Methodology Based on Fractal Dimension Descriptor
FractalDimension(FD)methodisoneoftheeffectivemethodsusedtoextract theModelbased
texturefeatures.Itisconsideredasawidelyapplieddescriptor,especiallyforanalyzingthetexture
representation,inseveralfieldslikethesignaturerecognition(Zouari,Mokni,&Kherallah,2014),
palmprintrecognition(Mokni&Kherallah,2016b),writtenidentification(Chaabouni,2014),etc.

A fractal object has a very complicate shape which is a collection of different sub-objects
recurringindifferentscales.Severalmethodsareproposedtocomputethefractaldimensionlikethe
BoxCounting(BC),DifferentialBoxCounting(DBC),MassRadius(MR),CumulativeIntersection
(CI),etc.Amongthesemethods,theBCisthedeeplyusedmethodtoestimatethefractaldimension
andanalyzethetextureshapethankstoitsutilitytodescribetheinterruptionandcomplexityofthe
imagetexture.

TheultimateprincipleofBCmethodfocusesonconvertingtheinputimagetobinaryimageand
thensplittingitintoaboxesnumberwithseveralscalesε.Afterthat,itisnecessarytocomputethe
numberofboxesincludingtheshapeinformationN(ε)foreachscale.Thus,thefractaldimensionFD
isobtainedbyaleastsquaresregressionmethod,asillustratedinthefollowingequation:

Figure 3. Applying Gabor filter descriptor on palmprint image: (a) The extracted palmprint ROI; (b) The real part with applying the 
Gabor filter in five frequencies and eight orientations on the palmprint image
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Inourexperiments,weproposedamethodtoprovidetheshapeinformationinhorizontaland
verticalspacesofpalmprintROIimage.Inthiscase,wedividedit,sequentially,intor × rsubregions
equivalentsquares.Itisimminentthatthevaluer=10ischosenafterasetofexperiments.Foreach
sub-region,thefractalDimensionFDiscalculated.

Therefore,weobtainedasequenceofFDsforthewholeinputpalmprintROIimagepresented
bythefollowingfeaturevector:

FV FD FD FD
FD r r
= ( )

×1 2
, ,...,  (5)

Statistical Methodology Based on Gray Level Concurrence Matrix Descriptor
TheCo-occurrenceMatrix(GLCM)isoneof therobuststatisticalmethodsusedtodescribe the
imagetexture.Thismethodpresentsamatrixwhichcontainsvaluableinformationaboutthestatistical
distributionofintensitiesandprovidesinformationabouttherelativepositionofneighborhoodpixels
oftheanalyzedimage.

Morespecifically,letushaveanimageImg,ofsizeS × S,theGLCMmatrixGmcanbedefined
byRiabaricet al.,(Ribaric&Lopar,2013)as:Gm(i, j, δ; θ),sizeG×G,wherethevaluesofthepixels
arequantizedintoGlevels,containsattheposition(i, j)anumberofoccurrencesofapairofpixels
thatareattheoffsetδ=1,2,3,… etc,(theoffsetδisadistancebetweenthepixel-of-interestand
itsneighbor)inthedirectionθ=0◦,45◦,90◦,135◦(θistheanglebetweenthepixel-of-interestand
itsneighborortherotationangleofanoffset),whereonepixelhasagray-levelvalueiandanother
pixelhasagray-levelvaluej.

Inliterature,HaralickdescribedfourteenstatisticalHaralickfeaturestonormalizethegraylevel
co-occurrencematrices.Inourempiricalexperiments,weappliedonlysixofthesefeatureswhichare:
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• Entropy:
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• HomogeneityorInversedifferencemoment:
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whereGmisGLCMmatrixandGisGreyScalevalue,μisthemeanvalue.

• Correlation:
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whereGmisGLCMmatrixandGisGreyScalevalue,μx, μyarethemeanvalueandσx, σyarestandard
deviationalongtwoaxesXandY.

Inthiswork,wefollowthesameparametersproposedby(Mokni,Mezghani,etal.,2017)to
constructthefeaturevector.So,thenumberofgraylevelsofpalmprintROIisG=256.Wehavesplit
eachROIintosmall8×8sub-imagesbyanon-overlappingslidingwindow.ForeachROI,wehave
obtained64sub-images.Foreachsub-image,theGLCMsmatricesarecalculatedcorrespondingto
fourdifferentvaluesofdirectionwithfourdifferentoffsetvaluesmentionedabove.

Hence,wehaveobtained16GLCMs(4(offsetvalue)×4(directionnumber))foreachsub-image.
Then,wehavecalculatedthesixHaralickfeaturesforeachGLCM.Therefore,thefeaturevectoris
calculatedbythemultiplicationofthenumberofGLCMsforROIimageandthenumberofHaralick
features,asfollows:FV

GLCM
= × × =( )64 16 6 6144 .

Dimensionality Reduction of Feature Vectors
Sincesomeoftheprovidedfeaturevectorshavehighdimensionalfeatures(e.g.,FVHOG,FVGFand
FVGLCM),wehandle avarietyof issues as the increaseof the computational complexity and the
decreaseoftheperformanceaccuracy.

Inordertoovercometheseissues,weincorporatedasupplementaryphasebasedonapplyingthe
dimensionalityreductiontechniques,suchasPrincipalComponentAnalysis(PCA)(Jolliffe,2002)
orGeneralizedDiscriminantAnalysis(GDA)(Baudat&Anouar,2000).Thesetechniquesignorethe
uselessinformationandthusselectthemostdiscriminatingofittoreducethedimensionofvector
andconsequentlyincreasetheaccuracyanddecreasethecomputationalcomplexityoftheproposed
identificationprocessbasedoneachmethodology.ThePCAisanunsupervisedtechniquewhichaims
tomapthedataspaceintoalinearsubspacewithlowerdimensionsandhelpsfindthedirectionthat
maximizesthevarianceinthedata.Itpresentsinformationinanorthogonallinearspace.

Nonetheless, theGDAtechnique isavariantofLinearDiscriminantAnalysis (LDA) that is
supervisedtechniquethatencodespertinentinformationinalinearspacewhichisnotessentially
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orthogonal.Itattemptstomaximizetheseparabilityamongtheknownclasses(i.e.,itfindsthedirection
thatmaximizesthedifferencebetweentwoclasses).Moreover,GDAtechniqueincorporatesthekernel
methodswhichhavebeenfamouslyhandledtoresolvethepatternrecognitionissuesthankstotheir
abilitytodealwithnonlineardata.Inourexperiments,whenapplyingtheGDAtechnique,weuse
theRBFasakernelfunctionwithσ=1.

Ultimately,itiswell-knownthatanapproachusedtheLDAandGDAtechniquesperformbetter
thanthatusedPCA.However,severalproposals(cf.,(Sharma&Paliwal,2015),(Yu,Yu,&Xu,
2010),etc.)provethatthisperformancedependsonthesizeofthetrainingdataorthesamplesfor
eachclass.Infact,ifthetrainingdatasetorthesamplenumberissmall,thePCAprovidesbetter
resultsthantheLDAorGDA.

Fusion at Feature Level Based on CCA Technique
Thefusionofdifferentinformationinthebiometricsystemhasgainedagreatinterestinvarious
researchers’teams.Thisfusionbetweenthemultipledescriptorswillbeimprovingtherecognition
accuracy.Indeed,itcanoccurindifferentwaysforarecognitionsystem,suchas:Fusionatthedata
orfeaturelevel,FusionatthescorelevelandFusionatthedecisionlevel.

Severalpriorresearchersbelievethatthefusionatfeaturelevelwayisconsideredtobemore
effectivethantheotherwaysbyvirtueofthecapabilityoffusingthemultiplesourcesofinformation
toachieveasinglefeatureset,thatcontainsmoreefficientricherinformationthanthefusionatthe
scoreandthedecisionlevels(Haghighat,Abdel-Mottaleb,&Alhalabi,2016).Thus,thefusionat
featureleveliswidelyimportanttoproduceasubstantialidentification.Therearemanymannersof
thefusionatthefeaturelevel,namely:theSerialfeaturefusionandtheParallelfeaturefusion.The
twofusionmannerscanamelioratetheaccuracyofrecognitionofpersonstosomeextent.

However,neitherofthesefusionmethodsfocusedontheinherentcorrelationsacrossmultiple
featuresets.Therefore,bothofthesefusionmethodscannotreachtremendousfeaturefusion.To
surmountthisweakness,theCanonicalCorrelationAnalysis(CCA)featurefusionmethodisconducted
toextractthefeaturepairsdescribingtheintrinsicrelationshipbetweentwofeaturesets(Sun,Zeng,
Liu,Heng,&Xia,2005).TheCCAmethodfirstlyimplementsafunctionofcorrelationcriterion
betweentwosetsoffeaturevectorsandsecondlycalculatestheprojectionvectorsetofthesetwosets
dependingonthecriterion.Finally,thefusedcanonicalcorrelationfeaturesareextractedusedeither
thesummationorconcatenationoftheseprojectionvectorsets.

ThebackgroundandalldetailoftheCCAAnalysismethodaredescribedin(Mokni,Mezghani,
etal.,2017).

Likewise, theMulti-setCanonicalCorrelationAnalysis (MCCA)method is consideredas a
generalizationoftheCCAmethodandisproposedtobesuitableforfusingmorethantwosetsof
features,aspresentedinourcases.

Therefore,themainprincipleofMCCAmethodisconductedbycombiningthefirsttwofeature
vectorsthathavehighestranksusingCCAmethodandthenfusingtheresultwiththenextfeature
vectorthathasanutmostrankusingCCAmethod,andsoon.

Figure4illustratesanexampleoftheprocessoftheMCCAmethodforfourfeaturevectorswith
rank(FV1)> rank(FV2)> rank(FV3)> rank(FV4).

Inthisexample,thefirststepofMCCAfocusesonfusingFV1andFV2,whichhavethehighest
ranksusingCCAmethod.Then,FV12 isfusedwith thenexthighestrankfeaturevectorFV3and
finally,FV4isfusedwithFV123usingyetCCAmethod.

Practically,inthiswork,weappliedtheMCCAmethodincorporatingforeachfusionbetween
twovectorstheCCAmethodusingtheconcatenationmannertofusethedifferentfeaturesvectors
intoasinglefeaturevector.
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Classification
Fortheclassificationphase,weusedtheMulti-classversionofboththeRandomForest(RF)andthe
SupportVectorMachine(SVM)classifiers.

Random Forest Algorithm
ThisalgorithmwasproposedbyLeoBreimanin(Breiman,2001)anddefinedasameta-learner
comprisedofmanyindividualtrees.Itwasdesignedtoquicklyoperateoverlargedatasetsandmore
importantly tobediversebyusing randomsamples tobuild each tree in the forest.Diversity is
obtainedbyrandomlychoosingattributesateachnodeofthetreeandthenusingtheattributethat
providesthehighestleveloflearning.Oncetrained,RandomForestclassifiesanewpersonfroman
inputfeaturevectorbyputtingitdowneachofthetreesintheforest.Eachtreegivesaclassification
decisionbyvotingforthisclass.Then,theforestchoosestheclassificationhavingthemostvotes
(overallthetreesintheforest).

Inourexperiments,weusedWekaMulti-classimplementationofRandomForestalgorithmby
considering250trees.AstudyofeffectoftheTreenumberismentionedlaterintheexperimental
resultpart.

Support Vector Machine Algorithm
SupportVectorMachine(SVM)isasupervisedclassifierwhichisavigorousstatisticaltechnique
suggestedbyVapnik(Vapnik&Vapnik,1998).Thisclassifierhasbeenwidelyintendedtoresolve
the problems of discrimination, classification or regression in several applications. It is applied
todetermineanoptimalseparatinghyper-planeordecisionsurfacewith theadaptationofanew
corresponding technique to map the sample points into a high-dimensional feature space and
categorizedusinganon-lineartransformation,evenwhenthedataarelinearlyinseparable.

Theoptimalhyper-planeisobtainedbyworkingoutaquadraticprogrammingproblemreliedon
regularizationparameters.ThistransformationwasperformedbykernelfunctionslikeLinearKernel
(LK),RadialBasisFunction(RBF)andPolynomialKernel(PK)whichareexploitedinthiswork
inordertoclassifythequerysample.Forthispurpose,weutilizedLibSVMtoolbox(Chang&Lin,
2011).Thesedifferentkerneltypesdefinedas:

Figure 4. Multi-set canonical correlation analysis method for four feature vectors
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• TheLinearkernelFunction(LK):

K x y x y,( ) = ×  (12)

• ThePolynomialKernelFunction(PK):

K x y xy r
d

, ,( ) = × +( )γ γ � 0  (13)

• TheRadialBasisFunction(RBF):

K x y x y, exp ,( ) = − −






γ γ
2

0�  (14)

whereγ,randdaretheparametersofthekernelfunctionsthatwillbedeterminateempirically.

eXPeRIMeNTAL eVALUATIoN AND CoMPARISoN

Afterdetailingtheproposedapproachtoanalyzethepalmprinttexturerepresentationinanuncontrolled
environmentusingmultipledescriptors,weaddress,inthissection,alltheexperimentsaswellasthe
empiricalresultscoupledwithinterpretationsanddiscussionsontheperformances.

ThesimulationoftheproposedsystemisimplementedusingMATLAB2010onadesktopPC
witha3GHzCore2Duoprocessorsystemand3GBmemory.

Weperformedalltheexperimentsoftheproposedapproachinvolvingthreebenchmarkdatabases,
namely:PolyU-Palmprint(PolyUdatabase,2003),CASIA-Palmprint(CASIAdatabase,2005)and
IIT-Delhi-Palmprint(IITDelhi,2006)databases.Then,wealsomadeacomparisonbetweenthe
accuracyofourproposedapproachandthepreviouslywell-knownmethods,foreachdatabase.

Palmprint Databases
PolyU-Palmprint Database
TheHongKongPolytechnicUniversityofferedaPolyU-Palmprintdatabasethatcontains7752images
capturedfrom386persons.Twentysamplesofeachpalmwereacquiredintwoseparatesessions.
Eachsessioncontainstensampleimages.Theaveragetimeintervalbetweenthesesessionsistwo
months.Thesamplescollectedduringthesetwoseparatesessionsacquiredbytwodifferentcameras.
Thismeansthatthereexistvariationsintermsoflightingbetweenthefirstandsecondsessions,which
leadstomoredifficultyinperson’sidentification.

CASIA-Palmprint-Database
Thisdatasetcontains5502palmprintimagescapturedfrom312subjects.Thisdatasetistakenfrom
ChineseAcademyofSciencesofinstitutionwhoAutomation.Foreachsubject,8palmprintimages
havebeencollectedfrombothleftandrightpalms.Thecapturesystemcapturestheallpalmprint
imagesusingaCMOScamerafixedonthetopofthedevice.Thislattersuppliesanevenlydistributed
illuminationonthepalmprintimages.Sincethehandofeachpersonisnottouchinganyplatform
plate,apresenceofdistancevariationbetweenthehandandthecapturedevicewhichimpliesscale
variations.Inthisdataset,theusersarenotusedtheguidancepegstoconstrainttheirhands.Therefore,



International Journal of Digital Crime and Forensics
Volume 12 • Issue 2 • April-June 2020

52

thesehandimagesarecapturedwithdifferentdirectionsandpostures,whichbringsoncontracting
andstretchingthetextureskinpatternattheregionofinterestofthepalmprint.Thisdatasethasmany
variationswhichmaketheidentificationofthepersonsmoredifficult.

IIT-Delhi-Palmprint Database
TheIIT-NewDelhiIndiacampusprovidesaIIT-Delhipalmprintdatabasethatincludes2300images
acquiredfrom230personsagedfrom12-57years.Foreachperson,fivesampleshavebeencollected
frombothleftandrightpalms.Thesepalmprintsamplesarecapturedinunconstrainedenvironment
withseveralchallengesandvariationintermsofposition,scale,directionandtexturedeformation.

empirical Results
Weevaluatedtheaccuracyofourproposedapproachoverthreebenchmarkdatabasesdescribedabove.
ForthePolyUdatabase,weselectedtensamplesofeachpersonfromthefirstsessionofthePolyU
databaseforthegallerysetandtensamplesfromthesecondsessionwerechosenfortheprobeset.
Thismixturebetweenthesamplescollectedinseparatesessionsisimportantinarealapplication.

FortheCASIAdatabase,weindiscriminatelyselected5samplesofeachpalmasagalleryset
andthreesamplesweresingledastheprobeset.

FortheIIT-Delhidatabase,wearbitrarilysingledthreesamplesofeachpalmasgallerysetand
theremainderofsamplesastheprobeset.

Inourexperiments,weconductedtheperformanceofourproposedapproachusingtwodifferent
methodsoffusionatfeaturelevels,namely:SerialandMCCAmethods.Formoreclearly,theSerial
featurefusionisbasedoncombiningmultiplefeaturevectorsetsintoasinglefeaturevectorusinga
simpleconcatenation.

WerecallthatbeforefusingthemultiplefeaturesbyMCCAmethod,weappliedthedimensionality
reductionbasedonPCAorGDAmethodinordertoovercomethedimensionalityproblem.Likewise,
when using Serial feature fusion method, we also used the PCA or GDA method to reduce the
dimensionalityofthefinalobtainedvector.

AlltheexperimentsareprocessedbytheclassificationphaseusingtheSVMandtheRFclassifiers,
whichareappliedwithvariouskernelfunctionsandnumberoftrees,respectively.

Therefore,werevealtheexperimentresultsoftheSerialandMCCAfeaturefusionmethods
usingPCAandGDAdimensionalityreductiontechniques,correspondingtoseveralkernelfunctions
ofSVMclassifierforPolyUandCASIAdatasetsinTable1.

ItcanbenoticedthattherecognitionratesobtainedbytheSVMclassifierwithRadialBasis
Kernel(RBF)outperformsotherkernelfunctionsresults(LKandPK)forbothdatasets.

SinceweperformedourexperimentswithboththeMCCAandtheSerialfeaturefusionmethods,
itisobviousthattheperformanceoftheMCCAfeaturefusionmethodsurpassestheSerialfeature
fusionmethodforbothdatabases.Noticeably,inthistable,theperformanceofourproposedapproach

Table 1. The different results of our proposed deep-analysis approach based on both serial and MCCA method evaluating over 
PolyU and CASIA databases

RRs (%)
PolyU Database CASIA Database

LK RBF PK LK RBF PK

Serial+PCA 96.89 97.07 59.77 96.25 97.22 55.80

Serial+GDA 96.91 97.12 60.05 97.44 97.99 56.09

PCA+MCCA 97.51 97.75 61.08 97.78 98.05 65.20

GDA+MCCA 97.66 97.85 61.40 97.93 98.35 66.04
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usingGDA-baseddimensionalityreductiontechniqueoutperformsalltheresultsusingPCAover
PolyUandCASIAdatabases.

Moreover,inTable2,wehighlightthedifferentrecognitionrateswithRandomForestclassification
compatiblewiththevariousnumbersoftreesforboththePolyUandCASIAdatasets.Inthistable,
weusetheMCCAfusiontechniqueatthefeaturelevelsinceitgavethebetterresultsintheprevious
experimentsandwehighlighttheresultswithPCAandGDAdimensionalityreductiontechniques.

Asshowninthistable,theimplementationoftheRandomForestalgorithmwith200or250
treesachievesbetterrecognitionratesforbothdatabasescomparedtoothernumbersoftrees.More
precisely,itcanbeinferredthattherecognitionratesarealmostequalstartingfrom150treesto250
treesandthensignificantlydecrease.TheperformanceusingGDAtechniquereachesbetterresults
thanPCAoverbothdatabases.

Inaddition,inordertofurtherprovetheefficiencyoftheproposedapproach,wehaveassessed
it on the IIT-Delhi Palmprint database. Indeed, we present the performance of the experiments
underthesameconditionsaspreviously,withSVMclassifier(RBF)andRFclassifier(250trees),
usingtheMCCAfusiontechniqueatthefeaturelevelandapplyingthePCAandGDAtechniques,
asreportedinTable3.

ObviouslyintheTable3,theperformanceofourapproachusingthePCA-baseddimensionality
reductiontechniquegivesabetteraccuracythantheGDAtechnique.Thisisconsistentwithseveral
proposals(cf.,(Sharma&Paliwal,2015),(Qiao,Zhou,&Huang,2008),(Martinez&Kak,2001),(Yu
etal.,2010)),whichconfirmedthatwhenthetrainingdatasetorthenumberofsamplesforeachclass
issmall,PCAcanoutperformGDAthatisthevariantofLDA.Therefore,asthePCAtechniquetends
togivebetterresultsifsamplenumberinagivenclassisslightlysmall,whichisalreadyemphasized
inthislastaspectwhenthenumberofsamplesforeachclassintheIIT-Delhidatasetis5samples,
whereas,inPolyUandCASIAdatasetsare20and8,respectively.

Furthermore,Table4involvesnotonlytheachievedrecognitionratesoftheproposedapproach
butalsotheexecutiontimesrelativetopreprocessingphase,Featurevectorsdimensionalityreduction
&FeatureFusionphases(thecomplexityoftheSerialandMCCAfeaturefusionmethodsusingPCA
andGDAdimensionality reduction techniquesusing theirexecution-timevalues)and finally the
identificationphase.Werecallthatthedimensionalityreductiontechniquesareusedintheproposed
approachcorrespondingtotheuseddatasetprotocols(GDAforPolyUandCASIAdatasetsandPCA
forIIT-Delhidataset).

Table 2. The different recognition rates of our proposed method with random forest algorithm assessing on PolyU and CASIA 
databases

RRs (%)
PolyU Database CASIA Database

100 150 200 250 300 100 150 200 250 300

PCA+MCCA 96.50 97.18 97.21 97.22 96.88 97.20 98.84 98.86 98.86 97.44

GDA+MCCA 97.12 98.28 98.30 98.30 97.25 97.50 98.92 98.97 98.98 97.62

Table 3. The different recognition rates of our proposed method with random forest algorithm assessing on IITD databases

RRs (%) SVM (RBF) RF (250 Trees)

P C A + M C C A 9 7 . 3 2 9 7 . 9 1

G D A  +  M C C A 9 7 . 1 5 9 7 . 7 7
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Inthistable,wemadeacomparisonbetweentheresultsobtainedusingbothSerialandMCCA
methodsandthosewithdimensionalityreduction,aswell.Obviously,weshowedagainintermof
run-timewhenusingtheMCCAfusionmethod(featurefusionphase)inalldatabases.Itisworth
notingthattheexecution-timevaluesforrecognitionofonepalmprintimageinsuchdatabaseaveraged
overmultipleexecutions.Consequently,itcanbeinferredthatsincetheMCCAalgorithmisonly
appliedthetransformationsobtainedfromthetrainingprocess,itisveryfast.

Comparative Results
To evaluate the performance of our proposed approach with the most popular state of the art
approaches,thecomparisonsoverthreepalmprintdatabasessuchasPolyU,CASIAandIIT-Delhi
areillustratedinTable5.

Noticethatthepresentedprotocolslieinthesamplenumberduringtheirclassificationbetween
thegalleryandprobedataarealmostthesameoverthreedatasets.

OverIIT-Delhidataset,itisnotedthatweachievedabetterRRofabout97.91%thanboththe
presentedworksin(Kumar&Shekhar,2010)(RR=95.00%)and(Mokni,Mezghani,etal.,2017)
(RR=96.93),whichleadsanimprovementratesofabout2.91%and0.98%totheresultsoftheseworks.

WecomparedtheresultofourproposedapproachconductedoverCASIAdatasettotheworks
in(Mokni,Drira,&Kherallah,2017b)and(Nezhadian&Rashidi,2017).Obviously,weobtaineda
betterperformanceofabout98.98%thanthoseoftheworks(97.00%and98.75%).

Although,alltheexperimentsoverPolyUdatabaseconductedbyamixtureoftwosessions,which
leadstodifficultyforindividual’sidentification,thisprotocolisverysignificantinarealapplication.
Noticeably,theresultofourproposedmethodoutperformsthetotalityofpriorworksresults.

Inordertomakeafaircomparison,weassessedourexperimentsusingthesameclassification
ofthesamplesproposedin(Mokni,Drira,etal.,2017b)and(Mokni,Mezghani,etal.,2017)(i.e.,
tensamplesinthegallerysetandfiveintheprobeset).Therefore,wereachedarecognitionrateof
about98.01%,whichisstillbetterthantheRRintheseworks.Moreover,wefurtherevaluatedour
approachfollowingthesameevaluationprotocolspresentedintheproposedworkby(Wang,Lei,&
Wang,2012).Hence,itisworthnotingthatweachievedabetterresultofabout97.95%thanthiswork.

Protocols-Setting Description: Gallery Set (G), Probe Set (P)
Theseachievedperformanceevaluatingoverthreebenchmarkdatasetsdemonstratetheeffectiveness
androbustnessofourproposedmethodagainstthedifferentexistingchallengesandvariationproduced
inanunconstrainedenvironment.

Table 4. The final performance expressed through RR and average execution-time values of our proposed method in PolyU, 
CASIA and IIT-Delhi databases

PolyU 
Database

CASIA 
Database

IIT-Delhi 
Database

RRs(%) 98.30 98.98 97.91

PreprocessingTime(ms) 252 243 --

Featurevectorsdimensionalityreduction&
FeatureFusion
Time(ms)

Serial&GDA/PCA 24 23 18

GDA/PCA&MCCA 22 21 18

IdentificationTime(ms) 35 20 10
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CoNCLUSIoN

In this paper, we investigate a deep analysis of palmprint texture representation for a person’s
identification.Thisanalysisbasedon theextractionofdifferentandcomplementary information
fortextureusingmultipledescriptors,suchas“HOGandGF”,“FD”and“GLCM”corresponding
respectivelytotheFrequency,ModelandStatisticalmethodologies-basedtexturefeaturesanalysis.

Moreover,weincorporatedthedimensionalityreductiontechniques(PCAandGDA)inorder
toreducethefeaturedimensionalityofsomeofthesefeaturesetsandthusimprovetheperformance
anddecreasethecomplexitycostoftheproposedapproach.

Afterward,wefusedallobtainedtextureinformationusingafusionatfeaturelevelbasedon
Multi-setCanonicalCorrelationAnalysis(MCCA)integratingthecorrelationconceptbetweenthe
texturefeatures,whichleadstotheimprovementofperformanceoftheproposeddeepanalysis.The
experimentalresultsonPolyU-Palmprint”,“CASIA-Palmprint”and“IIT-Delhi-Palmprintdatabases
demonstratetheeffectivenessoftheproposedapproach.

Asfuturework,weplantoinvestigatemoreevaluationofourproposedapproachperformance
usingotherbiometricevaluationmetricssuchastheEqualErrorRate(EER),FalseAcceptedRate
(FAR)andFalseRejectedRate(FRR)whicharetheimportantmetricsintheperformanceestimation
ofapalmprintverificationmethod.

ACKNowLeDGMeNT

ThisPublicationwassupportedbytheDeanshipofScientificResearchatPrinceSattambinAbdulaziz
University.RaouiaMokniservedasthecorrespondingauthorthroughouttheresearchconductedfor
thisarticle.

Table 5. The palmprint recognition rates comparison of our proposed method with the state of-the-art results

Proposal Methods andTechniques Palmprint-Datasets 
(Protocol-Setting) RRs (%)

(Kumar&Shekhar,2010) GF IIT-Delhi(3G/2P) 95.00

(Mokni,Drira,etal.,2017b) FD,MFD+LDA+CCA+RF
CASIA(5G/3P) 97.00

PolyU(10G/5P) 96.02

(Nezhadian&Rashidi,2017) DWT+GLCM+Serial+FFS+
KNN CASIA(5G/3P) 98.75

(Wangetal.,2012) 2DGW+PCNN+SVM PolyU(5G/10P) 95.40

(Mokni,Mezghani,etal.,
2017)

GF+FD+GLCM+PCA+MCCA
+SVM(RBF)

IIT-Delhi(3G/2P) 96.93

PolyU(10G/10P)
PolyU(10G/5P)

97.45
97.38

ThisProposal HOG+FD+GLCM+GDA+
MCCA+RF

IIT-Delhi(3G/2P) 97.91

CASIA(5G/3P) 98.98

PolyU(10G/10P)
PolyU(10G/5P)
PolyU(5G/10P)

98.30
98.01
97.95
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