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ABSTRACT

Advancementsinbiometricshaveattainedrelativelyhighrecognitionrates.However,theneedfor
abiometric system that is reliable, robust, andconvenient remains.Systems thatusepalmprints
(PP) forverificationhaveanumberofbenefits including stable line features, reduceddistortion
andsimpleself-positioning.Dorsalhandveins(DHVs)aredistinctiveforeveryperson,suchthat
evenidenticaltwinshavedifferentDHVs.DHVsappeartomaintainstabilityovertime.Inthepast,
differentfeaturesalgorithmswereusedtoimplementpalmprint(PP)anddorsalhandvein(DHV)
systems.Previoussystemsreliedonhandcraftedalgorithms.Theadvancementsofdeep learning
(DL)inthefeatureslearnedbytheconvolutionalneuralnetwork(CNN)hasledtoitsapplicationin
PPandDHVrecognitionsystems.Inthisarticle,amultimodalbiometricsystembasedonPPand
DHVusing(VGG16,VGG19andAlexNet)CNNmodelsisproposed.Theproposedsystemisuses
twoapproaches:featurelevelfusion(FLF)andScorelevelfusion(SLF).Inthefirstapproach,the
featuresfromPPandDHVareextractedwithCNNmodels.Theseextractedfeaturesarethenfused
usingserialorparallelfusionandusedtotrainerror-correctingoutputcodes(ECOC)withasupport
vectormachine(SVM)forclassification.Inthesecondapproach,thefusionatscorelevelisdone
withsum,max,andproductmethodsbyapplyingtwostrategies:TransferlearningthatusesCNN
modelsforfeaturesextractionandclassificationforPPandDHV,thenscorelevelfusion.Forthe
secondstrategy,featuresareextractedwithCNNmodelsforPPandDHVandusedtotrainECOC
withSVMforclassification,thenscorelevelfusion.ThesystemwastestedusingtwoDHVdatabases
andonePPdatabase.ThemultimodalsystemistestedtwotimesbyrepeatingPPdatabaseforeach
DHVdatabase.Thesystemachievedveryhighaccuracyrate.
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1. INTRodUCTIoN

Biometric systems have gained popularity for authentication purposes due to the dire need for
protectingpersonalidentity.Thesetypesofsystemsaredeemedthebestintermsofsecurity(Orság
&Drahanský,2003).Theiradvancementintechnologyallowsforuniqueandeffectiveidentification
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inautomatedsystems;whichisagreatreplacementtoconventionalapproachessuchaspasswords.
Userspreferbiometrics,sincetheyprovidebettersecurity,asopposedtousingpasswordprotection
(Haghighat,Zonouz,&Abdel-Mottaleb,2015).

Biometricsystemsrelyeitheronphysical(e.g.,fingerprint,facialfeatures,palm)orbehavioral
features(e.g.,voice,movements,handwriting)(Bolle&Pankanti,1998).

Thepalmprint,fingerprint,handvein,andearcanalarefourbiometricmodalitiesthatpossess
eachofthefollowingsevenbiometriccharacteristics:universality(i.e.,itmustbepresentineveryone),
uniqueness(i.e.,itmustbedistinct),permanence(i.e.,itmustbeconsistentoverlongperiodsoftime),
measurability(i.e.,itmustbemeasurable),performance(i.e.,itsefficiencyincorrectidentification),
acceptability(i.e.,peopleneedtobeinclinedtoprovidethefeature),andcircumvention(i.e.,theease
towhichitcanbeduplicatedorimitated)(Bolle&Pankanti,1998).

Palmprintrecognition,whichis theprocessofusingPPsintheverificationor identification
process,hasbeenthefocusofnumerousresearches.Researchershavefoundthatusingthepalmfor
identificationpurposesismoreadvantageousthanusingfingerprintsortheiris(Jia,Hu,Lei,Zhao,
&Gui,2013;Ding,Zhuang,&Wang,2005).Suchadvantagesincludestablelinefeatures,decreased
distortion,thatitiseasiertomanuallyposition,anditsabilitytoreachahigherrecognitionratequicker
(Jia,Hu,Lei,Zhao,&Gui,2013).Handveinsaregainingpopularityamongrecognitionsystems
sincetheirpatternspossess thefollowingfourbiometriccharacteristics:universality,uniqueness,
permanence,andcircumvention.Theveinpatternsarehard tocopy,or forgegiven that theyare
beneaththeskinandaregenerallynotvisible.Theintricatehand-vascularpatternsprovideaneffective
featuresetforidentification(Sanchit,Ramalho,Correia,&Soares,2011).

Biometricsareappliedinseveralareas,themostprevalentofwhicharethefollowingareas:
logical/physicalaccesscontrol,trackingtime/attendance,lawenforcement,andsurveillance(Orság&
Drahanský,2003).AsshowninFigure1,someapplicationsthatusetheDHVandPPforrecognition
areATMmachines,banktransactions,computers,andentrysystems(e.g.,home,school,hospital,
airport).

Severalfeaturesfrompreviousresearcheswerehandcraftedtohandleocclusion,scalevariation
andlighting.Designinghandcraftedfeaturesusuallyentailsidentifyingtherightcompromisebetween
accuracyandcomputationalefficiency.Theuseofdeeplearning(DL)allowsforcomplexnetworksto
becreatedusingconvolutionalneuralnetworks(CNNs).Thedeeperlayerswithinthenetworkserve
asfeatureextractors(LeCun,Bengio,&Hinton,2015).ThisimpliesthatDLisabletoobtainaset
offeaturesjustbyobservingtheinputimages(Bora,Chowdhury,Mahanta,Kundu,&Das,2016),
whichmayhavebeenpre-processedwithpyramidalmethod(Han,Lei,&Chen,2016).Thismethod
aimsatidentifyingnumerousrepresentationlevelssothesemanticsofthedatamayberepresented
byhigher-levelfeatures.Thissubsequentlymayresultinincreasedrobustnesstointraclassvariance
(Chan,etal.,2015).WhilefeatureextractioninCNNsrequiresDL,handcraftedfeaturesaredesigned
inadvancebyhumansforextractingaspecificsetofselectcharacteristics;asshowninFigure2.

Figure 1. Example technologies that use dorsal hand vein and palmprint patterns
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Whencomparingbiometricsystems,thosethatrelyonasingletraitdonotachieveadequate
results in termsofrecognition.Ontheotherhand, those thatrelyonmultiple traitsarefoundto
enhancethesystem’sperformancethrougherrorratereductionandanimprovedrecognitionrate
(Wild,Radu,Chen,&Ferryman,2016).

The robustness and resistance to spoof attack increase with biometric systems that rely on
multipletraits(Gopal,Srivastava,Bhardwaj,&Bhargava,2016).Improvingmultimodalbiometric
systemthroughfusionisdonebyfourways:sensorlevelfusion,featurelevelfusion(FLF),score
levelfusion(SLF)ordecisionlevelfusion(Byahatti&Hatture,2017).

Wenoticedthatmanyresearchershaveproposeddifferentfeatureextractionandclassification
methodsforPPandDHVrecognitionsystemsinthepastyears.Mostofthesefeaturesarehand-crafted
featureswhichoftendependonexpertknowledge,requireexpensivehumanlaborandoftendonot
generalizewell.Toovercometheseissues,theresearchersmademucheffortrecentlyforfeature-
learningalgorithms,especiallytheCCN,wherethealgorithmautomaticallygetsthemostexcellent
featuresofimagefedtotheCNN.

Thispapergoaltoapplypre-trainedCNNmethodologiesforfusingPPandDHV(DHV)using
twoapproaches:featurelevelfusionwithserialandparallelmethodsandsecondapproachscorelevel
fusionbysum,maxandproductmethods.Multimodalrecognitionaccuracyisinvestigatedwhen
extractingfeaturesbythepre-trainedCNNmodels(AlexNet,VGG16andVGG19)thenclassification
byError-CorrectingOutputCodes(ECOC)withSupportVectormachine(SVM),andwhenboth
featureextractionandclassificationaredonebytransferlearning(TL)withCNNmodels(AlexNet,
VGG16andVGG19).theproposedsystemisevaluatedusingtwoDHVdatabasesandonePPdatabase
andachievedhighrecognitionrates.

Thispaperisorganizedasfollows:Section2introducestheliteraturereviewfocusingonfusing
PPandDHVwithotherbiometrics.Section3explainsmethodsandmethodologiesweusedinthe
proposedapproach.Section4explainstheproposedmultimodalbiometricsystemapproachedbased
onPPandDHV.Section5providestheexperimentalresultsofthesystemwithtwostages:FLF
experimentsandSLFexperiments.Also,itcomparestheoutcomeswithliteraturereviewstudies.
Section6concludesthepaper.

2. ReLATed woRK

Palmprintrecognitionhasdrawnwideattentionfrommanyresearchers(Jia,Hu,Lei,Zhao,&Gui,
2013;Li,Zhang,Zhang,&Yan,2012;Palma,Montessoro,Giordano,&Blanchini,2015;Kabir&
Ahmad,2017;Chaki,2018;Dubey,Kanumuri,&Vyas,2017)whererecognitionsystemsbasedonPP

Figure 2. Machin learning and deep learning framework (Schmidhuber, 2015)
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usingdifferentfeaturesalgorithmsarepresented.Theimportantcharacteristicofhandveinpatterns
isstability,whichmeansthatthehandstructureandDHVsconfigurationcontinuecomparatively
stablethroughtheindividual’slife.Forthisreason,veinidentificationsystemsareconsideredasa
promisingandreliablebiometric.Someoftheveinidentificationsystemsarein(Huang,Zhu,Wang,
&Zhang,2016;Lee,Lo,&Chang,2016;Trabelsi,Masmoudi,&Masmoudi,2016;Hu,Wang,Yang,
&Xue,2014;Chuang,2018;Zhu&Huang,2012,Belean,Streza,Crisan,&Emerich,2017;Wan,
Chen,Song,&Yang,2017)

Multimodalbiometricsystemincreasestherobustnessandimprovetheresistancetospoofattack
(Gopal,Srivastava,Bhardwaj,&Bhargava,2016).Therearevariousstudiesinmultimodalbiometric
fusioneitherPPorDHVbiometricsystemwithotherbiometric.

Shahin,Badawi,&Rasmy(2008)proposetofusethehand’sbiometrics:ringfingerprints,DHV
patternsandhandgeometryshapeatdecisionlevel.Sanchit,Ramalho,Correia,andSoares(2011)
fusedhandpalmveinandDHVatSLF,theyusedatwo-dimensionGaborfilterFeatureextraction.
Formatching,biometricmodelskeptinthedatabasearecomparedwiththenewpickedupones,at
theregistrationstage.ThemetricuseddependsontheHammingdistance.

Wang,Yau,Suwandy,andSung(2008)fusedpalmveinwithPPatFLF.Theirsystemfusedthe
PPwithpalmveinimagesusingedge-preservingandcontrast-enhancingwaveletfusionprocessin
whichitjoinsthechangedmultiscaleboundariesofthePPandpalmveinimages.Wang,Yau,and
Suwandy(2008)fusedPPwithpalmveinimagesatFLF.ThesystemfirstextractedPPandpalm
veinthendisplaythefusedfeaturesbyextractingjunctionpoints(JPs)thatcontainstheirlocation
anddirection.

Bharathi,Sudhakar,andBalas(2015)presentedabiometricrecognitionsystemusingfinger
vein,palmveinandDHVandextractfeaturebytheShearlettransformandScale-invariantfeature
transform.BenKhalifa,Gazzah,andBenAmara(2013)studiedtheperformanceofmanynormalization
techniquesoftheface,PPandfingerprintusingseveralfusionmethods.Nageshkumar,Mahesh,and
Swamy(2009)designedasystemforfusingfaceandPPatSLF.Also,Noushath,Imran,Jetly,Rao,
andKumar(2013)fusedfaceandPPbiometricateachlevel:sensor,feature,decisionandscorelevel.
Featureareextractedbylineardiscriminantanalysis(LDA)andLocalphasequantization(LPQ),
respectively.

Gopal,Srivastava,Bhardwaj,&Bhargava(2016)presentedamultimodalindividualverification
systemfusingPP,palm-phalangesprint(PPP)andDHVatSLFofPP-PPP,PP-DHV,PPP-DHV,
andPP-PPP-DHVapproaches.MatchingisdonebyusingK-nearestneighbor,SVMandrandom
forest(RF).

Fromreviewedliteraturewenoticedthat:Multimodalbiometricsystemsincreasetherobustness
ofthesystem.ManyresearchershaveproposeddifferentfeatureextractionalgorithmsforPPand
DHVrecognitionsystemsinthepastyears.Mostofthesefeaturesarehand-craftedfeatureswhich
oftendependonexpertknowledge,requireexpensivehumanlaborandoftendonotgeneralizewell.
Also,thereisalackofresearchesthatfusePPandDHVbydeeplearning.

3. MeTHodS ANd MeTHodoLoGIeS

This section describes methods and methodologies we use in the proposed system: CNN basic
architecture (section 3.1), the used CNN models (section 3.2), Different ways CNN is used for
biometricsystems(section3.3),MultimodalBiometricfusionlevelsappliedintheproposedsystem
(Section3.4).

3.1. Convolutional Neural Network (CNN) Basic Architecture
DeepLearning(DL)isanewcategoryofmachinelearningapproachesthathasrecentlyemerged
andattractedtheattentionofbothresearchersandtheindustry(Alom,etal.,2018;Al-johania&
Elrefaei,2019).OnethemainDLapproachesistheCNN.ItwasinitiallyproposedbyFukushimain
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1988.CNNsarefeedforwardnetworksthatareabletoextracttopologicalpropertiesabletowithstand
distortion,translation,scaling,rotation,andsqueezing.CNNsaregenerallytrainedsimilartostandard
neuralnetworks,usingabackpropagationsystem.ThemainarchitectureofaCNNconsistsofthree
majorlayers:

• ConvolutionalLayer:Itdealswiththeinputimageandextractsvariousfeaturesbyusingfilters.
Thefilterisappliedtotheimageandthengetsaspecificmap,theresultinthiscasewouldbe
multiplefeaturemaps.Thefeatureschangedependingonthefilterthatisapplied.Themain
convolutionlayergetslow-levelfeatureslikeboundaries,lines,andangles.Thelastlayersget
higher-levelfeatures.

• Poolinglayer:usuallyfollowingtheconvolutionallayer.Thislayerfocusesonreducingtheimage
sizewhichiscompletelyindependentfromrespectivelydepthdimensionwherethedepthof
theimagestaysthesame.Thepoolinglayerreducesthefeaturesresolution.Itcreatesfeatures
thatarerobusttodistortionandnoise.Thepoolinglayerusesaslidingwindowthatisshifted
instrideacrosstheinputtransformingthevaluesintorepresentativevalues(Hijazi,Kumar,&
Rowen,2015).

• Activationfunctions:Theinputissetintherangeofvaluesbythislayerwheretheoutcome
oftheprecedentlayermustbeintherangeofthevalues.Thatmakestheinputandproduction
sizesofthislayersimilar.Sigmoidistheusualappliedactivationfunctions,TanhandReLU.In
thisresearchweusedReLUbecausethenetworktrainsfasterbySigmoid,TanhandReLUis
definedin(Krizhevsky,Sutskever,&Hinton,2012).

Fully-connectedlayer:previouslayeroutputisfullyconnectedwiththislayer.Itisthefinalstages
oftheCNNconnecttotheoutputlayer(Bengio,2009).

3.2. The Used CNN Models
ThemainstageinmodelsthatareCNN-basedisfeatureextractionandclassification.Oneofthe
benefitsofDLmodelsistheirabilitytoautomaticallylearnhierarchicalfeaturerepresentations.In
thesetypesofmodels,featuresthatarelearnedonthelowerlevelsaregeneralandmaybeusedin
morethanonedomain;featuresthatarelearnedontheouterlayersaremorefine-tunedandrely
on thechosendatasetand task (Yosinski,Clune,Bengio,&Lipson,2014).Therearenumerous
architecturesinthefieldofCNNmodel.Themostcommonmodelsare:AlexNet,VGG16andVGG19
thatareusedrespectivelyin(Krizhevsky,Sutskever,&Hinton,2012;Simonyan&Zisserman,2014;
Szegedyetal.,2015).

ThestructureofAlexNetandthenumberoffiltersanditssizearepresentedindetailin(Al-
johania&Elrefaei,2019).Thefirstandsecondlayersimplementconvolution,ReLU,CrossChannel
Normalizationandmaxpoolingwherethefirst layerconvolutionuses96differentfiltersofsize
11×11×3withstridesizeof4andatmaxpoolingimplement3×3filtersalsousingastridesize
of2.Thesecondlayerconvolutionuses256differentfiltersofsize5×5×48withstridesizeof1
andatmaxpoolingimplement3×3filtersthatusingastridesizeof2.Thethirdandfourthlayers
implementconvolutionandReLUwhereconvolutionisdonewith384differentfiltersofsize3x3x256
in the third layerand3x3x192 in the fourth layer.Thefifth layer implementconvolution,ReLU
andmaxpoolingwhereconvolutionuses256differentfiltersofsize3x3x192withstridesizeof1
(Krizhevsky,Sutskever,&Hinton,2012).Thenusedthreefullyconnected(FC)layersanddropout,
attheendappliedaSoftmaxlayer.

IntheVisualGeometryGroup(VGG)model,thefirstthreelayersusedualconvolutionallayers
whichfollowingbyReLUactivationfunctionwith64,128,and256differentfiltersofsize3×3with
stridesizeof1thenasinglemaxpoolinglayerareused.InVGG16thefourthandfifthlayersuse
threeconvolutionallayersfollowedbyReLUactivationfunctionwith512differentfiltersofsize
3×3withstridesizeof1followedbyasinglemaxpoolinglayer.WhileinVGG19thefourthand
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fifthlayersusefourconvolutionallayersfollowedbyReLUactivationfunctionwith512different
filtersofsize3×3withstridesizeof1followedbyasinglemaxpoolinglayer.Afterthatthreefully
connectedlayersareusedwithaReLUattheendappliedaSoftmaxlayer(Simonyan&Zisserman,
2014;Szegedy,etal.,2015).ThestructuresofVGG16andVGG19modelsandthenumberoffilters
anditssizeareinpresentedindetailin(Al-johania&Elrefaei,2019).

The main difference between AlexNet and VGGNet is the architecture depth. Additionally,
VGGNetassignsverysmall3×3convolutionalkernelsagainstthe7×7(Conv1),5×5(Conv2),
and3×3(others)kernelsinAlexNet(Hertel,Barth,Käster,&Martinetz,2015).

3.3. CNN For Biometrics System
BiometricsystemsusetheCNNpre-trainedmodelusingthreesteps.Thefirststepconsistsofselecting
themostsuitablepre-trainedmodel.Then,theproblemisclassifiedbasedonthesizesimilaritymatrix
(Marcelino,2019),asshowninFigure3(a).Problemsareclassifiedusingthematrixbasedonthe
dataset’ssizeanditsresemblancetothedatasetfromthepre-trainedmodel.Thefinalstepconsistsof
fine-tuningthemodel.Thisinvolvesusingthematrixtorepurposethepre-trainedmodel(Marcelino,
2019).Figure3(b)presentsasummaryofhowtorepurposethepre-trainedmodel.

Thefirstquadrantcontainsalargedatasetthatdiffersfromthatofthepre-trainedmodel.Insuch
cases,thepre-trainedmodel’sarchitectureisusedandtrainedtosuitthedataset.Giventhedataset’s
size,themodelmaybetrainedfromscratch.

Thesecondquadrantcontainsalargedatasetwhichresemblesthatofthepre-trainedmodel.In
suchcases,noteverylayeristrained.Theamountthatistraineddependsonthedataset’ssizeand
totalamountofparametersused.Itisimportanttonotethatfrozenlayersmaynotbetrainedlater.

Thethirdquadrantcontainsasmalldatasetwhichdiffersfromthatofthepre-trainedmodel.Insuch
cases,noteverylayeristrained.However,determiningthenumberoflayerstobetrainedisdifficult.

Thefourthquadrantcontainsasmalldatasetwhichresemblesthatofthepre-trainedmodel.In
suchcases,theoriginalconvolutionalbaseiskept,anditsoutputisfedtotheclassifier.Thisprocess
entailsthefollowing:removingthelastoutputlayer,usingthepre-trainedmodelasafixed-feature
extractorandfinally,usingtheextractedfeaturesintraininganewclassifier.

Inthispaperwechoosethepre-trainedmodelinquadrant4thatkeepstheconvolutionalbase
withoutchangethenusesitsoutputsasinputfor theclassifier.Pre-trainedmodel isusedbytwo
approaches:transferlearningwithCNNandfeatureextractionwithCNN.

3.3.1. Transfer Learning (TL) With CNN
Transferlearningisanothermachinelearningapproach.Inthismethod,knowledgethatwaslearned
whensolvingoneproblemisappliedtoanother.Assuch,thismethodutilizespreviousmodelsthat

Figure 3. (a) Size-Similarity Matrix (b) Summary of how select repurposing a pre-trained model (Marcelino, 2019)
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weredeveloped.Inthese‘pre-trained’models,alargedatasetisusedtotrainthemodelinsolvinga
problemsimilartotheproblemathand.Torepurposepre-trainedmodels,theoriginalclassifieris

removed,anewclassifierthatsuitstheneedsofthesystemisaddedandthenthemodelisfine-tuned.
Afine-tunedsystemisshowninFigure4.

Themostrecentlayersofthepre-trainednetworkareconstructedfor1000classestheselayers
fine-tunedforthenewclassificationproblem.Theclassificationbyscientificallyaddingtheweighting
ofthepriorlayeroffeaturestodecideanexactgoaloutputresultisthemajorfunctionofthislayer
(Huang,Pan,&Lei,2017).

Whentransferringthelayerstothenewclassificationproblem,onlythelastthreelayersarenot
extracted.Instead,theyarereplacedwiththefollowingthreelayers:fullyconnected,aSoftmax,and
classification.Thefully-connectedlayer’soptionsarespecifiedbasedonthenewdataset,anditssize
issettocorrespondtothatofthenewdataset’sclasssize.

ASoftmax layerget theoutput ofFullyConnected (fc) layers then applies aSoftmax function,
equation(1),totheinput(Bishop&Christopher,2006):
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Wherewistheweightvector,xisthefeaturevectorof1trainingsample,andbisthebiasunit.
Now,theprobabilityiscalculatedbythisSoftmaxfunctionthattrainingsamplex i( ) beappropriate
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eachclasslabel j k= 1, ,… .TheSoftmaxfunctionalsoknownasthenormalizedexponentialcan
beconsideredthemulti-classgeneralizationofthelogisticsigmoidfunction(Bishop&Christopher,
2006).

Figure 4. Fine-tuning with CNN
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3.3.2. Feature Extraction With CNN
Inthismethod,learnedimagefeaturesareextractedfrompre-trainedCNNsandusedintrainingthe
imageclassifier,asshowninfigure5.Ahierarchicalrepresentationisconstructedusingtheinput
images.Lowerlayersconsistofhigh-levelfeaturesthataremadeusinglow-levelfeaturesofprevious
layers.Whilethe‘fc7’layerisusedtoobtainfeaturerepresentationsforthetrainingandtestimages,
earlierlayersareusedtoobtainlow-levelrepresentations.Differentclassificationapproachesareable
touseECOCbecauseitisnotconfinedtooneapproach.

Inthispaper,werestrictedourfocustoECOCusesinSVMmodels.InaSVMmodelwiththe
followinggivendata:atrainingdatasetof[(x1,y1),(x2,y2),…(xn,yn)]whichneedstobeclassified
intotwo,linearlyseparable,classeswherelengthd’sfeaturevectoris(xi∈Rd),thelabelclassis[yi

∈(-1,+1)]andthehyperplaneis wx b+ =( )0 ;withoutanyotherpriorknowledgeaboutthedataset,
themodelisabletoobtainthehyperplanewiththemostmargin(Zhang,Gao,Chen,Shan,&Zhao,
2006).

IntheECOCalgorithm,whenthecodingmatrix(CM)isdesigned,thebinaryclassifiersand
classesarerepresentedbythecolumnsandrows,respectively.Eitherbinaryorternarycodingmay
beusedtodesigntheCM.Withbinarycoding,theelementsoftheCMare[CMij∈{-1,1}orCMij
∈{0,1}],where(i=1,2,….,M)and(j=1,2,…,N).MandNarethenumberofclassesand
binaryclassifiers,respectively.Torepresentwhichclassesaregroupedtogetherineveryclassifier,
valuesaredividedinthecolumnsinto(-1and1)or(1and0),respectively.Withternarycoding,the
elementsoftheCMbelongtotheset{-1,0,1};-1and1signifythesameastheydoinbinarycoding
and0signifiesthattheclassisnotincludedwhentrainingtheindividualbinaryclassifier(Joutsijoki,
Haponen,Rasku,Aalto-Setälä,&Juhola,2016).

Aftercreatingand trainmulti-binaryclassifiers then thedatadivided into twosupergroups
basedonzerosandonesinrespectivecolumns,therearenumerousstrategiesofhowtoconstruct
thecodingmatrix.Wechoseone-vs-all(OVA)strategies(Liu&Wechsler,2001)whichusesmulti-
binarycodingandallclasseswithoneareassembledinthefirstgroup,andtherestofclassesare
collectedinthesecondgroup.

OncetheCMisbuiltandtheindividualclassifiershavefinishedtraining,testexamplesneedto
beclassified.Everyclassifierisgiveneverytestsampletopredictitsoutput.Afteroutputcollection
iscompleted,a‘codeword’isconstructedforthetextexample.Thedecodingphasethenbegins.
Thisphasesearchesthecodewordsintheclassestodeterminewhichisclosertotheonefromthe
testexample.

Figure 5. Feature extraction with CNN
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3.4. Multimodal Biometric Fusion
Combiningdatafromindividualmodalitiesrequiresanefficientfusionstructure.Inbiometricfusion,
wherebiometricfeaturesarecombined, thesystem’saccuracy,robustnessandefficiencymaybe
increased.Thisresearchutilizestwofusionlevels:thefeatureandscoringlevels.

3.4.1. Feature Level Fusion (FLF)
Inthisleveloffusion,thefeaturesareextractedfromeachbiometricandusedtocalculateamultimodal
featurevector.Forfeaturefusionsomemethodshavebeenproposed(Yang&Yang,2002)(Yang,
Yang,Zhang,&Lu,2003)(Mi,Wang,&Qi,2016).Weusedtwomethodsforfusingthedifferent
typesoffeatures.

Serial feature fusion strategy:thefusedfeaturesdimensionisequivalenttothesummationof
thetwosetsoffeaturesdimensions.Featurevectorsofthefirstbiometric,U u u u

m
= { }1 2

' ' ', , ,… and

feature vectors of the second biometr icV v v v
n

= { }1 2
' ' ', , ,…  the new feature vector,

UV u u u v v v
m n

= { }1 2 1 2
' ' ' ' ' ', , , , , , ,… … ,UV Rm n∈ + iscreated.Thepurposeistomergethesetwofeatures

setstocreateanewfeaturevector.
Parallel feature fusion strategy:istocombinethetwosetsoffeaturesrepresentedbyF1and

F2.Thefinalfusedfeaturerepresentationisformulatedasinequation(3),

F I F I iF I
f ( ) = ( )+ ( )1 2

 (3)

whereitheweightunit.

3.4.2. Score Level Fusion (SLF)
Theinvolvementoffusionatthescorelevelisthesecondapproach.Foreachbiometric,theuseris
validatedandamatchingscoreindicatingthefeaturevectorproximityiscalculatedwiththetrained
model.Thesescoresarefusedtoverifytheidentity.

SLFconsistsoftwomainsteps:scorenormalizationandfusion.Inthefirststep,acomparator
(Si)calculatesscores.Thescoresarethenmappedtoanotherscorescale,(domainSi’).Forexample,
ifcomparator(X)wastoproducescoresonthedomain[1;200],andcomparator(Y)wastogenerate
scoresonthedomain[1;2500],then,normalizationandmappingofbothscorestoacommonscale
isrequired(Heenaye&Khan,2012).

Score normalization is conducted so that the comparator’s parameters and data types are
transformedtoacommondomain.Min-maxnormalization(MM)methodswereusedintheproposed
system.MMlinearlytransformstheoriginaldata.Itisasimplemethodthatissuitabletousewhen
thegeneratedscorelimitsaregiven.Whileitisefficientandperformsadequately,itsgeneratedresults
maynotbeaccurateifthereareoutliersinthedata.Itmapsrawscorestothe[0,1]rangeanduses
themaximum max

s( ) andminimum min
s( ) scoretoassignthescorerange’sendpoints(Heenaye

&Khan,2012).Givenaset(S)whichcontainsthescoresforthematcher,(s)and(s’)aredenotedas
therawmatchingscoreandthenormalizedscorewhichcorrespondstoit,respectivelyasinequation(4).
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Score Fusion Techniques
Therearetwotypesofscorefusionmethods:classificationandcombination.Whilethefirsttype
doesnotrequirenormalizationsincescoresmaybeheterogenous,itisrequiredinthesecondtype
beforescorefusionoccurs.Whenusingtheclassificationmethods,fortheproblemtobeformulated,
thedecisionspaceisdividedintoanauthenticclassandanimposterclass.Theextenttowhichthis
methodisreliableandeffectivebaseonthesizeandqualityofthedatasetusedintrainingtheclassifier.
Classification approaches that have been studied include neural networks, nearest neighborhood
algorithmsandtree-basedclassifiers(Srivastava,Hinton,Krizhevsky,Sutskever,&Salakhutdinov,
2014).

Thesecondscorefusionmethod,combination,isnotonlymorefrequentlyusedthanthefirst
method,but italsoeffectivelycombinesbiometricscores.Scoresfrommultiplecomparatorsare
combined inorder togenerateonescore.The following threeSLFmethodsareanalyzed in this
research:maximumscore,simplesumandweightedproduct.

• Maximum Score:Inthistechnique,theposterioriprobabilities’meanisestimatedbythelargest
value,equation(5).

maximumscore=max(i=1toN)s’ (5)

• Simple Sum:Thistechniquereflectstherawscores’weightedaverage.Itsumsthescoresfrom
comparisonswithoutnormalization.Thistechniqueissimpleandoperatesundertheassumption
thatrawscoresinputtedusingbiometricapproacheshaveascale,distributionandstrengththat
areabletobecompared.Thistechniqueisapplicableinclassificationswithdataambiguitydue
tohighnoiselevels,equation(6).

simplesum= � � � � ’∑ =( )i toN s1  (6)

• Weighted Product:Inthistechnique,scoresarecombinedbyutilizingtheweightedmultiplication
ofallmodalityscores,equation(7).

weightedproduct=Π i to N s=( )1 '  (7)

TheProposedMultimodalBiometricFusionofDorsalHandVein(DHV)andPalmprint(PP)
Inthispaper,theproposedmulti-modalbiometricsystemisbasedonPPandDHVthatusetwo

approachesforfusion:

4.1. First Approach: Fusing dorsal Hand Vein (dHV) 
and Palmprint (PP) at Feature Level
Inthisapproach,weappliedonestrategywherePPandDHVarefusedatfeaturelevelbyusingCNN
forfeaturesextractionandtrainECOCwithSVMclassifierforclassification,Figure6andFigure
7.FeaturesareExtractedusingthepre-trainedconvolutionalneuralnetworks(VGG16,VGG19and
AlexNet)andtrainECOCwithSVMclassifierforclassification.Fusionatfeaturelevelisinvestigated
byserialorparalleltechniques.Weanalyzedfourmethodsinthisapproach:

1. VGG16forextractingfeaturesfromPPandDHV.
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2. VGG19forextractingfeaturesfromPPandDHV.
3. AlexNetforextractingfeaturesfromPPandDHV.
4. VGG16,VGG19andAlexNetforextractingfeaturesfromPPandDHV,asshowninFigure7.

4.2. Second Approach: Fusing Palmprint (PP) And 
dorsal Hand Vein(dHV) at Score Level
Inthisapproach,weappliedtwostrategieswherePPandDHVarefusedatscorelevelbyusingCNN
forfeatureextractionandtrainSoftmaxlayerorECOCwithSVMclassifierforclassification(Figure8):

Strategy1:TransferLearningwithCNNswherewefine-tunedapre-trainedconvolutionalneural
network(VGG16,VGG19andAlexNet)forfeaturesextractionandclassificationthenfusing
withSum,maxandproductmethods.

Strategy2:usethepre-trainedCNN(VGG16,VGG19andAlexNet)forfeaturesextractionandtrain
ECOCwithSVMclassifierforclassificationthenfusingatscorelevelbySum,maxandproduct
methods.

Featuresareextractedinthisapproachforeachstrategyusingthethreemethods:

1. VGG16forextractingfeaturesfromPPandDHV.

Figure 6. Fusion palmprint and dorsal hand vein at feature level

Figure 7. VGG16, VGG19 and AlexNet for extract feature
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2. VGG19forextractingfeaturesfromPPandDHV.
3. AlexNetforextractingfeaturesfromPPandDHV.

Therearenumberoftechniquesusedintheproposedsystemtoavoidoverfittinginthelearning
processandincreasethegeneralizationabilityoftheneuralnetwork.Thesetechniquesare:dropout
method (Al-Waisy, Qahwaji, Ipson, & Al-Fahdawi, 2018), data augmentation and The ReLU
(Krizhevsky,Sutskever,&Hinton,2012).

5. THe eXPeRIMeNTAL ReSULTS

Thissectionpresentsadetaileddescriptionoftheexperimentalresults.Theexperimentalsetupis
presentedinSection5.1.InSection5.2.wepresentthedatasets.InSection5.3.theresultsofthe
experimentsinthetwoapproaches:FusionatfeaturelevelandFusionatscorelevelisillustrated.

Section5.4showsacomparisonbetweenthetwoapproachesresults.Then,weprovideinSection
5.5thecomparisonbetweentheperformanceoftheproposedmultimodalbiometricfusionofPPand
DHVwiththestate-of-the-art.

5.1. The experimental Setup
Thesystemanditsstagesareimplementedusingthedesktopcomputerenvironment(Intel(R)Core
(MT)i7-7700HQCPU@2.80GHz,windows1064-bitoperatingsystem,RAM16GB,256GB
SSD,NVIDIAGTX1060graphicscard,ourproposedsystemwasdesignedandprogrammedusing
MATLABR2018awithComputerVisionanddeeplearningtoolboxes.

Duringthisexperiment,datasetwasrandomlydividedintotwoparts:70%fortrainingandthe
remaining30%fortesting.TheAlexNet,VGG16andVGG19CNNnetworksusedinthissystemneed
thesizeoftheinputimagestobe227-by-227,buttheimagesinthedatasetshavedifferentsizes.We
resizedtheimagesbeforeusingtheCNNsfortrainingandtesting,bygeneratingaugmentedimage
datastores,identifyingthewantedimagesize.

Theproposedsystemperformanceiscalculatedbytherecognitionaccuracyrateusingequation(8),

Figure 8. Fusion palmprint and dorsal hand vein at score level
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Accuracy
Number of correct predictions

Total number of pred
=

   

   iictions
×100  (8)

5.2. datasets
Theproposedarchitectureistestedonthreedatasets,twoforDHVandonedatasetforPP.Additional
augmentationoperationsisperformedonthetrainingimages:randomlytranslatetheimagesupto
30pixelshorizontallyandvertically.Randomrotationinrangefrom35to-35.Dataaugmentation
avoidoverfittingandrememberingtheexactdetailsofthetrainingimages.Datasetisdescribedin
followingsub-section:

• DHV Datasets:Thefirstdatasetisabigdatasetrelatedtothefieldofdorsalhandveinrecognition
thatknownin the literatureas“Dr.Badawihandveinsdataset”(Shahin,Badawi,&Rasmy,
2011).Thedatasetcontains imagesfor50differentpersonswith10 imagespereveryone,5
imagesforlefthandand5imagesforrighthand,mirroredtohavethesamecoordinatebasis
ofpatternslocalization.Thisdatasetiscomposedoffemalesandmalesintherangebetween
16-and65-years’age.Personsareinhealthyconditionswithdifferentaffiliations(students,
professors,engineersandworkers,housewives,etc.),Figure9part(a)displayssomesamples
fromthisdatabase(Shahin,Badawi,&Rasmy,2011).

ThesecondDHVdatasetisBosphorusoflefthandthatcontains1575imagesthattakenform
100persons.Also,thisdatasetcontains219imagesfor25usersobtainedaftertwoorfivemonths.
Inaddition,threepositionsforeachcustomerareuseinregularandspecificsituations(afterhaving
carriedabagweighing3kg.foroneminuteandafterthehandcooled)(TheBosphorusHandDatabase,
2010),Figure9part(b)displayssomesamplesfromthisdatabase.

• PP Dataset:WeuseCOEPpalmprintdatabasewhichconsistsof8variouspalmimagesofeach
person.Thedatabaseinvolves1344imagespertainingto168people.Thedatabasewascollected
inoneyear.Theimagesweretakenbydigitalcameraandtheresolutionis1600×1200pixels
(AutonomousInstituteofGovernmentofMaharashtra,2018).Figure9part(c)displayssome
samplesfromthisdatabase.

5.3. data Augmentation
ItiswellknownthattoachievesatisfactorypredictionDNNsneedtobetrainedonalargenumberof
trainingsamplesandpreventoverfitting(Krizhevsky,Sutskever,&Hinton,2012).Dataaugmentation
isasimpleandcommonlyusedmethodtoartificiallyenlargethedatasetbymethodssuchasrandom
crops,intensityvariations,horizontalflipping.

Figure 9. Some samples from hand veins datasets (Autonomous Institute of Government of Maharashtra, 2018) (The Bosphorus 
Hand Database, 2010)
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Inthiswork,theCNNnetworksrequireinputimagesofsize227-by-227-by-3,buttheimagesin
theimagedatastoreshavedifferentsizes.Useanaugmentedimagedatastorestoautomaticallyresize
thetrainingimages.Specifyadditionalaugmentationoperationstoperformonthetrainingimages:
randomlytranslatetheimagesupto30pixelshorizontallyandvertically.Randomrotationinrange
from35to-35.Dataaugmentationhelpspreventthenetworkfromoverfittingandmemorizingthe
exactdetailsofthetrainingimages.

5.4. experiments and Results
Thissectiondisplaystheresultofourexperimentsandtheaccuracyoftheproposedmultimodalin
FLFandSLF.

5.4.1. First Approach: Feature Level Fusion (FLF) Experiment
ThemultimodalsystemwastestedtwotimesbyrepeatingthePPdatabaseforeachDHVsystem
database:Dr.BadawiwithCOEPpalmprintandBosphoruswithCOEPpalmprint.Thefusionbetween
DHVdatasetandCOEPpalmprintappliedinFLFbyserialandparallelmethods.
5.4.1.1. The Fusing Dorsal Hand Vein (DHV) and Palmprint (PP) Datasets at Feature Level by Serial Method
Inthispart,thefeatureisextractedbyfourmethods.Thefirstthreemethodsareextractingfeatures
fromthemodels(AlexNet,VGG16orVGG19)foreachdatasetthentheresultofthetwodatasetsare
fusedusingserialfusion.Thefourthmethodextractingfeaturesfromallmodel(AlexNet,VGG16,
andVGG19)foreachdatasetthenthefusionresultofthesixfeatures.ThenclassificationbyECOC
withSVM.

ResultoffusingDr.BadawidatasetwithCOEPdatasetbythefirstthreemethodsisshownin
Figure10part(a).ExperimentshowstheresultoffusingBosphorusdatasetwithCOEPdatasetby
thefirstthreemethodsisshowninFigure10part(b).

AscanbeshownfromFigure10,fusingDr.BadawidatasetwithCOEPdatasetachievedrange
from100%to96.33%.WhileBosphorusdatasetwithCOEPdatasetachievedaccuracyrangefrom
100%to98%.Overall,wenotethatthehighestaccuracywhenfusingDr.BadawidatasetwithCOEP
datasetandBosphorusdatasetwithCOEPdatasetisachievedinVGG16modelof100%.

ExperimentshowstheresultoffusingDr.BadawidatasetwithCOEPdatasetandBosphorus
withCOEPdatasetbyfeatureextractedfromallmodels(AlexNet,VGG16andVGG19)areshown
inFigure11,theresultachievedaccuracyresultsrangefrom100%to99.67%.Wenotethisapproach
getaccuracyabout100%inthemostresultand‘fc6’,‘fc7’layersinthisapproachgethighaccuracy.
5.4.1.2. The Fusing Dorsal Hand Vein (DHV) and Palmprint (PP) at Feature Level by Parallel Method
TheexperimentresultoffusingDr.BadawidatasetwithCOEPdatasetbyparallelmethodisshown
inFigure12(a).ExperimentshowstheresultoffusingBosphoruswithCOEPdatasetbyparallel
fusionisshowninFigure12(b).AscanbeseenfromFigure12,fusingDr.BadawidatasetwithCOEP
datasetachievedaccuracyrangefrom100%to99%.WhilefusingBosphorusdatasetwithCOEP
datasetachievedaccuracyrangefrom100%to96.67%.Overall,wenotethatthehighestaccuracy
whenfusingDr.BadawidatasetwithCOEPdatasetandBosphorusdatasetwithCOEPdatasetis
achievedusingVGG16model.

InFLFapproach,wenotethatwhenfeatureextractedfromonemodel(AlexNet,VGG16or
VGG19)foreachdatasetthentheresultoftwodatasetsisserialfused,achievedhighestaccuracy
whenfusingDr.BadawidatasetwithCOEPdatasetof100%inVGG16whilethehighestaccuracy
whenfusingBosphorusdatasetwithCOEPisabout99.67%inVGG16.Whenfeatureextractedfrom
allmodels(AlexNet,VGG16andVGG19)foreachdatasetthentheresultoftwodatasetsisserial
fused,wegetaccuracyof100%inmostoftheresults.Thefeatureextractionfromonemodel(AlexNet,
VGG16orVGG19)foreachdatasetthentheresultisparallelfusedachievedhighestaccuracywhen
fusingDr.BadawidatasetwithCOEPdatasetofabout100%inVGG16whilehighestaccuracywhen
fusingBosphorusdatasetwithCOEPisabout100%inVGG16.
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5.4.2. Second Approach: Score Level Fusion (SLF) Experiment
Again,themultimodalsystemwastestedtwotimesbyrepeatingPPdatabaseforeachDHVsystem
database:Dr.BadawidatasetwithCOEPandBosphorusdatasetwithCOEP.TheFusionofPPand
DHVatSLFisdonebyapplyingtwostrategies:
5.4.2.1. Strategy 1: Transfer Learning With CNN
Thisstrategyfine-tuningapre-trainedconvolutionalneuralnetwork(VGG16,VGG19andAlexNet)
forfeaturesextractionandclassificationthenfusionwithSum,maxandproductmethods.Wekeep
thefeaturesfromtheearlylayersofthepretrainednetworkandwetriednumbersofepochsof30
andmini-batchsizeof10withaninitiallearningrateof0.0001.

Figure 10. Experiment result of serial method

Figure 11. Experiment result of serial method by all model (AlexNet, VGG16 and VGG19)
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Figure13showsexperimentalresultofSLFfortheBosphorusdatasetwithCOEPdatasetand
Dr.BadawidatasetwithCOEPdatasetwherefeaturesforeachdatasetareextractedandclassification
resultisnormalizedbytheMin-maxnormalizationtechniques,thenfusedbythemax,sum,orproduct.

AscanbeseenfromFigure13(a),thesumtechniqueachievedaccuracyrangefrom99.67%to
97.67%aswellasthehighestaccuracyinAlexNetmodel.Whileproducttechniqueachievedaccuracy
rangefrom100%to97.67%aswellasthehighestaccuracyinAlexNetmodel.andwithmaxtechnique
accuracyrangesfrom99.67%to97.67%aswellasthehighestaccuracyinAlexNetmodel.Overall,
thebestresultsinAlexNetmodel.

Figure 12. Experiment result of parallel feature level fusion

Figure 13. Experiment result fusion by score level with transfer learning
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AscanbeseenfromFigure13(b),thesumtechniqueachievedaccuracyrangefrom99.33%to
98.67%aswellasthehighestaccuracyinVGG16model.Whileproducttechniqueachievedaccuracy
of100%inallmodels.Maxtechniqueaccuracyrangesfrom99.33%to98.33%aswellasthehighest
accuracyisinVGG16model.Overall,thatthebestresultswhenusingproducttechnique.
5.4.2.2. Strategy 2: Using Feature Extraction With CNN
ThisstrategyusingAlexNet,VGG16andVGG19modelsforfeatureextractionfrom‘fc6’,‘fc7’or
‘fc8’layersthenclassificationbyECOCwithSVM,weuselinearkernelfunction.Classificationresult
normalizedbythemin-maxnormalizationtechniques,thenfusedbythemax,sum,ortheproduct.
TheexperimentalresultoffusingtheBosphorusdatasetwithCOEPdatasetandfusingDr.Badawi
datasetwithCOEPdatasetbythemax,sum,ortheproductareshowninFigures14,15,and16.

AscanbeseenfromFigure14(aandb)withsumtechnique.Figure14(a)showsthatfusing
Dr.BadawidatasetwithCOEPdatasetachievedaccuracyrangefrom100%to99%aswellasthe
highestaccuracyinallmodelof100%.WhileinFigure14(b),fusingBosphorusdatasetwithCOEP
datasetachievedaccuracyrangefrom100%to99%andthehighestaccuracyinVGG16andVGG19
modelisabout100%.

Figure15(aandb)showsproducttechniqueresults.InFigure15(a),fusingDr.Badawidataset
withCOEPdatasetachievedaccuracyrangefrom100%to99%aswellasthehighestaccuracyinall
modelsisabout100%.WhileinFigure15(b),fusingBosphorusdatasetwithCOEPdatasetachieved
accuracyrangefrom100%to99%andthehighestaccuracyinVGG16modelisabout100%.

Figure16(aandb)showsmaxtechniqueresults.InFigure16(a),fusingDr.Badawidatasetwith
COEPdatasetachievedrangefrom100%to97.33%aswellasthehighestaccuracyinAlexNetmodel
isabout100%.WhileinFigure16(b),fusingBosphorusdatasetwithCOEPdatasetachievedaccuracy
rangefrom100%to96.67%andthehighestaccuracyinVGG16modelisabout100%.Overall,we
notethecommonmodelbetweenthetwodatasetsthatachievingthebestresultsisVGG16model.

5.5. Result discussion
Table1showsacomparisonbetweentheproposedapproachesresults.Ingeneral,wenotefeature
extractwithCNNandclassificationbyECOCwithSVMingeneralachievedthehighestaccuracyis
about100%inallapproach.However,wecanseethatFLFisbetterthanSLFfortwotests.Also,we
notethefeatureextractwithCNNandclassificationbyECOCinFLFachievedthehighestaccuracy
whenweserialfusedallmodel(VGG16,VGG19andAlexNet)together.Whilethefeatureextract

Figure 14. Experiment fusion by SLF using sum technique
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withCNNandclassificationbyECOCwithSLFachievedthehighestaccuracywhenweusesum
methodinallmodel(VGG16,VGG19andAlexNet).Also,intransferlearningwithCNNproduct
techniquegivingbestresult.

5.6. Comparison with State-of-the-art
Comparisonbetweentheperformanceoftheproposedmulti-modalbiometricfusingofDHVand
PPwiththestateoftheartisillustratedinTable2.Thesesystemsusedifferentfeatureextraction
andclassificationmethods.In(Shahin,Badawi,&Rasmy,2008)usedSTFT,maximaandminima
andpatternstreeextractionfeatureextractionalgorithmsandpoint-matchingandleastsquarefor
classifier.Ontheotherhand,in(Sanchit,Ramalho,Correia,&Soares,2011)usedGaborfiltering
featureextractionalgorithmsandHDclassifier.In(Wang,Yau,Suwandy,&Sung,2008),usedthinning

Figure 15. Experiment fusion by SLF using product technique

Figure 16. Experiment fusion by SLF using max technique
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algorithmandminutiaepointsfeatureextractionalgorithmswithMHDclassifier.In(Wang,Yau,&
Suwandy,2008)usedLPPforfeatureextractionandKNNforclassification.In(Bharathi,Sudhakar,
&Balas,2015)usedShearlettransformandScale-invariantfeaturetransformfeaturesandEDfor
classification.In(BenKhalifa,Gazzah,&BenAmara,2013)usedDWTfeatureextractionalgorithms
similaritymeasureforclassification.In(Nageshkumar,Mahesh,&Swamy,2009)usedeigenvectors
oftheimagethenUsethecanonicalforfeatureextractionandEDclassifier.In(Noushath,Imran,
Jetly,Rao,&Kumar,2013)useLDAandLPQforfeatureextractionandlogicalANDcombinethe
outputdecisionsbydifferentmatchers.In(Gopal,Srivastava,Bhardwaj,&Bhargava,2016)used
AHE,GMFandAADforfeatureextractionandKNN,RFandSVMforclassification.

However,theproposedsystemrecognitionisbasedonCNNdepthmodelsthatselectandexpress
thedepthfeatureoftheimageautomaticallybytwoapproaches:usingfeatureextractedwithpre-trained
CNNandtransferlearningwithpre-trainedCNNthatgiventhehighestaccuracyintwoapproaches.

6. CoNCLUSIoN

Palmprint(PP)recognitionhasmanyadvantagessuchstablelinefeatures,decreaseddistortion,thatit
iseasiertomanuallyposition,anditsabilitytoreachahigherrecognitionratequicker[4].Also,dorsal
handveins(DHV)aregainingpopularityamongrecognitionsystemssincetheirpatternspossessthe

Table 1. Comparison between the results

Fusing 
Dataset Approach

Feature 
Extract and 

Classification
Fusing Method

Model Highest 
ResultVGG 16 VGG19 AlexNet

Dr.Badawi
with
COEP

FLF

Featureextract
withCNNand

ECOCwith
SVM

serialfusionone
model 100 99.67 99.67 100

serialfusionall
model 100 100

parallelfusion 100 99 99.33 100

SLF

Transfer
learningwith

CNN

Sum 97.67 97.97 99.67 99.67

product 97.67 97.67 100 100

max 98 97.67 99.67 99.67

Featureextract
withCNNand

ECOCwith
SVM

Sum 100 100 100 100

product 100 99.67 99.33 100

Max 99.67 99.67 100 100

Bosphorus
with
COEP

FLF

Featureextract
withCNNand

ECOCwith
SVM

serialfusionone
model 100 99.67 99.33 100

serialfusionall
model 100 100

parallelfusion 100 100 99.33 100

SLF

Transfer
learningwith

CNN

Sum 99.33 98.67 99 99.33

Product 100 100 100 100

max 99.33 98.33 99 99.33

Featureextract
withCNNand

ECOCwith
SVM

Sum 100 100 100 100

product 100 100 100 100

max 100 99.67 99 100
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followingfourbiometriccharacteristics:universality,uniqueness,permanence,andcircumvention.
There are some applications that use the DHV and PP for recognition as ATM machines, bank
transactions,computers,andentrysystems.WenoticedMostofresearchersusedhand-craftedmethods
forPPandDHVrecognitionsystems.Toovercometheseissues,theresearchersusedfeature-learning
algorithms,especiallytheCCN.

Inthispaper,weproposedamultimodalbiometricsystembasedonPPandDHVby(VGG16,
VGG19andAlexNet)CNNmodels.Intheproposedsystem,weusedtwofusingapproaches:First
Approach:fusionatfeaturelevel(FLF)wherefeaturesareextractedwith(VGG16,VGG19or/and
AlexNet)CNNmodelsandusedECOCwithSVMforclassificationinthisapproachweuseserialand
parallelmethodsforfeaturefused.SecondApproach:fusionatscorelevel(SLF)bytwostrategies:
transferlearningthatuse(VGG16,VGG19,andAlexNet)CNNmodelsforfeaturesextractionand
classificationthenfusedatscorelevel.Secondstrategyfeatureextractionwith(VGG16,VGG19and
AlexNet)modelsandtrainECOCwithSVMforclassificationthenfusion.Inthisapproachweuse
sum,maxandproductfusingmethods.

Inourmodel,thetestisdonetwotimesbyrepeatingPPdatabaseforeachDHVdatabases:Dr.
BadawiwithCOEPpalmprintandBosphoruswithCOEPpalmprint.Theexperimentresultsfeature
extractwithCNNandclassificationbyECOCwithSVMingeneralachievedthehighestaccuracy.
However,FLFisbetterthanSLFfortwotests.Also,thefeatureextractwithCNNandclassification
byECOCinFLFachievedthehighestaccuracywhenweserialfusedallmodel(VGG16,VGG19
andAlexNet)together.WhilethefeatureextractwithCNNandclassificationbyECOCwithSLF
achievedthehighestaccuracywhenweusedsummethodinallmodel(VGG16,VGG19andAlexNet).
Also,transferlearningwithCNNproducttechniquegivingbestresult.

Inthefuture,wewilltrythecrossvalidationbesidethespiltvalidation.Also,wewillevaluate
theperformanceoftheproposedalgorithmusingthedifferentpre-trainedmodelonmoreDHVand
PPdatasets.
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Table 2. Comparison with state-of-the-art

Author/ Ref # / Year The Used Biometric Feature Extraction 
Algorithm

Matching/ 
Classification Results

(Shahin,Badawi,&
Rasmy,2008)

Fingerprints(FP),dorsal
handvein(HV),andhand
geometry(HG)shape.
Fusionatdecisionlevel

FPextractbySTFTand
ChainCodeContours
algorithm.GHextract
bymaximaandminima
pointsdetection.VH
extractbypatternstree
extractionbasedon
correlationbetweenthe
twotreespatterns

Pointmatching
and
leastsquare
algorithms.

Not
Mentioned

(Sanchit,Ramalho,
Correia,&Soares,2011)

hand-palmveinandhand-
DHV
Fusionatthescorelevel

Gaborfiltering HD Accuracy=
100%

(Wang,Yau,Suwandy,&
Sung,2008)

Palmprintandpalmvein.
Fusionatthefeaturelevel

thinningalgorithm,
minutiaepoints MHDalgorithm Accuracy=

99.4%

(Wang,Yau,&Suwandy,
2008)

palmprintandpalmvein.
Fusionatthefeaturelevel LPP KNN Accuracy=

99.5%

(Bharathi,Sudhakar,&
Balas,2015)

Dorsalhandvein,finger
veinandpalmvein.
Fusionatthescorelevel

Shearlettransformand
Scale-invariantfeature
transform

Euclidean
distance(ED)

Accuracyof
94%,

(BenKhalifa,Gazzah,&
BenAmara,2013)

Face,palmprintandthe
fingerprint.
Fusionatscorelevels.

DWT Similarity
measure EER=0.47

(Nageshkumar,Mahesh,
&Swamy,2009)

Faceandpalmprint
Fusionatmatchingscore
level

Determinetheeigen
valuesandeigen
vectorsoftheimage
thenUsethecanonical

ED Accuracy=
98%

(Noushath,Imran,Jetly,
Rao,&Kumar,2013)

FaceandPalmprint
Fusionatsensorlevel,
featurelevel,decisionlevel
andscorelevel

LDAandLPQ

adoptedlogical
AND,ORto
combinethe
outputdecisions
bydifferent
matchers

Accuracy=
99.5%

(Gopal,Srivastava,
Bhardwaj,&Bhargava,
2016)

Palmprint,palm-phalanges
printanddorsalhandvein.
Fusionatscorelevel

AHE,GMF,AADand
MeanFeatures.

KNN,RFand
SVM

Accuracy=
99%

Proposesystem

Palmprintanddorsalhand
vein.
Fusionatfeatureleveland
scorelevel

Transferlearning(Featureextractand
classificationwithVGG16,VGG19and
AlexNetmodels)

100%

ECOC+SVM

Featureextract
withVGG16,
VGG19and
AlexNetmodels

100%
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