
Support Vector Machinesfor Visual GenderClassification

Abstract
SupportVector Machines (SVMs)are investigatedfor

visual gender classificationwith low-resolution “thumb-
nail” faces(21-by-12pixels)processedfrom1,755images
fromtheFERETfacedatabase. Theperformanceof SVM-
s (3.4% error) is shownto be superior to traditional pat-
tern classifiers (Linear, Quadratic, FisherLinear Discrim-
inant, Nearest-Neighbor)as well as more modern tech-
niquessuch asRadialBasisFunction(RBF)classifiersand
large ensemble-RBFnetworks. Surprisingly, SVMsalso
out-performedhumantestsubjectsat thesametask: in an
experimentalstudyinvolving 30 humantestsubjectsrang-
ing in age frommid-20sto mid-40s,theaverage error rate
was32% for the same“thumbnails” and 6.7%with high-
resolutionimages(still nearlytwicetheerror rateof SVMs).
Thedifferencebetweenlow andhigh-resolutioninputswith
SVMswasonly 1% thusdemonstrating a degreeof robust-
nessandrelativescaleinvariance.

1 Intr oduction

This paperis concernedwith theproblemof classifying
genderfrom thumbnailfaceimagesin which only themain
facial regions appear, i.e., without hair information. The
motivationfor usingsuchimagesis two fold. First,humans
changetheir hair stylesfrequently. Thereforefaceimages
areusuallycroppedto keeponly themainfacial regionsin
a robust facerecognitionmethod

�
. It hasalsobeenshown

that betterrecognitionratescan be achieved for methods
usinghairlessfaceimages[10]. Second,we investigatethe
amountof faceinformationrequiredfor a classifierto learn
maleandfemalepatterns.Previousstudieson genderclas-
sificationeitheruselargeimageswith hair informationor a
small datasetfor experiments.We show that SVM classi-
fiersareableto learnandclassifygenderfrom alargesetof
thumbnailimageswith high accuracy.

Recently, SVMs have beensuccessfullyappliedto key
functional tasksin computationalface-processing.These
include face detection[13], face posediscrimination[9]
and facerecognition[15]. In this paper, we apply SVMs
for genderclassificationusingthumbnailimagesandcom-
paretheir performancewith traditional classifiers(Linear,
Quadratic,FisherLinearDiscriminant,andNearestNeigh-
bor) and more moderntechniquessuchas RBF networks
andlarge ensemble-RBFclassifiers.We alsocomparethe
performanceof SVM classifierswith the performanceof
humantestsubjectsonhigh andlow resolutionimages.

Our approachto genderclassificationis illustrated in�
Our methodaimsto cropevery facesuchthataslittle hair appearsin

animageaspossible.

Figure 1. A face image is preprocessedusing an auto-
matic face-processingsystemfor normalizingfor transla-
tion, scaleaswell asslight rotations.The resultingoutput
faceprintsarestandardizedto 80-by-40pixels,andfurther
subsampledto 21-by-12pixels for low resolutionexperi-
ments. We thentrain andtesteachclassifierwith the face
imagesusing five fold crossvalidation. In particular, we
show that limited informationfrom a thumbnailimageac-
countsfor accurategenderclassificationin SVM classifiers.
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Althoughhumansareextremelygoodatclassifyinggen-
derfrom faceimages,our experimentsshow thatmostpeo-
ple have difficulty in classifyinggenderfrom hairlesshigh
resolutionimages.Furthermorehumanerrorratein gender
classificationusinglow resolutionimagesincreasesalmost
ten fold, while SVM classifiersshow almostno difference
in errorrate.Notethatnohair informationhasbeenused,in
bothmachineandhumangenderclassificationexperiments.
Thisis in contrastto otherexperimentsreportedin literature
whereall but one methodusehair information in gender
classification.

This paperis organizedasfollows. We discussrelated
work in genderclassificationfrom theperspective of com-
putationalfaceprocessingin Section2. Section3 describes
anautomaticfaceprocessingsystemto locateandnormal-
ize faceimagesinto standardsizes. In Section4, we de-
scribetheclassifiersusedin theexperiments.Experimental
resultson theseclassifiersarepresentedin Section5. We
concludethis paperwith somecommentsin Section6.

2 RelatedWork

Questionsregardinggenderclassificationhave beenin-
vestigatedfrom bothpsychologicalandcomputationalper-
spective. Althoughgenderclassificationhasattractedmuch
attentionin psychologicalstudies[1, 4, 6, 14], relatively few
learningbasedvision methodshave beenproposed.In this
section,wereview only themethodsin thelattercategory.

Gollomb, LawrenceandSejnowski traineda fully con-
nectedtwo-layerneuralnetwork, SEXNET, to identify gen-
der from 30-by-30humanfaceimages[7]. Their experi-



mentsonasetof 90photos(45malesand45females)show
anaverageerrorrateof 8.1%comparedto anaverageerror
rateof 11.6%from a studyof five humansubjects.Cottrell
andMetcalfealsoappliedneuralnetworksfor faceemotion
andgenderrecognition[5]. Thedimensionalityof a setof
16064-by-64faceimages(10 malesand10 females)is re-
ducedfrom 4096to 40 via anautoencodernetwork. These
vectorsarethengivenasinputsto anotheronelayernetwork
for training andrecognition. Their experimentson gender
classificationreportperfectresults.Brunelli andPoggio[2]
developedHyperBF networks for genderclassificationin
which two competingRBF networks,onefor maleandthe
otheronefor female,aretrainedusing16geometricfeatures
(e.g.,pupil to eyebrow separation,eyebrow thickness,and
nosewidth) asinputs. Theresultson a datasetof 168 im-
ages(21 malesand21 females)show anaverageerror rate
of 21%.Similar to themethodsby Golomb[7] andCottrell
[5], Tamuraet al. [16] appliedmultilayer neuralnetworks
to classifygenderfrom faceimagesof multiple resolutions
(from 32-by-32to 16-by-16and8-by-8 pixels). Their ex-
perimentson 30 testimagesshow thattheir network is able
to determinegenderfrom faceimagesof 8-by-8pixelswith
anaverageerror rateof 7%. Insteadof usinga rasterscan
vectorof gray levels to representa faceimage,Wiskott et
al. [18] usedlabeledgraphsof two-dimensionalviews to
describefaces.The nodesarelabeledwith jets which is a
specialclassof local templatescomputedon the basisof
wavelet transform,andtheedgesarelabeledwith distance
vectorssimilar to geometricfeaturesin [3]. They usea s-
mall setof controlledmodelgraphsof malesandfemalesto
encodethe generalfaceknowledge. It representsthe face
imagespaceandis usedto generategraphsof new facesby
elasticgraphmatching.For eachnew face,acompositeface
resemblingthe original oneis constructedusingthe nodes
in themodelgraphs.If themajorityof thenodesin thecom-
positegrapharetakenfrom femalemodels,it is believedthe
faceimagehavethesamegender. Theerrorrateof theirex-
perimentsonagalleryof 112faceimagesis 9.8%.Recently
Gutta,WechslerandPhillips [8] proposea hybrid method
which consistsof ensembleof neuralnetworks(RBFs)and
inductivedecisiontreeswith Quinlan’sC4.5algorithm.Ex-
perimentalresultsonasubsetof faceimagesof 384-by-256
pixelsshow that the bestaverageerror rateof their hybrid
classifieris 4%.

3 FaceProcessing

In our study256-by-384FERET“mugshots”werepre-
processedusing an automaticface-processingsystemfor
normalizingfor translation,scaleaswell asslight rotation-
s. This systemis describedin detail in [11, 12] anduses
maximum-likelihood estimationfor facedetection,affine
warping for geometricshapealignmentand contrastnor-
malizationfor ambientlighting changes.Theresultingout-
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put “f aceprints”seenin Figure2 arestandardizedto 80-by-
40 (full) resolution. These“f aceprints”were further sub-
sampledto 21-by-12pixels for the low-resolutionexperi-
ments.We processed1,755(1044malesand711 females)
FERETimagesfor the experiments.Figure3 shows some
of theprocessedfaceimages.Notethateachprocessedface
imagecontainsaslittle hair informationaspossible.
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4 Support Vector Machines

A SupportVector Machineis a learningalgorithm for
patternrecognitionandregressionproblems[17]. Onedis-
tinct characteristicof SVM is thatit aimsto find theoptimal
hyperplanesuchthat theexpectedrecognitionerror for the
unseentestsamplesis minimized. Accordingto the struc-
tural risk minimizationinductive principle, a function that
describesthetrainingdatawell andbelongsto asetof func-
tionswith lowestVC dimensionwill generalizewell regard-
lessof the dimensionalityof the input space[17]. Based
on this principle,theSVM adoptsa systematicapproachto
find a linearfunctionthatbelongsto a setof functionswith
lowestVC dimension.The SVM alsoprovidesnon-linear
functionapproximationsby mappingthe input vectorsinto
a highdimensionalfeaturespacewherea linearhyperplane
canbe constructed.Although thereis no guaranteethat a
linearhyperplanewill alwaysexist in thehigh dimensional
featurespace,in practiceit is quite possibleto constructa
linearSVM in theprojectedspace.

Given a set of samplesCED �*FHG��JI , CKD=L FMG L I , N!NON , CKD5P FHG P I
where D=Q ( D=QSRUTWV ) is the input vectorof X dimension
and G Q is its label( G QYR[Z�\^] F ]`_ ) for a recognitionproblem,
SVM aims to find the optimal hyperplanethat leaves the
largestpossiblefractionof datapointsof thesameclasson



thesamesidewhile maximizingthedistanceof eitherclass
from thehyperplane(margin). Vapnik[17] showsthatmax-
imizing themargin distanceis equivalentto minimizing the
VC dimensionin constructinganoptimalhyperplane.The
problemof findingtheoptimalhyperplaneis thusposedasa
constrainedoptimizationproblemandsolvedusingquadrat-
ic programmingtechniques.The optimal hyperplaneis in
theform

a CED Icb Pd
Qfe � G Qhg?Q=ikj5CED F D=Q Iml:n

wherej5CMi F i I is akernelfunctionandthesignof
a CED I deter-

minesthe label of D . Constructingan optimal hyperplane
is equivalentto determiningnonzerog Q . Any vector D Q that
correspondsto a nonzerog Q is a supportedvector(SV) of
the optimal hyperplane.Onedesirablefeatureof SVM is
thatthenumberof supportvectorsis usuallysmall,thereby
producinga compactclassifier.

For a linear SVM, the kernel function is just the sim-
ple dot productof vectorsin the input spacewhile theker-
nel function in a nonlinearSVM projectsthe samplesto a
featurespaceof higher(possiblyinfinite) dimensionsvia a
nonlinearmappingfunction:

oqp T Vsrutwv Fyx{z X
andconstructahyperplanein t . Themotivationis thatit is
morelikely to find alinearfunction,asdonein linearSVM,
in thehigh dimensionalfeaturespace.UsingMercer’s the-
orem,theexpensivecalculationsin projectingsamplesinto
highdimensionalfeaturespacecanbereducedsignificantly
by usinga suitablefunction j suchthat

j5CED F D Q I|b o CED I i o CED Q I
where

o
is a nonlinearprojectionfunction. Several ker-

nel functions,suchaspolynomial functionsandradial ba-
sisfunctions,have beenshown to satisfyMercer’s theorem
andbeenusedin nonlinearSVMs. By usingdifferentker-
nel functions,theSVM algorithmcanconstructavarietyof
learningmachines,someof which coincidewith classical
architectures.However, this alsoresultsin a drawbacks-
ince oneneedsto find the “right” kernel function in using
nonlinearSVMs.

5 Experimental Results

We useda setof 1,755(1044 malesand711 females)
thumbnailimagesfor experimentswith five fold crossvali-
dation. Thehigh andlow resolutionimages,processedus-
ing methodsdescribedin theprevioussection,are80-by-40
and21-by-12pixelsrespectively. Eachimageis represented
byarasterscaneight-bitvector. Theaveragesizeof training
setis 1496(793malesand713females)andaveragesizeof

testsetis 259(133malesand126females).All theexper-
imentsarecarriedout usinglow resolutionimages,unless
otherwisespecified,with five fold crossvalidation. After
applyingnumerouskernelsin SVM experiments,we noted
that theSVM with RBF kernelperformsbest,followedby
cubicpolynomialkernel.In thelargeensembleRBFexper-
iment, the numberof neuronsis increaseduntil the mean
squareerror is below a target value. The averagenumber
of neuronsin the large ensembleRBF is 1289. Our ex-
perimentsshow that the averagenumberof neuronsin the
largeensembleRBF is 1289(i.e., on thesameorderasthe
numberof trainingexamples),which indicatestheinheren-
t complexity of the genderclassificationproblem. On the
otherhand,thenumberof neuronsin classicalRBF experi-
mentswasheuristicallypredeterminedandsetto be20prior
to actualtraining andtesting. Quadratic,linear andFisher
linear discriminantclassifiersarealso usedin our experi-
mentswheretwo Gaussiansareusedto modelthetwo dis-
tributions.Table1 showstheexperimentalresultsongender
classificationusingthumbnailimages.
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Classifier ErrorRate
Overall Male Female

SVM with RBF kernel 3.38% 2.05% 4.79%
SVM with cubic polynomial kernel 4.88% 4.21% 5.59%
LargeEnsembleof RBF 5.54% 4.59% 6.55%
ClassicalRBF 7.79% 6.89% 8.75%
Quadraticclassifier 10.63% 9.44% 11.88%
Fisherlineardiscriminant 13.03% 12.31% 13.78%
Nearestneighbor 27.16% 26.53% 28.04%
Linearclassifier 58.95% 58.47% 59.45%

Both SVMs outperform other classifierssignificantly.
Although the performanceof large ensembleof RBF is
closeto SVMs,thenumberof neuronsusedin thelargeen-
sembleof RBF is on thesameorderof thetrainingset.On
the otherhand,the numberof supportfaces(i.e., support
vectors)is about20% of the training set(for bothSVMs).
We have alsoappliedSVMs to high resolutionimagesfor
experiments. It is worth noting that both SVMs perform
equally well in both low and high resolutionexperiments
with only 1%errorratedifference.This demonstratesa de-
greeof robustnessandrelative scaleinvariance. Figure4
shows a few supportfaces,both maleand female,in one
SVM classifierusingRBF kernel. The sold line illustrates
the optimal separatinghyperplaneandthe dashedlines in-
dicatethe margins. Note that only few supportfacesare
neededto constructa hyperplanefor genderclassification.
In thisdiagramthesupportfacesarearrangedin accordance
with their geometricinterpretation,i.e., thepair of support
facesare the closestpair of faceimagesin the projected
highdimensionalspace.
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In orderto calibratetheperformanceof SVM classifiers,
humansubjectexperimentson high andlow resolutionim-
ageshave alsobeenconducted.Thirty subjects(22 males
and8 females)rangingin agefrom mid-20sto mid-40spar-
ticipatedin theexperimentwith high resolutionimagesand
tensubjects(6 malesand4 females)performin theexper-
iment with low resolutionimages. All subjectsareasked
to classify the genderfrom the faceimages(presentedin
randomorder)asbestasthey canwithout time constraints.
Theexperimentalresultsareshown in Table2. FromTables
1 and2, it is clearthat SVMs performbetterthanhuman-
s in both high resolutionand low resolutionexperiments.
Theresultsalsosuggestthatmaleandfemaleimagescanbe
modeledby Gaussiandistributionswith the“right number”
of clustersin a high dimensionalspacesincelarge ensem-
ble RBF networksperformequallywell ashumansubjects
while SVMs performbetterthanRBF networks. It is not
surprisingthathumansubjectsperformfar betterwith high
resolutionimagesthanwith low resolutionimages.On the
otherhand,SVMs performalmostequallywell in bothex-
periments.Notealsothatall theclassifiershavehighererror
ratesin classifyingfemaleimages.Thiscanbeexplainedby
the fact that therearemorefacial featuresin male images
thanfemaleones.@?�
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Genderof Error Rate
humansubject High resolution Low resolution

Male 7.02% 30.87%
Female 5.22% 30.31%
Combined 6.54% 30.65%

6 Discussionand Conclusion

We have investigatedSVMs for visualgenderclassifica-
tion with low-resolution“thumbnail” faces(21-by-12pix-

els) processedfrom 1,755 imagesfrom the FERET face
database.Theperformanceof SVMs (3.4%error)is shown
to be superior to traditional pattern classifiers(Linear,
Quadratic,FisherLinear Discriminant,Nearest-Neighbor)
as well as more moderntechniquessuchas Radial Basis
Function (RBF) classifiersand large ensemble-RBFnet-
works. SVMs also out-performedhumantest subjectsat
the sametask: in an experimentalstudy involving 30 hu-
mantestsubjectsrangingin agefrom mid-20sto mid-40s,
the averageerror ratewas32% for the same“thumbnails”
and6.7%with high-resolutionimages(still nearlytwicethe
errorrateof SVMs). Thedifferencebetweenlow andhigh-
resolutioninputswith SVMswasonly 1%thusdemonstrat-
ing adegreeof robustnessandrelativescaleinvariance.
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