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Abstract

A methodfor automaticallyclassifyingfacial imagesis
proposed. Facesare representedusing elasticgraphsla-
belledwith with 2-D Gaborwaveletfeatures.Thesystemis
trainedfromexamplesto classifyfaceson thebasisof high-
level attributes,such assex, ”r ace”, andexpression,using
linear discriminantanalysis(LDA).Useof theGaborrepre-
sentationrelaxestherequirementfor precisenormalization
of the face: approximateregistration of a facial graph is
sufficient. LDA allows simpleand rapid training from ex-
amples,as well as a straightforward interpretationof the
roleof theinput featuresfor classification.Thealgorithmis
testedon threedifferentfacial image datasets,oneof which
wasacquired under relativelyuncontrolled conditions,on
tasksof sex, ”r ace” and expressionclassification.Results
of thesetestsare presented.Thediscriminantvectors may
be interpretedin termsof thesaliencyof the input features
for thedifferentclassificationtasks,which weportray visu-
ally with feature saliencymapsfor nodepositionaswell as
filter spatialfrequencyandorientation.

1 Intr oduction

The humanface displaysa rangeof information rele-
vant to social interactionswith other humanbeings. The
ability to processthis information automaticallycan aid
technology-mediatedhuman-humancommunication. The
largestnumberof studiesof facial informationprocessing
by machines,concernthe recognitionor verificationof fa-
cial identity. However, othertypesof informationdisplayed
by thefacesuchasage,sex, emotionalandattentionalstate,
andothercharacteristicsarealsoimportant.Thispapercon-
cernstheextractionsuchsymbolic-level attributesof anin-
dividual facefrom digital images. The exampleschosen
to demonstrateour methodarefacial expression,sex, and

“race”, however the techniquemay extend to other facial
attributes.

The method we proposehere synthesizesaspectsof
two major approachesto facial imageprocessing:Gabor-
wavelet-labelledelasticgraphmatching[8, 12], and“Fish-
erface”algorithms[1, 7] basedon statisticalrepresentation
of facespace.Both theeigenfaceandthemorerecentFish-
erfacetechniquesrequireprecisenormalizationandregis-
trationof facial internalfeatures.Performanceof theeigen-
facealgorithmis improvedby morphingthefaceto a stan-
dardshape[3]. By contrast,with the algorithmproposed
in this papera graphstructureis registeredapproximately
with thehead.Theinput features,thecomplex amplitudeof
the2-D Gaborwavelettransform,arenotassensitive to po-
sition asindividual pixel grayvalueshencearecantolerate
moreerror in registrationof thegrid. Thenovel featureof
thealgorithmproposedin this paperis that it combinesthe
stabilityof theGaborwaveletrepresentationwith theability
to train thesystemsimply andquickly from examplesin a
mannersimilar to theFisherfacealgorithm.

2 The Algorithm

Thefollowing is asummaryof thestepsin thealgorithm.
Individual stepsaredetailedin the subsectionsbelow and
shown schematicallyin figures1 and2. Imagesaretrans-
formedusinga multi-scale,multi-orientationsetof Gabor
filters. A grid is thenautomaticallyregisteredwith theface
using a variant of the elasticgraphmatchingmethod[8].
Theamplitudeof thecomplex valuedGabortransformco-
efficientsaresampledonthegrid andcombinedinto asingle
vector, thelabeledgraphvector(or LG vector).Theensem-
bleof LG vectorsfrom atrainingsetof imagesaresubjected
to principal componentsanalysis(PCA) to reducethe di-
mensionalityof the input space.LG vectorsprojectedinto
the lower dimensionalPCA space(LG-PCA vectors).The
ensembleof LG-PCAvectorsfrom thetrainingsetarethen



Video in

Wavelet

transform amplitude

manual
grid

setup

automatic
grid

resgistration

Sampling

LG vector

Gabor filters
Examples of

��� �����
	���
���������������������� 	�! 	 "#�$	�%��
	 &'	�(�"'��"��)��(���*+�,*$��- �)��!.�0/1����	�


analyzedusinglineardiscriminantanalysis(LDA) in order
to separatevectorsinto clustershaving different facial at-
tributes.Inputvectorsin theoriginalLG spacemaythenbe
analyzedusingthesameLDA to determinetheir attributes.
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Use of the 2D Gabor wavelet representationin com-
putervision waspioneeredby Daugmanin the1980's [4].
More recentlyvon der Malsburg's group hasdevelopeda
facerecognitionsystemmakinguseof this representation
[8, 12]. The Gaborwavelet representationallows descrip-
tion of spatialfrequency structurein the imagewhile pre-
servinginformationaboutspatialrelations.

A complex-valued2D Gaborfunction is a planewave
restrictedby aGaussianenvelope:
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Themultiplicativefactor
Z b

ensuresthatfilterstunedto dif-
ferentspatialfrequency bandshaveapproximatelyequalen-
ergies. The term dmf�g Xih c brq k _ is subtractedto renderthe
filters insensitive to theoverall level of illumination.

For the
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imagesusedin theexperimentsbelow,s
spatialfrequencieswereused,with w�x `zy q k x and

n
from{

to
s
. Six angularorientations(from | to

{}s | degreesin~ | degreesteps)wereused. For all experiments,c `�y
,

settingthe bandwidthof the filters to roughly one octave
in spatialfrequency. Input imagesareconvolved with the
Gaborfiltersandthemagnitudesof thecomplex-valuedfil-
ter responsesaresampledat pointson the facial grid and
combinedinto asingleLG vector.
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Theexamplesconsideredcanbetreatedusingtwo class
discriminantanalysis,eg. maleor female.For facialexpres-
sion, the presenceor absenceof eachexpressionis tested
andtheoutcomesusedto classifytheexpression.Applica-
tion of a binaryclassifierto “race” is possibleonly because
our trainingandtestsetsconsistof faceswhich areclearly
identifiableaseither“EastAsian” or “non-EastAsian”.

Two-classlinear discriminant analysisseeksa single
projectionoptimally separatingthe two labeledclustersin
thetrainingset,while minimizingvariancewithin eachpro-
jected cluster. A completedescriptionof LDA may be
found in Duda and Hart [5], whosenotationwe preserve
here. Considera setof ��� -dimensionalvectors

]���\mo�o�o ]K�
,

with ��� vectorsin theset ��� and � b in theset � b . Thepro-
jectionof thesample

]
ontodirectiondefinedby vector �

is � ` ��� ] . Thescatterof theprojectedvectorsis defined
as: �� bx `��

���U�}�
X���h���¡  _ b

where
��   is the meanof the projectedsamplesof set

n
.

Scatterwithin-clusterandbetween-cluster, aredefinedre-
spectively as:

¢.£ ` ��
x�¤V¥

�
¦�� § �

X[]¨h �   _�X[]¨h �   _ � \

¢V© `ªX � �Lh �¡« _�X � �Lh �¬« _ �
¢V©

, astheouterproductof two vectors,hasrankof atmost
one,andfor any � ,

¢�© � is in thedirectionof � �Lh �¬« .
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We seeka projection direction, definedby vector � ,
along which the ratio of the betweenclassscatterto the
within classscatter, ¸ X � _

is maximized,

¸ X � _a` X �¹ � h
�¹ b _ b�� b �aº
�� bb

` �¼» ¢ © �
� » ¢ £ �

A vectormaximizing ¸ over � mustsatisfythegeneralized
eigenvalueproblem,

¢ © � `ª½ ¢.£ � . Since
¢ © � is in the

directionof � � h � « then, � ` ¢­¾ �£ X � � h � « _�o Hence
for the two classproblem,oneneednot solve the general-
izedeigenvaluesystem.

The numberof training images,typically of order
{ | b ,

is smallerthanthe input dimensionalityof theLG vectors,
which is roughly

{ |}¿ . Therefore
¢ £

is singular. In anal-
ogy with the Fisherfacemethod,the dataset is first pro-
jectedinto a lower dimensionalspacefound usingprinci-
pal componentsanalysis(PCA) thenLDA is applied.Input
LG vectorsarefirst transformedby subtractingthe mean:À   `z]   h � . The principal componentsof the training
data set are given by the eigenvectorsof its covariance
matrix,Á ` �Â#Ã Âx�¤E� À   À �   o Becauseof thehighdimension-
ality of the LG vectors,C is very large,however thereare
only � h {

non-zeroeigenvalues,andonly thecorrespond-
ing eigenvectorsarerelevantfor describingthedistribution
of thetrainingset. In practice,only Ä eigenvectorshaving
the largesteigenvalues(and hencelargestvariancein the
dataset)arekeptandthediscriminantanalysiscanbeper-
formed in a spacehaving smallerdimensionÄ , in which
the within-classscattermatrix is non-singular. If ÅYÆmÇ$È is
thematrixof eigenvectorshaving the Ä largesteigenvalues
( Å�ÆjÇ$È is of dimension� u Ä ) then,

¸ X � _a` �¼»±ÅÉ»ÆmÇ$È ¢ © Å ÆmÇ$È �
� » Å »ÆjÇ$È ¢ £ Å�ÆmÇ$È}�

If every eigenvector with non-zeroeigenvalue is included
in Å¨ÆjÇ$È , then the within-classscatterof projectedtrain-
ing samplescan be reducedto zero. Including too many

of the � h {
eigenvectorsin the LDA analysisresultsin

over-fitting to the training set and no improvementto, or
in somecases,worseningof the generalizationrate. The
numberof retainedeigenvectorswaschosenempirically to
optimizegeneralizationperformance.

To classifyan input LG vector, it is projectedalongthe
correspondingdiscriminantvectorcalculatedfrom training
examples.Thedistanceto eachclustercenteris calculated,
normalizedby the standarddeviation,

�c�Ê , of the projected
cluster

� Ê `
X�],h � _EË � h �� Ê�c Ê

whereÌÎÍÐÏ}| \ {TÑ for the two clusters.The input sampleis
classifiedasamemberof thenearestcluster.

3 Experiments: Facial ExpressionClassifier

Sixbinaryclassifiers,onefor eachof thesix fundamental
facialexpressions(happy, sad,angry, fearful,surprised,dis-
gusted),weretrainedindependentlyandcombinedto build
a facial expressioncategorizer. Fiducial grids, with nodes
on featurallandmarksof theface,werepositionedby hand.
A fully automaticimplementationwould bepossibleusing
labelledelasticgraphmatching[8, 12]. For aninput image
thatis positively classifiedfor two expressions,thenormal-
izeddistanceto theclustercentersis usedasadecidingfac-
tor. An input imagethat is not positively classifiedfor any
category, is categorizedas neutral. Theseproceduresare
appropriatefor theexpressiondatabaseshere.However for
mixed-expressiondata,analternateapproachmaybemore
suitable.

The expressionclassifierwasfirst testedusing a setof{jÒU~
imagesof expressionsposedby

Ò
Japanesefemales,

whichhasbeenusedin previousstudiesof facialexpression
recognition[9]. Eachexpresserposed

~
or Ó examplesof

eachof thesix fundamentalfacialexpressionsandaneutral



face. Samplesfrom the databasemay be seenin [9]. The
entiresetof imageswasdivided into

{ | segments;thedis-
criminantvectorswerecalculatedusing

Ò
of thesesegments

andthegeneralizationperformancetestedon theremaining
segment,with the resultsaveragedover all

{ | distinctpar-
titions. Thegeneralizationratefor this systemis

ÒUk�Ô
. To

measuregeneralizationover identity, thetheimagesetwas
partitionedinto

Ò
segmentseachcorrespondingto oneex-

presser. The systemwastrainedon Õ of the segmentsand
thentestedon the

Ò
th. This wasrepeatedfor all

Ò
possible

partitionsof training andtestingdata,andthe resultswere
averaged. The averagegeneralizationrate for recognition
of expressionfor a novel expresserwas Ö s�Ô .

The systemwasalso testedusing the facial expression
imagesetof EkmanandFriesen[6], consistingof 110 im-
ages,of which 51 aremaleand59 arefemale.Thesystem
hasa peakgeneralizationrateof Õ k�Ô testedon all expres-
sioncategories.

4 Experiments: Li veDemo

A classifierwastrainedtocategorizefaceimagesaccord-
ing to sex: male/female,“race”: east-Asian/other, expres-
sion: smile/other. Thesystemwascreatedfor a demoheld
annuallyatATR andall imagesin thedatasetwereacquired
underlive conditions,with somevariation lighting, back-
groundandpose.The facesare,in almostall cases,easily
recognizableaseithereast-Asianor not. Thedemois fully
automatic,positioninga Ö u Ö rectangulargrid on the face
usingour local implementationof theelasticgraphmatch-
ing algorithm[8, 12]. Thefacial registrationgrid has4 pa-
rameters,the × and � coordinatesof thecenter-of-massand
thehorizontalandverticalgrid line spacing.Theimageset
includesatotalof 182images,consistingof 106malefaces
(76females),135EastAsianfaces(47non-EastAsian),and
84smiles(98non-smiles).Sampleimagesareshown in fig-
ure3,whichdisplayatypicalrangeof variationin theimage
conditionsandgrid position. The systemwasperiodically
re-trainedasmore imageswereacquired. The entirepro-
cedurewascarriedout independentlyfor eachof the three
LDA projections.As thenumberof imagesin the training
setincreased,the correctclassificationratealsoincreased.
In theseexperiments,the systemwas trainedon all sam-
plesof the training setbut oneidentity andthentestedon
that person's images.This “leave-one-out”procedurewas
repeatedfor eachidentity and the resultsaveraged. Gen-
eralizationperformancewas

Ò�{rÔ
for expression,

ÒUs�Ô
for

“race”, and
ÒUk�Ô

for sex recognition.

5 Saliencymaps

The magnitudeof eachcomponentof the discriminant
vectordeterminesits its influenceon theclassificationdeci-
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sion,andis thereforeameasureof thesaliency of thecorre-
spondingfeature.Figure4 displaythe discriminantvector
magnitudeaveragedoverall frequenciesandorientationsat
eachposition on the rectangulargrid for sex, “race” and
expressionclassificationtasksfor the imagesin the ATR
OpenHousedatabase.Thesizeof eachfilled circle is pro-
portionalto thediscriminantvectorcomponentmagnitude.
Thefiguresshow thatdifferentregionsof thefacearesalient
for different classificationtasks. The top panelof figure
5 plotsdiscriminantvectorcomponentmagnitudeaveraged
over frequency, position,andexpressionsasa function of
spatialorientation. The graphshows that horizontallyori-
entedfilters are the mostuseful for recognizingfacial ex-
pressionsandverticalorientationsaretheleastuseful.The
lowerpanelof figure5 plotsdiscriminantvectorcomponent
magnitudeaveragedover orientation,node,andexpression
asa function of spatialfrequency, andshows that interme-
diatefrequenciesarethemostsalient.

6 Discussion

This paperpresenteda new algorithmfor automatically
extractinghigh-level information from facial images.The
algorithm is a hybrid systemusing labelledelasticgraph
matching[8, 12] to registera grid with thefaceandextract
Gaborwavelet featuresanda classifiersimilar to thatused
by theFisherfacemethod[1, 7].

Useof a representationbasedon the amplitudeof 2-D
Gaborwavelet transformrelaxesthe requirementfor exact
registrationof the internalfeaturesof the face.Substantial
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shifts of the grid position (seefig. 3) were tolerated,and
generalizationexceeding

Ò | Ô for sex, “race”, andexpres-
sion maintained.Theseratescomparefavorably with pre-
vious resultsusing other single-imagemethodson binary
classificationtasks[12]. TheLDA algorithmcanbetrained
in abouta minute:duringthelive demothesystemwasre-
trainednearlyeachtimeanew imagewasacquired.Hence,
thesystemcanbequickly adaptedto changesin localcondi-
tionsof use(lighting, cameraor background)by retraining
thealgorithmin thenew environment.

Resultsfor recognizingexpressionfrom single images
werenot significantlydifferent from thoseobtainedusing
a multi-layeredperceptionby Zhang et al. on the same
(Japanesefemale)database,suggestingthatthelinearLDA
algorithm is powerful enoughfor this classificationtask
(
Ò�kUÔ

for the LDA vs.
Ò | Ô with the non-linearpercep-

tron). Fewer hiddenunits were neededby the non-linear
perceptronto attaina similar generalizationratethannum-
ber of PC's retainedwith the linear classifier. The aver-
agegeneralizationrateoverexpressoridentity was Ö sUÔ for
theJapanesefemaleimagesetand Õ kUÔ for theEkmanpic-
tures. This is still remarkablyhigh consideringthe classi-
fier hasonly about10 individualsin thetrainingsetto learn
which variationsaredue to identity and which aredue to
expression.The rateis not significantlydifferentfrom theÕ t�Ô reportedby PadgettandCottrell [2] on thesamesetof
images,usingprinciple componentsanalysisand a multi-
layer perceptronclassifier. In their work, however, input
imagesweremanuallycroppedandregisteredbeforeanaly-
sis.Highergeneralizationratesover identity for expression
recognitionareto beexpectedif thenumberof individuals
in thetrainingsetis increased.

Thesaliency informationdisplayedin figure4 showsthat
differentareasof thefaceareusefulfor differentclassifica-
tion tasks.Furthermore,asseenin figure5, saliency varies
with spatialfrequency andfilter orientation. Filters of in-
termediatespatialfrequency werefound to be the slightly
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moreinformative for expressionclassification.Filtershav-
ing horizontalorientationwere more heavily weightedin
the discriminantvector than otherorientations. This may
reflectthe fact that themostnoticeableexpressive motions
of the faceare the openingand closing of the mouth and
eyes and raising and lowering of the eyebrows. Vertical
displacementof roughly horizontaledgesform the largest
componentof thesemotions.

A somewhathumorousbut commerciallyviableapplica-
tion of this algorithmin the realmof virtual reality and/or
entertainmenttechnologyhas beendeveloped. Figure 6
shows a schematicfor a proposedautomaticpersonalized
avatargenerationsystem.An avataris a usersabstractrep-
resentationin a virtual reality environment. Using elastic
graphmatchingto find andnormalizea facein aninput im-
age,andtheclassificationalgorithmdescribedin thepresent
paperto characterizeit, thefaceis croppedfrom theimage
andappliedto a body selectedautomaticallyusingtheau-
tomaticallydeterminedfacial attributes. Distortion of the
facial imageor morphingusinggraphcoordinatesmay be
usedto comiceffect. The live demodescribedin section4
is in facta prototypeof sucha system.
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