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Abstract

A methodfor automaticallyclassifyingfacial imagesis
proposed. Facesare representedusing elastic graphsla-
belledwith with 2-D Gaborwaveletfeatuies. Thesystenis
trainedfromexamplego classifyfaceson thebasisof high-
level attributes,suc as se&, "r ace”, and expressionusing
linear discriminantanalysis(LDA). Useof theGaborrepre-
sentationrelaxesthe requirementor precisenormalization
of the face: approximateregistration of a facial graph is
suficient. LDA allows simpleand rapid training from ex-
amples,as well as a straightforwaid interpretation of the
role of theinputfeatuiesfor classification.Thealgorithmis
testedon threedifferentfacial image datasetspneof which
was acquired underrelatively uncontolled conditions,on
tasksof sex, "r ace” and expressionclassification. Results
of thesetestsare presented.Thediscriminantvectos may
be interpretedin termsof the saliencyof theinput featuies
for thedifferentclassificationtasks ,which we portray visu-
ally with featuie saliencymapsfor nodepositionaswell as
filter spatialfrequencyand orientation.

1 Intr oduction

The humanface displaysa rangeof information rele-
vant to socialinteractionswith other humanbeings. The
ability to processthis information automaticallycan aid
technology-mediatethuman-humarcommunication. The
largestnumberof studiesof facial information processing
by machinesgoncernthe recognitionor verificationof fa-
cial identity. However, othertypesof informationdisplayed
by thefacesuchasage,sex, emotionalandattentionaktate,
andothercharacteristicarealsoimportant. This papercon-
cernsthe extractionsuchsymbolic-level attributesof anin-
dividual face from digital images. The exampleschosen
to demonstrat@ur methodare facial expression,sex, and

“race”, however the techniquemay extend to otherfacial
attributes.

The method we proposehere synthesizesaspectsof
two major approacheso facial imageprocessing:Gabor
wavelet-labellecelasticgraphmatching[8, 12], and“Fish-
erface”algorithms[1, 7] basedon statisticalrepresentation
of facespace Both the eigenfaceandthe morerecentrish-
erfacetechniquegequire precisenormalizationand regis-
trationof facial internalfeatures Performancef theeigen-
facealgorithmis improved by morphingthe faceto a stan-
dard shape[3]. By contrast,with the algorithm proposed
in this papera graphstructureis registeredapproximately
with thehead.Theinputfeaturesthecomplex amplitudeof
the2-D Gaborwavelettransform,arenotassensitve to po-
sition asindividual pixel grayvalueshenceare cantolerate
moreerrorin registrationof the grid. The novel featureof
the algorithmproposedn this paperis thatit combineghe
stability of the Gaborwaveletrepresentatiowith theability
to train the systemsimply and quickly from examplesin a
mannersimilar to the Fisherficealgorithm.

2 The Algorithm

Thefollowing is asummaryof thestepsn thealgorithm.
Individual stepsare detailedin the subsectiondelonv and
shavn schematicallyin figures1 and2. Imagesaretrans-
formed using a multi-scale,multi-orientationsetof Gabor
filters. A grid is thenautomaticallyregisteredwith theface
using a variant of the elasticgraph matchingmethod[8].
The amplitudeof the complex valuedGabortransformco-
efficientsaresamplednthegrid andcombinednto asingle
vector thelabeledgraphvector(or LG vector). Theensem-
ble of LG vectorsfrom atrainingsetof imagesaresubjected
to principal componentsanalysis(PCA) to reducethe di-
mensionalityof theinput space.LG vectorsprojectedinto
the lower dimensionalPCA space(LG-PCA vectors). The
ensemblef LG-PCA vectorsfrom thetraining setarethen
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Figure 1. 2-D Gabor wavelet representation of a facial image.

analyzedusinglineardiscriminantanalysis(LDA) in order
to separaterectorsinto clustershaving differentfacial at-
tributes.Input vectorsin the original LG spacemaythenbe
analyzedusingthesamel DA to determinetheir attributes.
Gabor

2.1 Two Dimensional Wavelet

Representation

Use of the 2D Gabor wavelet representatiorin com-
putervision waspioneerecby Daugmanin the 1980's [4].
More recentlyvon der Malshurg's group hasdevelopeda
facerecognitionsystemmaking useof this representation
[8, 12]. The Gaborwaveletrepresentatiomllows descrip-
tion of spatialfrequeny structurein the imagewhile pre-
servinginformationaboutspatialrelations.

A comple-valued2D Gaborfunction is a planewave
restrictedby a Gaussiarernvelope:

k? k2x? o?

W(ke, %) = — exp(—— - fexp(ik x) — exp(~ )

Themultiplicative factork? ensuresghatfilterstunedto dif-
ferentspatialfrequeng bandshave approximatelyequalen-
emgies. The term exp(—o?/2) is subtractedo renderthe
filtersinsensitie to the overall level of illumination.

Forthe256 x 256 imagesusedin theexperimentselow,
5 spatialfrequenciesvereused with k; = 7/2¢ andi from
1 to 5. Six angularorientations(from 0 to 150 degreesin
30 degreesteps)wereused. For all experiments,g = ,
settingthe bandwidthof the filters to roughly one octare
in spatialfrequeng. Inputimagesare corvolved with the
Gaborfilters andthe magnitudeof the comple-valuedfil-
ter responsesire sampledat pointson the facial grid and
combinednto asingleLG vector

2.2 Discriminant Analysis

The examplesconsiderecdcanbetreatedusingtwo class
discriminantanalysisgg. maleor female.For facialexpres-
sion, the presenceor absenceof eachexpressionis tested
andthe outcomesausedto classifythe expression.Applica-
tion of a binaryclassifierto “race” is possibleonly because
our training andtestsetsconsistof faceswhich areclearly
identifiableaseither“EastAsian” or “non-EastAsian”.

Two-classlinear discriminant analysisseeksa single
projectionoptimally separatinghe two labeledclustersin
thetrainingset,while minimizing variancewithin eachpro-
jected cluster A completedescriptionof LDA may be
found in Duda and Hart [5], whosenotationwe presere
here. Considera setof n d-dimensionalvectorsxy, ...xp,
with ny vectorsin thesetX; andn. in thesetXs. Thepro-
jectionof the samplex ontodirectiondefinedby vectorw
isy = wtx. Thescatterof the projectedvectorsis defined

as:
#=) (y—mm)’
yey;

wherem; is the meanof the projectedsamplesof seti.
Scatterwithin-clusterand between-clusterare definedre-
spectvely as:

Sp = (m; — my)(my — my)*

Sp, astheouterproductof two vectors hasrankof atmost
one,andfor ary w, Spw is in thedirectionof m; — mo.
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Figure 2. Dimensionality reduction and discriminant analysis of the LG vectors.

We seeka projection direction, definedby vector w,
along which the ratio of the betweenclassscatterto the

within classscatter J(w) is maximized,
(’fhl - m2)2 _ WtSBW
5+ 353

J(w) =

A vectormaximizingJ over w mustsatisfythegeneralized
eigervalueproblem,Sgw = ASyw. SinceSgw isin the
directionof m; — m, then,w = S};/ (m; — my). Hence
for the two classproblem,oneneednot solwve the general-
izedeigervaluesystem.

The numberof training images,typically of order 1(?,
is smallerthanthe input dimensionalityof the LG vectors,
which is roughly 103. ThereforeSyy is singular In anal-
ogy with the Fisherbce method,the datasetis first pro-
jectedinto a lower dimensionalspacefound using princi-
pal componentanalysis(PCA) thenLDA is applied.Input
LG vectorsarefirst transformedby subtractingthe mean:
®; = x; — m. The principal componentsf the training
data set are given by the eigermvectorsof its covariance
matrixC' = L 37 | ®;®f. Becausef thehighdimension-
ality of the LG vectors,C is very large, however thereare
only n — 1 non-zeroeigervalues,andonly the correspond-
ing eigervectorsarerelevantfor describingthe distribution
of thetraining set. In practice,only N eigervectorshaving
the largesteigervalues(and hencelargestvariancein the
dataset)arekeptandthe discriminantanalysiscanbe per
formedin a spacehaving smallerdimensionXV, in which
the within-classscattermatrix is non-singular If W, is
thematrix of eigervectorshaving the V largesteigervalues
(Wpeq is of dimensiornd x N) then,

tiirt
W WieaSBWpcaW

Iw) = WL Sy WpeaW
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If every eigervectorwith non-zeroeigervalueis included
in Wyeq, then the within-classscatterof projectedtrain-
ing samplescan be reducedto zero. Including too mary

of then — 1 eigervectorsin the LDA analysisresultsin
overfitting to the training setand no improvementto, or
in somecasesworseningof the generalizatiorrate. The
numberof retainedeigervectorswaschoserempirically to
optimizegeneralizatiorperformance.

To classifyaninput LG vectot it is projectedalongthe
correspondingliscriminantvectorcalculatedrom training
examples.The distanceto eachclustercenteris calculated,
normalizedby the standarddeviation, &;, of the projected

cluster ~
(x—m)-w—mm;

d; =
J 6_]

wherej € {0,1} for thetwo clusters.Theinput sampleis
classifiedasa memberof the nearestluster

3 Experiments: Facial ExpressionClassifier

Six binaryclassifierspnefor eachof thesix fundamental
facialexpressionghappy, sad,angry fearful, surpriseddis-
gusted) weretrainedindependentlyandcombinedto build
a facial expressioncateyorizer Fiducial grids, with nodes
on featurallandmarksof theface,werepositionedby hand.
A fully automaticdmplementationvould be possibleusing
labelledelasticgraphmatching[8, 12]. For aninputimage
thatis positively classifiedfor two expressionsthe normal-
izeddistanceo the clustercenterds usedasa decidingfac-
tor. An inputimagethatis not positively classifiedfor ary
catgyory, is catgyorized as neutral. Theseproceduresare
appropriatefor the expressiordatabasebere. However for
mixed-epressiordata,an alternateapproachmay be more
suitable.

The expressionclassifierwasfirst testedusing a set of
193 imagesof expressiongposedby 9 Japanesdéemales,
whichhasbeenusedin previousstudiesof facialexpression
recognition[9]. Eachexpresserposed3 or 4 examplesof
eachof thesix fundamentafacial expressionsanda neutral



face. Samplesrom the databasenay be seenin [9]. The
entiresetof imageswasdividedinto 10 segments;the dis-

criminantvectorswerecalculatedusing9 of thesesegments
andthe generalizatiorperformancedestedon theremaining
segment,with the resultsaveragedover all 10 distinct par

titions. The generalizatiorratefor this systemis 92%. To

measurayeneralizatiorover identity, thetheimagesetwas
partitionedinto 9 sggmentseachcorrespondingo one ex-

presser The systemwastrainedon 8 of the sgmentsand
thentestedon the 9th. This wasrepeatedor all 9 possible
partitionsof training andtestingdata,andthe resultswere
averaged. The averagegeneralizatiorrate for recognition
of expressiorfor anovel expressewas75%.

The systemwas also testedusing the facial expression
imagesetof EkmanandFriesen[6], consistingof 110im-
ages,of which 51 aremaleand59 arefemale. The system
hasa peakgeneralizatiorrate of 82% testedon all expres-
sioncateyories.

4 Experiments: Live Demo

A classifiemwastrainedto cateyorizefaceimagesaccord-
ing to sex: male/female;'race”: east-Asian/otherexpres-
sion: smile/other The systenwascreatedor ademoheld
annuallyatATR andall imagesin thedatasetvereacquired
underlive conditions,with somevariation lighting, back-
groundandpose. The facesare,in almostall casesgasily
recognizableaseithereast-Asiaror not. The demois fully
automatic,positioninga 7 x 7 rectangulagrid on theface
usingour local implementatiorof the elasticgraphmatch-
ing algorithm[8, 12]. Thefacialregistrationgrid has4 pa-
rametersthex andy coordinate®f the centerof-massand
the horizontalandvertical grid line spacing.Theimageset
includesatotal of 182imagesconsistingof 106 malefaces
(76females),135EastAsianfaceg47 non-EastAsian),and
84 smiles(98 non-smiles).Samplamagesareshovn in fig-
ure3, whichdisplayatypicalrangeof variationin theimage
conditionsandgrid position. The systemwasperiodically
re-trainedas more imageswere acquired. The entire pro-
cedurewas carriedout independentlyfor eachof the three
LDA projections.As the numberof imagesin the training

setincreasedthe correctclassificatiorrate alsoincreased.

In theseexperiments,the systemwastrainedon all sam-
plesof the training setbut oneidentity andthentestedon
that persons images. This “leave-one-out”procedurewas
repeatedor eachidentity andthe resultsaveraged. Gen-
eralizationperformancevas91% for expression95% for
“race”, and92% for sex recognition.

5 Saliencymaps

The magnitudeof eachcomponentof the discriminant
vectordeterminests its influenceon the classificatiordeci-

Figure 3. Sample images from the ATR Open-
house database.

sion,andis thereforea measuref the salieng of thecorre-
spondingfeature. Figure 4 displaythe discriminantvector
magnitudeaveragedver all frequenciesandorientationsat
eachposition on the rectangulargrid for se, “race” and
expressionclassificationtasksfor the imagesin the ATR
OpenHousedatabaseThe sizeof eachfilled circle is pro-
portionalto the discriminantvectorcomponenmagnitude.
Thefiguresshav thatdifferentregionsof thefacearesalient
for different classificationtasks. The top panelof figure
5 plotsdiscriminantvectorcomponentmagnitudeaveraged
over frequeng, position, and expressionsasa function of
spatialorientation. The graphshaows that horizontally ori-
entedfilters are the mostusefulfor recognizingfacial ex-
pressionsandvertical orientationsaretheleastuseful. The
lower panelof figure5 plotsdiscriminantvectorcomponent
magnitudeaveragedover orientation,node,andexpression
asa function of spatialfrequeng, andshaws thatinterme-
diatefrequenciesrethe mostsalient.

6 Discussion

This paperpresentedh new algorithmfor automatically
extracting high-level information from facialimages. The
algorithm s a hybrid systemusing labelledelasticgraph
matching[8, 12] to registera grid with thefaceandextract
Gaborwaveletfeaturesanda classifiersimilar to thatused
by the Fisherbicemethod[1, 7].

Useof a representatiofasedon the amplitudeof 2-D
Gaborwavelettransformrelaxesthe requiremenfor exact
registrationof the internalfeaturesof the face. Substantial



Figure 4. Node saliencies. Left: Male/Female. Middle: East Asian/Not East Asian. Right: Smile/No-

smile.
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Figure 5. Orientation and spatial frequency
saliencies for the Ekman and Friesen database.

shifts of the grid position (seefig. 3) weretolerated,and
generalizatiorexceeding90% for se, “race”, and expres-
sion maintained. Theseratescomparefavorably with pre-
vious resultsusing other single-imagemethodson binary
classificatiortasks[12]. TheLDA algorithmcanbetrained
in abouta minute: duringthe live demothe systemwasre-
trainednearlyeachtime anew imagewasacquired.Hence,
thesystencanbequickly adaptedo changeén local condi-
tions of use(lighting, camereor background)y retraining
thealgorithmin the new ervironment.

Resultsfor recognizingexpressionfrom single images
were not significantly differentfrom thoseobtainedusing
a multi-layeredperceptionby Zhanget al. on the same
(Japanestemale)databasesuggestinghatthelinearLDA
algorithm is powerful enoughfor this classificationtask
(92% for the LDA vs. 90% with the non-linearpercep-
tron). Fewer hiddenunits were neededby the non-linear
perceptrorto attaina similar generalizatiomatethannum-
ber of PC's retainedwith the linear classifier The aver
agegeneralizatiomateover expressoiidentity was75% for
the Japanestemaleimagesetand82% for the Ekmanpic-
tures. This is still remarkablyhigh consideringthe classi-
fier hasonly aboutl10 individualsin thetrainingsetto learn
which variationsare due to identity and which are dueto
expression.Therateis not significantly differentfrom the
86% reportedby PadgettandCottrell [2] onthe samesetof
images,using principle componentsanalysisand a multi-
layer perceptronclassifier In their work, however, input
imageswveremanuallycroppedandregisterecbeforeanaly-
sis. Highergeneralizatiomatesover identity for expression
recognitionareto be expectedif the numberof individuals
in thetrainingsetis increased.

Thesalieng informationdisplayedn figure4 shovsthat
differentareasof thefaceareusefulfor differentclassifica-
tion tasks.Furthermoreasseenin figure 5, salieng varies
with spatialfrequeng andfilter orientation. Filters of in-
termediatespatialfrequeng werefound to be the slightly
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Figure 6. Automatic facial attribute estimation demo system.

moreinformative for expressionclassification.Filters hav-

ing horizontal orientationwere more heavily weightedin

the discriminantvector than other orientations. This may
reflectthe factthatthe mostnoticeableexpressie motions
of the faceare the openingand closing of the mouth and
eyes and raising and lowering of the eyebravs. Vertical
displacemenbf roughly horizontaledgesform the largest
componenbf thesemotions.

A somevhathumorousut commerciallyviableapplica-
tion of this algorithmin the realmof virtual reality and/or
entertainmentechnologyhas beendeveloped. Figure 6
shavs a schematidor a proposedautomaticpersonalized
avatargeneratiorsystem.An avataris a usersabstractrep-
resentatiorin a virtual reality ervironment. Using elastic
graphmatchingto find andnormalizea facein aninputim-
age andtheclassificatioralgorithmdescribedn thepresent
paperto characterizét, thefaceis croppedfrom theimage
andappliedto a body selectecautomaticallyusingthe au-
tomatically determinedfacial attributes. Distortion of the
facialimageor morphingusing graphcoordinatesnay be
usedto comic effect. The live demodescribedn section4
is in facta prototypeof sucha system.
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