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Abstract

Many tasksinvolving high-dimensionaldata,suchas facerecognition,
suffer from the curseof dimensionality: the numberof training sam-
plesrequiredto accuratelylearna classifierincreasesexponentiallywith
thedimensionalityof thedata. StructuredPrincipalComponentAnaly-
sis (SPCA)reducesthe dimensionalityof the databy choosinga small
numberof featuresto representlargersetsof similar features.Thepair-
wise similarity of two featuresis measuredusingthe Chi-squareddis-
tancebetweenthe joint distributionsof the classandthe datafor each
feature. SPCAgroupsthe original featuresof the datainto clustersof
similar featuresusingthe NormalizedCut algorithm. As featuresin a
clusterare similar and thus redundant,an entire clustercan be repre-
sentedby a smallnumberof PrincipalComponentsextractedfrom each
cluster. SPCAmethodwastestedon two facerecognitiondatabases,the
EkmanandFriesenPicturesof FacialAffectDatabaseandtheYaleFace
Database,with encouragingresults.

1 Introduction
Many tasksrequirelearninga classifierfrom a small numberof high dimensionaltrain-
ing samples.Thesetasksareparticularlydifficult becausethe potentialcomplexity of a
classifierincreasesexponentiallywith thedimensionalityof thedata.

For example,considerthetaskof learningafacialexpressionclassifierfrom thePicturesof
FacialAffect (POFA) Database(EkmanandFriesen,1976).This databaseconsistsof 240
x 292pixel imagesof 14 actorsperformingoneof six expressions.Thedimensionalityof
eachdatasampleis thenumberof pixelsin theimage,70,080.Thegoal is to determinea
classifier, sayaperceptron,whichwill accuratelyclassifynovel images.A simpleclassifier
like a perceptronhasan input unit for eachpixel andanoutputunit for eachexpression.
70� 080 x 6 � 420� 480 weightsmust be learned,one for eachpair of input and output
unit. Thenumberof trainingsamplesneededto accuratelyandconfidentlyestimatethese
weightsgrows exponentiallywith the numberof weights(Bishop,1995). As the POFA
databasehasonly 110trainingexamples,anaccurateperceptroncannotdirectlybelearned
from thishighdimensionaldata.

Onesolutionto this problemis dimensionalityreduction:choosinga small(er)setof fea-
turesto representthe data. This solution is effective if thereis redundancy in the data.
Thereis a high amountof redundancy in the pixels of faceimages. Not only arepixels
in the sameregion of the facesimilar, but facesarenearlysymmetric– an entirehalf of



thefaceis essentiallyredundant.Theclassicalapproachesto dimensionalityreductionare
PrincipalComponentAnalysis(PCA)andFisher’sLinearDiscriminantAnalysis(LDA).

PCAis anunsupervisedmethodthatselects,from all lineartransformationsof theoriginal
features,the orthonormalfeaturesthat minimize the sum-squareddifferencebetweenthe
originaldataandthevaluesof thedataprojectedalongtheseorthonormalfeatures.This is
equivalentto maximizingthevarianceof theprojecteddata.Thedatais representedasthe
projectionof the original high-dimensionaltraining dataon thesefeaturevectors. While
PCA choosesthe featuresthat bestrepresentthe data,it doesnot necessarilychoosethe
featuresthatbestdiscriminatethedata.For example,if pixel p of a faceimagevariesa lot
for eachactorbut not for eachexpression,p will behighly representedin thecomponents
selectedby PCA,eventhoughit doesnotaidin discriminatingoneexpressionfromanother.

LDA attemptsto alleviatethisproblemby usingasupervisedcriterionto chooseasetof or-
thonormalfeaturesfromall lineartransformationsof theoriginalfeatures.Theorthonormal
featuresareselectedto minimizethevarianceof thedatawithin eachclasswhile maximiz-
ing thevarianceof themeansof eachclassof data. Thestandardtradeoff betweenthese
two goalsis to maximizethequotient:thevarianceof themeansof eachclassdividedby
thesummedvariancewithin eachclass.LDA only dependson themeanandvarianceof
thedata.Thesetwo statisticsaresufficient to describethedataonly if thedatais normally
distributed. If this assumptiondoesnot hold, thenit is not clearthat LDA is optimizing
the right criterion. For example,therearetwo typesof smilesrepresentedin the POFA
database,smilesin which the teethshow andsmilesin which they do not. A pixel in the
smile is thusbimodally distributedfor samplesin the happy class. In addition,LDA is
limited in themaximumnumberof featuresit canselect.LDA canproduceat mostc � 1
features,wherec is thenumberof classes.In thecaseof expressionrecognition,thereare
only six classes,thusLDA canonly determinefive features.

A new algorithmproposedin thispaper, StructuredPrincipalComponentAnalysis(SPCA),
reducesthedimensionalityof thedataby replacingalargesetof similar featuresby asmall
numberof highly representative features.SPCAusesa supervisedmeasureof similarity
of two features,theChi-squareddistancebetweenthejoint distributionsof theclasslabel
andthedatafor eachfeature.Thus,SPCAis asupervisedalgorithmthatmakessmall,rea-
sonableassumptionsaboutthedata.SPCAstructurestheoriginal featuresof thedatainto
clustersof similar featuresusingtheNormalizedCut algorithm.SPCAextractstherepre-
sentative principalcomponentsfrom eachcluster. Thus,SPCAproducesa smallnumber
of featuresthatbestrepresenttheoriginal featuresfor theclassificationtaskathand.

2 SPCA Algorithm Description
SPCAis actuallyanalgorithmicframework. Themeasureusedto estimatepairwisesim-
ilarity, the clusteringalgorithmusedto groupsimilar variables,andthe methodusedto
choosea representative featurefrom eachclustercan all be varied. In this section,we
describetheinstantiationof theSPCAframework wehaveexperimentedwith.

2.1 A Supervised Similarity Measure Between Variables
A supervisedmeasureof thesimilarity of two featuresis required.Thusthesimilarity of
two featuresu andv is thesimilarity of thepairs � u � c � and � v � c � , wherec is theclasslabel.
Two randomvariables,u andv arethesameif they have thesamedistribution, hencethe
distancebetweenthesevariablescanbe measuredby the Chi-squareddistancebetween
their respectivedistributions, fu and fv, definedas

d � u � v ��� χ2 � fu � fv ��� 1
2

� � fu � x �	� fv � x �
� 2
fu � x ��� fv � x � dx 


Two pairsof randomvariablesarethesameif thedistributionof eachpairis thesame,thatis
if thejoint distributionsof thepairsof randomvariablesarethesame.Thedistancebetween



thesepairsof randomvariablescanbemeasuredby theChi-squareddistancebetweentheir
respective joint distributions. If we consideru, v, andc to be randomvariables,thenthe
superviseddistancebetweenfeaturesu andv is theChi-squareddistancebetweenthejoint
distributionsof thepairs � u � c � and � v � c � :

d � u � v ��� χ2 � fuc � fvc ��� 1
2

��� � fuc � x � c ���	� fvc � x � c ���
� 2
fuc � x � c � ��� fvc � x � c � � dxdc �

� 1
2 ∑

c � � � fuc � x � c ����� fvc � x � c ���
� 2
fuc � x � c � ��� fvc � x � c � � dx

As fuc � x � c � ��� p � x � c � c � � p � c � � , this is equivalentto

d � u � v ��� ∑
c �

�
1
2

� � fu � c � x � c ���	� fv � c � x � c ����� 2
fu � c � x � c � ��� fv � c � x � c � � dx � p � c � ��� ∑

c � χ2 � fu � c � fv � c � p � c � �
Thus,thepairwisedistancebetweentwo variablesis definedto betheweightedsumof the
Chi-squareddistancesbetweentheir class-conditionaldistributions. Sincein practicewe
only have samplesfrom thesedistributionsavailableto us, we replacethe integral in the
aboveexpressionby a sumandtheanalyticaldensitieswith empiricalhistogramsto get

d � u � v ��� 1
2 ∑

c

nbins

∑
i � 1

� fu � c � i ��� fv � c � i ��� 2
fu � c � i ��� fv � c � i � p � c �

where fu � c � i � is thefractionof datasamplesof classc for which thevalueof featureu falls
in bin i andp(c) is therelative frequency of classc.

To further justify the choiceof the class-conditionaldistance,let us considera concrete
examplefrom facialexpressionclassificationin which featureu is a pixel in theleft eyeof
theimageandfeaturev is themirror of thispixel in theright eyeof theimage.As facesare
nearlysymmetricoveraverticaldivide,u hasnearlythesameintensityasv in eachimage.
Sinceu doesnot provide muchadditionalinformationgivenv (andvice-versa),ideally u
andv will begroupedin thesamecluster.

The distribution of all the faceimagesof classc for featureu, f � u � c � is similar to the
distribution of all the faceimagesof classc for featurev, f � v � c � . For example,the dis-
tribution of thehappy faceimagesfor featureu is similar to thedistribution of thehappy
faceimagesfor featurev. Thus,in this examplewe canrequirethatsimilar featureshave
similar within-classdistributions. However, aseyesexpressemotion,the eyeschangein
differentexpressions(for exampletheeyesin a happy expressionareslittedmorethanthe
eyes in a fear expression).The distribution of the happy training samplesfor featureu
will bedifferentfrom thedistribution of thefearful trainingsamplesfor featurev. It does
not make senseto requirethatsimilar featureshave similar class-conditionaldistributions
acrossclasses(i.e. requiring fu � happy be near fv � f ear f ul). Thus, intuitively, the summed
class-conditionaldistancesbetweendistributionsmakessense.

We chosethe Chi-squareddistancebecauseit is simpleandmakessmall, reasonableas-
sumptionsaboutthe data. The Chi-squareddistanceis basedon the assumptionthat the
fractionof thedatasamplesin abin is normallydistributed.Thestandarderrorfor anormal
distribution is thesquareroot of themean.As themeanis unknown, anapproximationis
theobservedfractionof datasamplesin abin. Thebottomtermin thissum, fu � c � i ��� fv � c � i ���
is thenanapproximationof thestandarderroron thesquareddifference� fu � c � i � � fv � c � i �
� 2.

Theassumptionthatthefractionof samplesin abin is normallydistributedis reasonable,as
this is thenormalizedsumof a numberof randomvariables,which in thelimit approaches
a normaldistribution. In addition,the Chi-squareddistanceis meaningfuleven for non-
normaldistributions. Only themeasureof thestandarderror, thedenominatorin theChi-
squaredtermis basedon theassumptionof normality. Thus,theassumptionsmadeby this
algorithmaremorereasonableandlesscostlythanthosemadeby LDA.



2.2 Graph Segmentation Using the Normalized Cut Criterion
SPCAusestheNormalizedCutalgorithmto clusterthefeaturessothatfeaturesin thesame
clusteraresimilar, while featuresin differentclustersaredissimilar(ShiandMalik, 2000).
Thus,SPCAclustersthe featuresso that the intra-clusteraffinity is maximizedwhile the
inter-clusteraffinity is minimized,whereaffinity is a measureof group similarity. The
similarity betweenfeaturesu andv is inverselyproportionalto thedistancebetweenthem,
d � u � v � : W � u � v �!� e " d # u $ v % 2 & σ (σ is a constantthatdescribeswhatdistancesareconsidered
far). Theinter-clusteraffinity betweenclustersS1 andS2 is:

A f f � S1 � S2 ��� ∑
u ' S1 $ ∑v ' S2

W � u � v �(

Similarly, theintra-clusteraffinity of clusterS is:

A f f � S � S ��� ∑
u $ v ' S

W � u � v ��

Thecriterionfunctionminimizedby NormalizedCut is:

NCut � S1 � S2 ��� A f f � S1 � S2 �*) 1
A f f � S1 � S1 + S2 � � 1

A f f � S2 � S1 + S2 ��, 

Thisquantityincreaseswith inter-clusteraffinity anddecreaseswith intra-clusteraffinity.

Themembershipvector, y, that indicateswhich clustereachfeatureshouldbe in, canbe
approximatedby solving a generalizedeigenvectorproblem,Wy � λDy. The pairwise
affinity matrix, W , is an N x N matrix, whereN is theoriginal numberof featuresin the
data. Eachelementof the affinity matrix is the pairwisesimilarity W � u � v � betweentwo
features,u and v. The degreematrix, D, is a diagonalmatrix in which eachdiagonal
elementrepresentsthetotal similarity of a featureto all otherfeatures.That is, D � u � u ���
∑N

v � 1W � u � v � (Weiss,1999).

Theaboveformulationcanbeextendedto ak-partitioningof thegraphby usingadditional
eigenvectors(Malik et al., 2001; Ng et al., 2002). We do so by stackingthe 2nd to the
kth eigenvectorscolumnwise,normalizingtherowsof theresultingmatrix,andperforming
k-meansclusteringon them.

Giventhatourdatais high-dimensional,solvingtheeigenvectorproblemis acomputation-
ally intensivetask.However, ourhighdimensionaldatais highly redundant,i.e. therearea
largenumberof featuresin our datathataresimilar to eachother, implying thata number
of rowsof ourweightmatrixW aresimilarto eachother. Having madethisobservation,we
approximatetheeigenvectordecompositionby solving the problemfor a randomsample
from thedataandextrapolatingtheresultingeigenvectorsto thefull dataset.This is known
asthe Nyström approximation.The original eigenvectorproblemhascomplexity O � N3 �
in thedimensionalityof thedata. Using theNyström approximationwe cancomputethe
eigenvaluedecompositionin O � s3N � , wheres is the numberof samplesused. Empirical
evidenceshowsthatfor datawith aclearclusteringstructure,afairly smallnumberof sam-
plescanbe usedto approximatethe eigenvectorsto a small error (Fowlkeset al., 2001).

2.3 Representation of Each Cluster
SPCAclustersthefeaturesof thedatainto groupsthat,becauseof their high affinity, can
be representedby a small numberof components.To reducethe dimensionalityof the
data,all the featuresin a clusterarerepresentedby a smallnumberof features.Thecon-
ciserepresentationclosestto theactualdatain eachclusteris thetopprincipalcomponents
of thedata. PCA choosesthecomponentswhich minimize thesum-squareddistancebe-
tweentheprojecteddataandtheoriginal data.Thesecomponentsaretheeigenvectorsof
the covariancematrix, ranked in orderof the correspondingeigenvalue. Thus, thereare
two parametersin SPCA:thenumberof clustersandthenumberof principalcomponents
extractedfrom eachcluster.



3 Experiments
TheSPCAalgorithmwascomparedto PCA andLDA on threesetsof data. Thefirst set
describedis asyntheticsetdesignedto demonstratetheweaknessesof PCAandLDA. The
secondsetis theEkmanandFriesenPOFA database,with thetaskof expressionrecogni-
tion. Thethird setis theYaleFacedatabase,with the taskof identity recognition.SPCA
achieves100%accuracy on thesyntheticdata,comparedto SPCAandLDA which did no
betterthanchance.SPCAalsooutperformsPCA andLDA on thePOFA database.SPCA
outperformsPCAon theYaledatabaseandhassimilarperformanceto LDA.

3.1 Synthetic Data
PCA andLDA bothhave weaknessesthat limit their effectiveness.If a featurewith high
varianceoverthedatais uncorrelatedwith theclasslabelsof thedata,PCAwill highly rep-
resentthisfeaturebecauseof its variance,perhapsneglectingfeatureswith smallervariance
but morecorrelatedwith theclassificationof thedata.

Recall that LDA assumesthe class-conditionaldistribution of the dataover eachfeature
is normal. Supposethe datadoesnot have this property, for instanceif a feature’s data
for oneclassis bimodally distributedandfor anotherclassis normally distributed. This
is thecasefor thepixels in thesmiles(which mayor maynot show teeth)of happy faces
versuspixels in the mouthsof sadfaces.As LDA choosesthe componentsthat separate
theclassmeansasmuchaspossible,it will chooseto offsetthemeansof thebimodaland
normaldistributions. This could result in oneof the modesof the bimodaldistribution
beingprojectedto nearlythesamevalueasthemeanof thenormaldistribution.

Class-ConditionalDistributionsof Features

f - x . c / 10 f - x . c / 20 g - x . c / 10 g - x . c / 20 h - x 0
Figure1: Distributionsof thefeaturesof thesynthesizeddata.

With theselimitationsin mind,wesynthesized100trainingand100testsamples,all i.i.d.
Eachsamplehas1000featureswith threepossibledistributions, f � x � c � , g � x � c � , andh � x � c � .
Only thefeatureswith distribution f or g areusefulin classification.Thesedistributionsare
shown in Figure1. f � x � c � 1� andg � x � c � 2� arebimodaldistributions,with modes1 0 
 5
andastandarddeviationof 1. f � x � c � 2� andg � x � c � 1� arenormaldistributionwith mean
0 andstandarddeviation 1. h � x � is uniformally distributedbetween0 and1. 100features
have distribution f , 100 featureshave distribution g, and800 featureshave distribution
h. Theoptimaldimensionalityreductiontechniquefor this datasetwould ignoreall 800
featuresof distributionh anduseany of thefeaturesof distribution f or g.

Figure2 showstheprojectionof thedataonthefeatureschosenby SPCA,LDA, andPCA.
When groupingthe datainto threeclusters,SPCA put all but two of the featureswith
distribution f in onecluster, all but oneof the featureswith distribution g in the second
cluster, andall therestof thefeaturesin thethird cluster. Thusthefirst andsecondprincipal
componentsgeneratedby SPCAareusefulin discriminatingthedata,while thethird is not.
SPCAperformsequallywell whenonly two clustersof thefeaturesarefound.

As hypothesized,LDA wasnotableto separatethetestdata.It wasableto find aprojection
to separatethetrainingdata,but thisprojectionreliedheavily onthefeaturesof distribution
h which aren’t correlatedwith theclassification.Thus,whengeneralizingto thetestdata,
LDA fails.

PCA wasdistractedby the800featuresof distribution h thatwerenot correlatedwith the
classification,andthuswasunableto separatethetrainingdataor thetestdata.

In fact, SPCA performswell while the other two algorithmsfail on data in which the
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Figure2: (a) Projectionof the testdataon the featureschosenby SPCA,3 clusters(b) 2 clusters
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thetestdataon thetop two PrincipalComponentschosenby PCA. (e) Resultsof SPCA,LDA, and
PCAfollowedby anearestneighborclassifieronclassifyingthesyntheticdata,with varyingdistance
betweenthemodesof thebimodaldistributions.

separationbetweenthemodesof thebimodaldistribution is small. For separationsgreater
than0.1, SPCAachieves100%accuracy usinga nearest-neighborclassifier. No matter
how small the separation,LDA and PCA are not able to separatethe data,despitethe
distributionsapproachinga normaldistribution,asshown in Figure3.

Theseexperimentson thesyntheticdatasetshow thatSPCAis robust to featuresthatare
uncorrelatedwith classification,unlike PCA.They alsoshow thatSPCAis robust to non-
normaldistributionsof thedata,unlikeLDA.

3.2 The Ekman and Friesen POFA Database
SPCA,PCA, and LDA were testedon the Ekmanand FriesenDatabaseof Picturesof
FacialAffect (EkmanandFriesen,1976). This datasetincludes14 trainedactorsposing
six expressions:Happiness,Sadness,Fear, Anger, Surprise,andDisgust(plus Neutral).
Thereare110 greyscaleimagesin this dataset,96 of which arenot neutral. Examples
from theEkmanandFriesenPOFA areshown in Figure3.

An expressionclassifiermustgeneralizeover identity andconcentrateonly on theexpres-
sionin animage.This is particularlydifficult becausethedifferencebetweentheimagesof
two differentactorsposingthesameexpressionis greaterthanthedifferencebetweenthe
sameactorposingtwo differentexpressions.As PCA selectsthefeaturesin thedirection
of greatestvariance,thesewill encodemore for identity thanexpression. A supervised
algorithmwouldbeableto find a moreaccurateandconciserepresentationthatis tailored
to expressionrecognition.However, PCA significantlyoutperformsLDA, by a margin of
10%accuracy. We hypothesizedthatthis waspartially dueto thelimited numberof com-
ponentsLDA canextract(6 � 1 � 5). Eventrying differentcriterionfunctionswhichallow
LDA to producemorefeaturesdoesnotgreatlyimproveLDA’sperformance.

(a) (b) (c)
Figure3: (a)Examplecroppedandalignedimagesfrom thePOFA database(b) Examplefull-f ace
imagesfrom theYaledatabase(c) Exampleclosely-croppedimagesfrom theYaledatabase

To compareSPCAwith previous experimentsin which PCA andLDA performedwell,
we performedtheimagepreprocessing.Theimageswerealignedsothattheeyesandthe
bottomof thetop row of teethwerein thesamepositionfor all images,andcroppedinside
thecontoursof theface.Aligning theimagesis necessarybecausePCA andLDA areex-
tremelysensitive to small translationsin the images.Croppingtheimagesis necessaryto
avoid confusingPCA with uninformativedata,like thebackgroundandhair. Next, theim-
agesweresubsampledandconvolvedwith Gaborwaveletjets,eachcomposedof 40Gabor
filters of five differentscalesandeightdifferentorientations,resultingin a 40,600dimen-
sionalvector. Gaborfilters areresponsive to linesandedgesandarebiologically inspired.
Thedifferentorientationsandscalesaid in improving invarianceto small translationsand
rotationsof the data. Finally, the outputsof the Gaborfilters werez-scored(normalized



so that themeanintensityvaluefor eachpixel is zeroandthestandarddeviation is one).
After preprocessing,thedimensionalityof thedatais reducedusingPCA,LDA, or SPCA.
A perceptronis learnedfrom imagesof 12of theactors,andtrainingis stoppedat thebest
performanceona heldoutactor. Theperceptronis evaluatedon imagesof a novel actor.

SPCAonly findsclustersof featureswith high affinity, not necessarilyclusterswhich are
importantto classification.Clustersdiffer in numberof elementsandcorrelationwith the
classification,yet the numberof principal componentsextractedfrom eachis the same.
Thus,eachclusteris weightedequally in the outputfeaturesfrom SPCA.For the POFA
dataset,we addedanextra layerof PCA to weighttheprincipalcomponentsextractedby
SPCAby the amountof varianceof the dataprojectedon them. Thus, if k clustersare
foundandn principalcomponentsareextractedfrom eachcluster, thenPCA is performed
on theprojectionof thedataontothekn principalcomponentsextractedby SPCA.

Thisextralayerprovednecessarywhenusingaperceptronfor classification,asaperceptron
is easily influencedby input variablesthat have small variancein the training data. For
example,supposeafeaturehasanearlyconstantvaluefor all thetrainingdataandaslightly
highervaluefor onetrainingsampleof classc. Theperceptronwill find thisvariableuseful
in determiningclassc from otherclasses,andthuscould weight its inputsto classifyan
exampleasclassc if everthevalueof thisvariablediffersfrom themean.If theinconsistent
value for this variablefor onetraining sampleis merelynoise,then the perceptronwill
mistakeall testexampleswith aninconsistentvaluefor thisvariableasclassc.
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Figure4: Comparisonof parametersettingson POFA andYale databases.(a) POFA, 20 and30
clusters,without an extra layer of PCA (b) POFA, 20 and30 clusters,with an extra layer of PCA.
Thenumbersabove eachbararethenumberof principalcomponentsextractedin theextra layerof
PCA(c) Yale,Full-faceimages(d) Yale,Closely-Croppedimages

With anextra layerof PCA added,SPCAachieves92.7%accuracy on this dataset,com-
paredto 90% accuracy achieved by PCA (using 50 principal components),and 79.3%
accuracy achieved by LDA. Theseare the optimal resultsobtainedby SPCA,PCA and
LDA.

SPCAprovedto berelatively insensitive to thenumberof clustersandthenumberof prin-
cipal componentsextractedfrom eachcluster. Figure 4(a) and (b) show the resultsof
varyingtheseparameters.While SPCAperformsbetterwith 30 clustersthan20 clusters,
theclassificationerrordifferenceis small(only 2%). In addition,using30clusters,optimal
resultsareobtainedextractingtwo andfour principalcomponentsfrom eachcluster, and
extractingthreeprincipalcomponentsis only 1%worsein classificationerror.

3.3 The Yale Face Database
TheYaleDatabase(BelhumeurandKriegman,1997)consistsof imagesof 15 actorsun-
der11 differentconditions,includingdifferentlighting, facialexpressions,andocclusion
effects. Identity recognitionis difficult, particularlyfor PCA, becausetheclassifiermust
generalizeoverall thesedistractions(Belhumeuretal.,1996).Thisdatasetwasusedin the
first paperproposingLDA insteadof PCAfor dimensionalityreductionin facerecognition
tasks.Thus,LDA performsextremelywell on thedatasetwhile PCAperformspoorly.

Two experimentswereperformed,onein which theimageswerecroppedoutsidetheface
contour(full-f aceimages)andonein which theimageswerecroppedinsidethefacecon-
tour(closely-croppedimages).Examplesof eachareshown in Figure3. Thepreprocessing
of theYaledatabasewassthesameasthatof thePOFA database(aligning,cropping,Ga-



borfiltering, andz-scoring).After preprocessing,thedimensionalityof thedatais reduced
using PCA, LDA, or SPCA.A perceptronis trainedby packpropagationon 164 of the
samplesandtestedona novel image.

SPCAachieves100%accuracy on thefull-f acesamples,comparedto LDA which obtains
99.4%classificationaccuracy and PCA which obtains10% classificationaccuracy. On
the closely-croppedsamples,LDA outperformsSPCA.LDA achieves97% classification
accuracy, comparedto SPCA with 94.6%accuracy and PCA with 76.4%accuracy. A
comparisonof theeffectsof theparametersfor SPCAis shown in Figure4(c)and(d).

4 Discussion
SPCAusesa supervisedmeasureof similarity to clusterthe featuresinto groupsof high
intra-clusteraffinity andlow inter-clusteraffinity. It extractsa small numberof principal
componentsfrom eachclusterto representthedata. Experimentally, we have shown that
thesupervisedmeasureof similarity allowsSPCAto distinguishfeaturesthatarecorrelated
with theclassificationfrom thosethatarenot. Becauseof this,SPCAoutperformsPCAin
all experiments.Wehavealsoshown thatwhentheassumptionsmadeby LDA donothold,
LDA performsvery poorly. In thesecases,we have experimentallyshown that because
theassumptionsmadeby thesimilarity measureusedby SPCAaresmallandreasonable,
SPCAoutperformsLDA. In addition,we hypothesizethatadditionalexperimentationwill
non-aligneddatabaseswill show that SPCAis morerobust thanPCA andLDA to small
translationsandrotationsin theimages.

As statedearlier, SPCAis actuallya versatileframework of algorithms.In thefuture,we
hopeto experimentwith otherinstantiations,includingdifferentmethodsof representing
thefeaturesof eachcluster. Insteadof selectingfromthelinearcombinationsof thefeatures
in a cluster, we couldselectdirectly from thefeaturesin thecluster. This would beuseful
in applications(e.g. medicalapplications)in which featureselectionis desiredandlinear
combinationsof featuresareuseless.

Finally, we believe that thedistancemeasurechosenfor SPCAcouldbeappliedto LDA.
In suchanalgorithm,thedatawouldbeprojectedontothefeaturespacewhichmaximizes
theChi-squareddistancebetweenthedistributionsof thedataof eachclassandminimizes
theChi-squareddistanceof thedistributionswithin eachclass.
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