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Abstract

Many tasks,suchasfacerecognition,requirelearninga classifierfrom
a small numberof high dimensionaltrainingsamples.Thesetaskssuf-
fer from the curseof dimensionality: the numberof training samples
requiredto accuratelylearna classifierincreasesexponentiallywith the
dimensionalityof the data. Onesolutionto this problemis dimension-
ality reduction.Commonmethodsfor dimensionalityreductionsuchas
PrincipalComponentAnalysis(PCA) andFisher’s LinearDiscriminant
Analysis (LDA) have undesirableproperties. PCA is an unsupervised
algorithm,while LDA camonly producea smallnumberof components
andassumesthe datais normally distributed. A new algorithmframe-
work proposedin this paper, StructuredPrincipalComponentAnalysis
(SPCA),doesnot have theseundesirableproperties. SPCAstructures
thedatain a supervisedway, thenappliesPCA to eachstructure.SPCA
first clusterstogethersimilar featuresof thedata,usingasupervisedsim-
ilarity measurethatmakessmall,reasonableassumptionsaboutthedata.
Fromeachclusterof similar features,a smallnumberof componentsare
chosento representthatcluster. Theinstantiationof SPCAemployedin
this paperusesthenormalizedcut criterion to clusterthe features.The
similarity measureusedis thesame-classChi-squareddistancebetween
eachfeatureover all the training data. Finally, PCA is usedto extract
a small numberof componentsfrom eachcluster. This algorithmwas
testedon two facerecognitiondatabases,with encouragingresults.

1 Intr oduction

Many tasksrequirelearninga classifierfrom a smallnumberof high dimensionaltraining
samples.Becausethepotentialcomplexity of a classifierincreasesexponentiallywith the
dimensionalityof the data,it is difficult to accuratelylearna classifierwith dataof this
type(Dudaetal., 2001).

As a concreteexample,considerthetaskof facialexpressionclassificationof thePictures
of FacialAffect (POFA) Database(EkmanandFriesen,1976). This databaseconsistsof
240 x 292 greyscalepixel imagesof 14 actorsperformingoneof six expressions.The
dimensionalityof eachdatasampleis thenumberof pixelsin theimage,70,080.Thegoal
is to determinea classifier, saya perceptron,which will accuratelyclassifynovel images.



A simpleclassifierlike a perceptronhasaninputunit for eachpixel andanoutputunit for
eachexpression.A weight mustbe learnedfor eachpair of input andoutputunits. As
thereare70,080inputsand6 outputs,thereare420,480weightsthatmustbelearned.The
numberof training samplesneededto accuratelyandconfidentlyestimatetheseweights
grows exponentiallywith the numberof weights(Bishop,1995). As the POFA database
hasonly 110 trainingexamples,an accurateperceptroncannotbe learnedfrom this high
dimensionaldata.

Onesolutionto this problemis dimensionalityreduction:choosinga small(er)setof fea-
turesto representthe data. Two of the mostpopularmethodsfor dimensionalityreduc-
tion arePrincipalComponentAnalysis(PCA) andFisher’s LinearDiscriminantAnalysis
(LDA). BothPCA andLDA selectorthonormalfeaturesfrom all lineartransformationsof
the input featuresusingthemeanandcovariancestatisticsof the trainingdata. PCA and
LDA differ in that thecriterionusedto choosethe featuresfor LDA is supervised,while
thecriterionfor PCAis unsupervised.

PCA hastheobviousdisadvantagethat it doesnot useoneof themostimportantfeatures
of the trainingdata,namelytheclasslabels.LDA hasthedisadvantagethat it canfind at
mostc � 1 componentsto projectonto,wherec is thenumberof classesin the task. For
example,in expressionrecognition,c is 6. BothPCAandLDA only considerthemeanand
covariancestatisticsof thetrainingdata,thusarebothdisadvantagedif thedistribution of
thedatais notnormal.

In thispaper, I proposeanalgorithmfor dimensionalityreductionthatdoesnotsuffer from
any of theseshortcomings,StructuredPrincipalComponentAnalysis(SPCA).SPCAis a
supervisedalgorithmthatmakessmall andreasonableassumptionsaboutthedistribution
of the data. SPCA usesgraphsegmentationto find the featuresthat bestrepresentthe
original featuresfor theclassificationtask.SPCAclustersthefeaturessothatthesimilarity
of featureswithin aclusteris maximizedandthesimilarityof featuresin separateclustersis
minimized.As a supervisedmeasureof similarity betweenfeaturesis used,theclustering
of featuresis supervised.Eachclusterof featuresis representedby a small numberof
features.Thus,SPCAproducesa smallnumberof featuresthatbestrepresenttheoriginal
featuresfor theclassificationtaskathand.

2 Background

2.1 Principal ComponentAnalysis

Themostcommonmethodfor dimensionalityreductionis PrincipalComponentAnalysis
(PCA).PCAis anunsupervisedalgorithmthatselectsorthonormalfeaturesfrom all linear
transformationsof theinput features.Thedatais representedastheprojectionof theorig-
inal high-dimensionaltrainingdataon thesefeaturevectors.Theprojectionx̃i of training
sample,xi, ontothefeaturevectorsrepresentedascolumnsof thematrixV is:

x̃i
� VTxi �

PCA selectsthe featuresthat minimize the sumsquarederror of the distancebetweena
sampleandits projection. That is, given trainingdataD � xi , i � 1 � ����� � n, PCA finds the
features,thecolumnvectorsof V, whichminimize

J
�
V � � 1

2

n

∑
i � 1

	
xi
� Vx̃i

	 2 �
The vectorsV that minimize J arealso the vectorsthat maximizethe projectedscatter,
VTSV, where

S � n

∑
i � 1

�
xi
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� m � T �
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Figure1: Two classesof dataandthedirectionof thefirst principalcomponentandthefirst
componentselectedby LDA.

Thus,thecolumnsof V aretheeigenvectorsof S, sortedin orderof decreasingeigenvalues.
Thus, thesevectorsarealso in the directionof the greatestvarianceof the data. The M
featuresselectedarethefirst M eigenvectorsof S(Bishop,1995).

PCAis anunsupervisedalgorithmthatchoosesthecomponentsthatbestrepresentthedata.
It doesnot necessarilychoosethe componentsthat would be bestfor discriminatingone
classof datafrom another. For example,considerthetwo classesof datashown in Figure1.
PCAwill choosethevectorin thedirectionof greatestvarianceof all thedata,v1. While the
classesof dataarelinearlyseparable,theclassesarenot linearlyseparablewhenprojected
on thefirst principalcomponent.

2.2 Fisher’sLinear Discriminant Analysis

Fisher’s Linear DiscriminantAnalysis(LDA) attemptsto alleviate this problem. LDA is
a supervisedmethodof dimensionreductionthat attemptsto find the linear combination
of featureswhich will representthe most informationuseful for discriminatingbetween
classes.LDA will choosetheoptimalcomponent,v2 to discriminatethetwo classesshown
in Figure1.

Criterionsusedfor LDA choosetheprojectionspacewith themaximumseparationbetween
thedatain differentclasses.LDA doesthis by maximizingthescatterof themeansof the
projecteddataof eachclasswhile minimizing thescatterof theprojecteddatawithin each
class. All criterionsfor LDA try to maximizethe betweenclassscatterin the projected
space:

S̃B
� c

∑
i � 1

�
m̃i

� m̃ � � m̃i
� m̃ � T

while minimizing thewithin classscatterin theprojectedspace:

S̃W
� c

∑
i � 1

∑
xεDi

�
x̃ � m̃i � � x̃ � m̃i � T �

wherem̃i is the meanof the projecteddataof classi, m̃ is the meanof all the projected
data,andc is thenumberof classes.

Thus,LDA findsthematrixof columnfeaturevectors,V, thatmaximizeVTSBV andmini-
mizeVTSWV, whereSW andSB arethewithin andbetweenclassscattersof theunprojected
data.Thestandardcriterionfunctionmaximizedis:

J
�
V � ��
VTSBV 



VTSWV 
 �



FindingV that maximizesJ
�
V � reducesto solving the generalizedeigenvectorproblem:

SBv � λSWv (Dudaetal., 2001).

Becausethe rank of SB is at mostc � 1, wherec is the numberof classes,at mostc � 1
featurescan be extractedusing LDA. In the exampleof facial expressionclassification
of thePOFA database,this is only five features,which is often too few to result in good
generalization.In addition, the criterion function usedfor LDA is somewhat arbitrary.
While it is truethatmaximizingthebetween-classvarianceandminimizingthewithin-class
varianceis desirablefor separatingclasses,thereareothermeasuresthatareasappropriate.
In addition,maximizingbetween-classscatterwhile minimizing within-classscatterdoes
not exactly translateinto themostcommoncriterionfunctionfor LDA, involving theratio
of the determinantsof thesematrices. For example,using the traceof the matriceshas
beensuggested.Finally, LDA usesonly themeanandvariancestatisticsof thedatain the
criterionfunctionusedto choosethefeatures.If thedatais not normallydistributed,then
LDA ignoresmany potentialattributesof thedata.

3 Structured Principal ComponentAnalysis

In this section,I will discussthe detailsof the SPCAalgorithm. First, I will discussthe
graphsegmentationusedto clustertheoriginalvariablesof thedata.Second,I will discuss
thesupervisedsimilarity measureusedin thegraphsegmentationalgorithm. Third, I will
discussthespecificsof thecurrentimplementationof SPCA.

3.1 Graph SegmentationUsingEigenvectors

SPCAclustersthe featuresso that featuresin thesameclusteraresimilar, while features
in differentclustersaredissimilar(Shi andMalik, 2000a).Thus,SPCAclustersthe fea-
turesso that the intra-clusteraffinity is maximizedwhile the inter-clusteraffinity is min-
imized (Hamerly, 2002). The affinity is a measureof groupsimilarity. If W

�
u � v� is the

similarity betweenfeatureu andfeaturev, thenthe inter-clusteraffinity betweenclusters
S1 andS2 is:

Af f inity
�
S1 � S2 � � ∑

u � S1 
 v � S2

W
�
u � v� �

Similarly, theintra-clusteraffinity of clusterS is:

Af f inity
�
S� S� � ∑

u � S
 v � S

W
�
u � v� �

Themembershipvector, y, that indicateswhich clustereachfeatureshouldbe in, canbe
approximatedby solvinga generalizedeigenvectorproblem,thusfinding theclusteration
of featureswhichmaximizeandminimizethebetween-clusterandwithin-clusteraffinities
is tractable(ShiandMalik, 2000a).

Thegeneralizedeigenvectorproblemfocuseson two matrices,thepairwiseaffinity matrix
andthedegreematrix (Weiss,1999).Thepairwiseaffinity matrix,W, is anN x N matrix,
whereN is theoriginal numberof featuresin thedata.Eachelementof theaffinity matrix
is thepairwisesimilarityW

�
u � v� betweentwo features,u andv. Thedegreematrix,D, is a

diagonalmatrix in which eachdiagonalelementrepresentsthetotal similarity of a feature
to all otherfeatures.Thatis, D

�
u � u� � ∑N

v� 1W
�
u � v� (ShiandMalik, 2000b).

The cluster membershipvector that maximizeswithin-cluster affinity and minimizes
between-clusteraffinity is thesolutiony with thesecondsmallesteigenvalueλ to thesys-
tem: �

D � W � y � λDy �
y is actuallyanapproximatesolution,sincey is a continuous-valuedvector, not discrete-
valued.Thus,thresholdingis requiredto determinetheactualclustermembership.



3.2 A SupervisedSimilarity Measure BetweenVariables

Two featuresaresimilar if thedistributionof thetrainingdatafor eachof thesefeaturesare
similarin eachclass,but notacrossdifferentclasses.As aconcreteexample,let usconsider
againthefacialexpressionclassificationtask.For example,considerfeatureu to beapixel
in theleft eyeof theimagewhile featurev is themirror of thispixel in theright eye of the
image. As facesaremoreor lesssymmetricover a vertical divide, u will look the same
asv for eachfacialexpression.Ideally, u andv will begroupedin thesamesegment.The
distancebetweenthedistributionof all thehappy trainingsamplesfor u andthedistribution
of all thehappy trainingsamplesfor v will besmall. Similarly, with all otherclasses,the
distributionsfor u andv will not be far apart. However, sincethe eyestendto changea
lot in differentexpressions(for examplethe eyesin a happy expressionareslitted much
more than the eyes in a fear expression),the distribution of the happy training samples
for featureu will bevery differentfrom thedistribution of thefearful trainingsamplesfor
featurev. Similarly, with all othercombinationsof differentclasses,thedistancebetween
thedistributionsarenot necessarilysimilar if two featuresaresimilar. Thus,a supervised
measureof thesimilarity betweenfeaturedistributionsis thesumof thedistancebetween
thefeaturedistributionsfor eachclass.

The distancemetric chosenfor this algorithm is the Chi-squareddistancebetweentwo
distributions, fu and fv:

χ2 � fu � fv � � 1
2

� �
fu
�
x� � fv

�
x��� 2

fu
�
x��� fv

�
x� dx �

TheChi-squareddistancecanbeapproximatedusingthetrainingdataby binningthedata.
Thus,if 11equalbinsarechosento cover therange[-2,2] (wherevaluesbeyondthelimits
of this rangeareplacedin the closestendbin), then f

�
2� is the numberof datasamples

falling in thesecondbin, datasamplesin therange[-1.75,-1.5),f
�
3� is thenumberof data

samplesfalling in the third bin, datasamplesin the range[-1.5,-1.25),andso on. The
approximationfor theChi-squareddistancebetweenfeaturesu andv is:

1
2 ∑

c � C

nbins

∑
i � 1

�
fcu

�
i � � fcv

�
i ��� 2

fcu
�
i ��� fcv

�
i � �

where fcu
�
i � is thenumberof datasamplesof classc for which thevalueof featureu falls

in bin i.

TheChi-squareddistanceis basedon theassumptionthatthecountof thenumberof sam-
plesin a bin is normallydistributed.Thebottomtermin this sum, fu

�
i ��� fv

�
i ��� is thenan

approximationof thestandarderroronthesquareddifference
�
fu
�
i � � fv

�
i ��� 2. Thestandard

errorfor a normaldistribution is thesquareroot of themean.As themeanis unknown, an
approximationis theactualcount.

The assumptionthat the countof the numberof samplesin a bin is normallydistributed
is reasonable,asthis is really the sumof a numberof (somewhat) randomfeatures,and
thesumof randomfeaturesapproachesa normaldistribution. In addition,theChi-squared
distanceis meaningfulevenfor non-normaldistributions.Thus,theassumptionsmadeby
thisalgorithmaremorereasonableandlesscostlythanthosemadeby PCAandLDA.

3.3 Implementation Details

The affinity matrix usedin the clusteringalgorithmis high dimensionalfor high dimen-
stionaldata. If N is the dimensionalityof the data,thenthe affinity matrix is an N x N
matrix. Solving a generalizedeigenvectorproblemfor N x N matricesis intractiblefor
largeN. However, oftenthenumberof trainingsamplesusedto determinetheaffinity and



degreematrices,n, is relatively small. Thenumberof actualsegmentsin thevariablesis
closerto n thanto N (Fowlkeset al., 2001).Thus,theNyström methodfor approximating
thesolutionsto eigenvectorsof thenormalizedaffinity matrixarevalid in thisapplication.
The Nyström methodhasbeenshown to work well for graphsegmentationof relatively
smallsetsof highdimensionaldata,andrunsin timepolynomialin thenumberof training
samples,not thenumberof dimensions(O

�
n3 � ). Thus,theNyström approximationto the

generalizedeigenvectorproblemwasimplemented.

Oncethesegmentationof variableshasbeenobtained,eachsegmentmustberepresented
by a small numberof variables. SPCAusesthe top few PrincipalComponentsof each
segmentto representthevariablesin thatsegment.

4 Experiments

The SPCAalgorithmwas testedon facerecogntiontasks. Facerecognitioncangreatly
benefitfrom a supervisedmethodof dimensionalityreductionbecausesmall detailsare
requiredfor a certainrecognitiontask and thereis a lot of noisein facesthat must be
generalizedover. As discussedbefore,expressionclassifiersmustgeneralizeover identity
(andidentity classifiersmustgeneralizeover expression).In addition,classifiersof both
identity andexpressionrecognitionmustgeneralizeover differentlighting andocclusion
effects.SPCAwastestedontheEkmanandFriesenPicturesof FacialAffectDatabaseand
theYaleFaceDatabase.

4.1 The Ekman and FriesenPOFA Database

The POFA Databaseconsistsof 110 imagesof 14 actorsposingoneof six expressions
(happy, sad,fearful, angry, surprised,anddisgusted),plusneutral.Theseexpressionsare
considered“universalexpressions,” meaningthatregardlessof culture,thesameemotions
evoke theseexpressions.Theexpressionsareposedby actorstrainedto move someof 44
musclegroupsidentifiedby Ekmanasdisplayingthe posedexpression.All expressions
wererecognizableby at least70%of thosetestedon them.

Expressionrecognitionof the POFA databaseis difficult becausethe classifiermust be
ableto generalizeover differentidentitiesto focuson theexpression.This is particularly
difficult becausethe facesof two actorsdiffer morethanfacesof the sameactorposing
differentexpressions.Figure2 shows imagesfrom thePOFA databaseandthedifferences
for differentexpressionsandactors.Thisdatabaseis alsodifficult, asstatedbefore,because
thenumberof trainingsamplesis small,while thedimensionalityof thedatais high.

To compareSPCAwith previousexperimentsin whichPCAandLDA performedwell, the
samepreprocessingof the imagesof thedatasetis performed.This preprocessingbegins
with aligningtheimagessothattheeyesandthebottomof thetop row of teetharein the
samepositionfor all images,andcroppedso thatmostlywith z-scoring(normalizingthe
datasothatthemeanintensityvaluefor eachpixel is zeroandthestandarddeviationis one).
Next, theimagesaresubsampledandconvolvedwith Gaborwaveletjets,eachcomposedof
40Gaborfiltersof fivedifferentscalesandeightdifferentorientations,resultingin a40,600
dimensionalvector. Gaborfilters are responsive to edgesandarebiologically inspired.
Thedifferentorientationsandscalesaid in improving invarianceto small translationsand
rotationsof thedata.Finally, theoutputsof theGaborfiltersarez-scored.

After preprocessing,thedimensionalityof thedatais reducedusingPCA,LDA, or SPCA.
A perceptronis learnedandtestedonnovel testimages.

PCAperformsbestwhen50principalcomponentsareextracted.Classificationisbestwhen
a hold out setis usedfor earlystopping,andbothweightdecayandmomentumareused



 (a) Expression = Angry
         Identity = C

(b) Expression = Angry
      Identity = J

(c) Absolute Value 
         of (a) − (b)

(d) Expression = Angry
Identity = C

(e) Expression = Disgusted
Identity = C

(f) Absolute Value
of (d) − (e)

Figure2: (a)and(b) areimagesof differentactorsposingthesameexpression.(d) and(e)
areimageof thesameactorposingdifferentexpressions.(c) is theabsolutevalueof the
differencebetween(a) and(b). (f) is theabsolutevalueof thedifferencebetween(d) and
(e). Thelighter thepixel, thelargerthedifference.
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Figure3: (a) Optimal classificationerror on the POFA databaseusing LDA, PCA, and
SPCA.(b) ClassificationerrorusingSPCAwith 20or 30clustersof features,andbetween
oneandfour PrincipalComponentsextractedfrom eachcluster.

in training the perceptron.Theperceptronis trainedon imagesof all actorsbut two, the
holdoutactorandtheverificationactor. Theperceptronthatperformsbeston the images
from theholdoutsetis usedto classifytheimagesfrom theverificationset.Classification
error is usedto evaluatethe performanceof the classifier. The optimal performanceof
PCAis 10%error(Dailey etal., 2000).Usingthesametrainingandperceptronset-up,the
optimalperformanceof LDA is 20%error(thisperformanceis achievedusinganalternate
criterion function; with the standardcriterion function,LDA achieves25% classification
error).

SPCAoutperformsbothLDA andPCA.With thefeaturesclusteredinto 30 clustersand1
principalcomponentextractedfrom eachcluster, SPCAachievesa5.2%clssificationerror.
Thecomparisonof classificationerrorof LDA, PCA, andSPCAis shown in Figure3(a).
The resultsof using20 and30 clustersof featuresandextractingbetweenoneandfour
principalcomponentsfrom eachof theseclustersis shown in Figure3(b).

As SPCAdoesnotnecessarilychooseclustersthatvarymuch,I triedaddinganadditional
layer of PCA at the endof the dimensionalityreduction. As perceptronssometimesare
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Figure4: Resultsof usingSPCAplus an extra layer of PCA. Eachsetof barsin these
graphsrepresentsa differentnumberof principalcomponentsextractedfrom eachcluster.
Thex-axisrangesover thenumberof principalcomponentsextractedin theextra layerof
PCA.Graph(a) is theresultsfor 20 clustersof featuresandgraph(b) is for 30 clustersof
features.

sensitive to unnecessaryinput (e.g. theweightslearnedfor a featurethat is alwayszeros
in the training dataarecompletelyrandomandcould be very large),my hypothesiswas
that this would help the perceptron’s performance.While this additionspedup training
of the perceptron(the perceptrontrainedoptimally in five iterations),it did not improve
classificationperformance.Theoptimalperformanceof SPCAwith theextra layerof PCA
is 6.25%error. Theresultsusingdifferentnumbersof clusters,principalcomponentsex-
tractedpercluster, andprincipalcomponentsextractedin theextralayerof PCAareshown
in Figure4.

SPCAoutperformsPCA with a smallernumberof features(30) thanPCA requires(50).
ThissuggeststhattheSPCA-reducedfeaturesaremoredensewith information.

4.2 The YaleFaceDatabase

TheYaleDatabase(BelhumeurandKriegman,1997)consistsof 165imagesof 15 actors.
The imagesof the actorsareunderdifferentlighting, expressions,andocclusioneffects.
This datasetis difficult, particularlyfor PCA, becausetheclassifiermustgeneralizeover
all thesedistractions(Belhumeuret al., 1996). This datasetwasusedin the first paper
proposingLDA for dimensionalityreductionin facerecognitiontasks,insteadof PCA.
Thus,LDA performsextremelywell on thedatasetwhile PCAperformspoorly.

As with thePOFA dataset,theYaledatabaseis first preprocessed.Theimagesarecentered
andcropped,z-scored,convolvedwith Gaborwaveletjets,andfinally z-scoredagain.PCA
achieveda 10%error, while LDA makesonly oneerror in 165 tests,a 0.61%error (Bel-
humeuretal.,1996).SPCAmakesnoerrorswhenthefeaturesareclusteredinto 20groups
andfour principalcomponentsareextractedfrom eachgroup. In addition,theperceptron
trainsextremelyquickly on theSPCA-reduceddata,asit trainsoptimally in five iterations
of backpropogation.Theresultsof SPCAwith differentnumberof principalcomponents
extractedfrom eachgroupis shown in Figure5. Both LDA andPCA do not performas
well on a close-croppedfacein which the outline of the faceis excluded. Futurework
includestestingSPCAon theseclose-croppedfaces.
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Figure5: Resultsof usingSPCAon the Yale database,varying the numberof Principal
Componentsextractedfrom eachcluster.

5 Conclusion

StructuredPCA first structuresthe original featuresinto a numberof clustersof similar
features,thenappliesPCA to eachof theseclustersof similar featuresto obtaina small
numberof featuresthat representthe data. Preliminaryresultsshow that the hypothesis
that SPCAdoesnot have the faultsof PCA andLDA appearsto be true, judging by the
performanceof thesethreealgorithmson two respecteddatabasesof faces.Futurework
includesfurthertestingof SPCAon thesedatasets.Most critically, thenumberof clusters
of featurescanbevaried.

In addition,otheralgorithmsfor dimensionalityreductionthat moredirectly addressthe
faultsof PCA andLDA canbe tried. For example,a hierarchicalLDA algorithmis pro-
posed.While LDA is restrictedto only c � 1 components,a hierarchicalLDA algorithm
would first find thesec � 1 components,thenfind thecomponentsin thenull spaceof the
first c � 1 components,usingthesamecriterionfunction.

An algorithmthataddressestheassumptionof normalityin LDA wouldbeadistanceLDA
algorithmwhichconsidersthedistancebetweenthedistributionsof differentclasses.Like
thesimilarity measureusedin SPCA,this algorithmwould choosethecomponentswhich
minimizethedistancebetweenthedistributionsof thefeaturesof samplesof thesameclass.
It wouldalsotry to maximizethedistancebetweendistributionsof differentclasses.

References

Belhumeur, P. N., Hespanha,J.,andKriegman,D. J.(1996).Eigenfacesvs.fisherfaces:Recognition
usingclassspecificlinearprojection.In ECCV(1), pages45–58.

Belhumeur, P. N. andKriegman,D. J. (1997).Theyalefacedatabase.

Bishop,C. M. (1995).Neural networksfor patternrecognition. OxfordUniversityPress,Oxford.

Dailey, M. N., Cottrell, G. W., andAdolphs,R. (2000). A six-unit network is all you needto dis-
cover happiness.In Proceedingsof the22ndAnnualConferenceof theCognitiveScienceSociety,
Mahwah,NJ.Erlbaum.

Duda,R. O., Hart, P. E., andStork,D. G. (2001). PatternClassification. Wiley-Interscience,New
York.

Ekman,P. andFriesen,W. (1976). Picturesof Facial Affect. ConsultingPsychologists,Palo Alto,
CA.



Fowlkes,C., Belongie,S.,andMalik, J. (2001). Efficient spatiotemporalgroupingusingthenystrm
method.

Hamerly, G. (2002).Presentationof ’segmentationusingeigenvectors:A unifying view.

Shi, J. and Malik, J. (2000a). Normalizedcuts and imagesegmentation. IEEE Transactionson
PatternAnalysisandMachineIntelligence, 22(8):888–905.

Shi, J. and Malik, J. (2000b). Normalizedcuts and imagesegmentation. IEEE Transactionson
PatternAnalysisandMachineIntelligence, 22(8):888–905.

Weiss,Y. (1999).Segmentationusingeigenvectors:A unifying view. In ICCV(2), pages975–982.


