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Abstract

Many tasksinvolving high-dimensionatlata, suchasfacerecognition,
suffer from the curseof dimensionality: the numberof training sam-
plesrequiredto accuratelyjearna classifierincreasegxponentiallywith

the dimensionalityof the data. StructuredPrincipal ComponentAnaly-

sis (SPCA)reduceghe dimensionalityof the databy choosinga small
numberof featurego representarger setsof similar features.The pair-

wise similarity of two featuresis measuredising the Chi-squaredlis-
tancebetweenthe joint distributions of the classandthe datafor each
feature. SPCAgroupsthe original featuresof the datainto clustersof

similar featuresusing the NormalizedCut algorithm. As featuresin a
clusterare similar and thus redundantan entire clustercan be repre-
sentecby a smallnumberof Principal Component®xtractedfrom each
cluster SPCAmethodwastestedon two facerecognitiondatabaseghe
EkmanandFriesenPicturesof Facial Affect Databas@ndthe Yale Face
Databasewith encouragingesults.

1 Introduction

Many tasksrequirelearninga classifierfrom a small numberof high dimensionatrain-
ing samples. Thesetasksare particularly difficult becausehe potentialcomplexity of a
classifieincreasegxponentiallywith the dimensionalityof thedata.

For example considethetaskof learningafacialexpressiorclassifieffrom the Picturesof

Facial Affect (POFA) Databas€éEkmanandFriesen,1976). This databaseonsistof 240

x 292 pixel imagesof 14 actorsperformingoneof six expressionsThe dimensionalityof

eachdatasampleis the numberof pixelsin theimage,70,080.Thegoalis to determinea

classifier sayaperceptronwhichwill accuratelclassifynovelimagesA simpleclassifier
like a perceptrorhasaninput unit for eachpixel andan outputunit for eachexpression.
70,080 x 6 = 420,480 weightsmustbe learned,one for eachpair of input and output
unit. The numberof training samplesieededo accuratelyandconfidentlyestimatethese
weightsgrows exponentiallywith the numberof weights(Bishop, 1995). As the POFA

databaséasonly 110trainingexamplesanaccuratgerceptrorcannotdirectly belearned
from this highdimensionabata.

Onesolutionto this problemis dimensionalityreduction:choosinga small(er)setof fea-
turesto representhe data. This solutionis effective if thereis redundang in the data.
Thereis a high amountof redundang in the pixels of faceimages. Not only are pixels
in the sameregion of the facesimilar, but facesare nearly symmetric— an entire half of



thefaceis essentiallyedundantThe classicalpproacheto dimensionalityreductionare
PrincipalComponeninalysis(PCA) andFishers LinearDiscriminantAnalysis(LDA).

PCAis anunsupervisednethodthatselectsfrom all lineartransformationsf the original
featuresthe orthonormalfeaturesthat minimize the sum-squarediifferencebetweerthe
original dataandthe valuesof the dataprojectedalongtheseorthonormafeaturesThisis
equivalentto maximizingthe varianceof the projecteddata. The datais representedsthe
projectionof the original high-dimensionatraining dataon thesefeaturevectors. While
PCA choosedhe featuresthat bestrepresenthe data,it doesnot necessaril}choosethe
featureghatbestdiscriminatethe data.For example,if pixel p of afaceimagevariesalot
for eachactorbut not for eachexpression p will be highly representeth the components
selectedy PCA,eventhoughit doesnotaidin discriminatingoneexpressiorfrom another

LDA attemptdo alleviatethis problemby usinga supervisedriterionto choosea setof or-
thonormalfeaturegrom all lineartransformationsf theoriginalfeatures Theorthonormal
featuresareselectedo minimizethevarianceof thedatawithin eachclasswhile maximiz-
ing the varianceof the meansof eachclassof data. The standardradeof betweernthese
two goalsis to maximizethe quotient: the varianceof the meansof eachclassdivided by
the summedvariancewithin eachclass.LDA only depend®n the meanandvarianceof
thedata. Thesetwo statisticsaresufficientto describehedataonly if thedatais normally
distributed. If this assumptiordoesnot hold, thenit is not clearthat LDA is optimizing
the right criterion. For example,therearetwo typesof smilesrepresentedh the POFA
databasesmilesin which the teethshav andsmilesin which they do not. A pixel in the
smile is thus bimodally distributed for samplesn the happy class. In addition, LDA is
limited in the maximumnumberof featurest canselect.LDA canproduceat mostc— 1
featureswherec is the numberof classesin the caseof expressiorrecognitionthereare
only six classesthusLDA canonly determindive features.

A new algorithmproposedn thispaper Structured®rincipalComponenfnalysis(SPCA),
reduceshedimensionalityof thedataby replacingalargesetof similarfeaturedy asmall

numberof highly representatie features. SPCAusesa supervisedneasureof similarity

of two featuresthe Chi-squaredlistancebetweerthe joint distributionsof the classlabel
andthe datafor eachfeature. Thus,SPCAIs a supervisealgorithmthatmakessmall,rea-
sonableassumptionaboutthe data. SPCAstructureghe original featuresof the datainto

clustersof similar featuresusingthe NormalizedCut algorithm. SPCAextractsthe repre-
sentatve principal componentérom eachcluster Thus,SPCAproducesa smallnumber
of featureghatbestrepresentheoriginal featuredor the classificatiortaskat hand.

2 SPCA Algorithm Description

SPCAis actuallyanalgorithmicframewnork. The measuraisedto estimatepairwisesim-
ilarity, the clusteringalgorithmusedto group similar variables,and the methodusedto
choosea representatie featurefrom eachclustercanall be varied. In this section,we
describeheinstantiationof the SPCAframewnork we have experimentedith.

2.1 A Supervised Similarity Measure Between Variables

A supervisedneasureof the similarity of two featureds required. Thusthe similarity of

two featuresu andyv is the similarity of thepairs(u, c) and(v,c), wherec is theclasslabel.

Two randomvariables,u andv arethe sameif they have the samedistribution, hencethe
distancebetweenthesevariablescan be measuredy the Chi-squareddistancebetween
theirrespectie distributions, f, and f, definedas

x) — fy(
d(u,v) = fu;fv 2/ ‘|‘]:/v ) dx

Two pairsof randomvariablesarethesamef thedlstrlbutlon of eachpairisthesamethatis
if thejoint distributionsof the pairsof randonvariablesarethesame Thedistancébetween



thesepairsof randomvariablescanbemeasuredby the Chi-squaredlistancebetweertheir
respectie joint distributions. If we consideru, v, andc to be randomvariablesthenthe
supervisedlistancebetweerfeaturesu andv is the Chi-squarediistancebetweerthejoint
distributionsof the pairs(u,c) and(v,c):

(fue(%,¢) = fue(,€))?
—y2 _ uC ve ,
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As fuc(x,¢) = p(xjc=c)p(c), thisis equvalentto
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Thus,the pairwisedistancebetweertwo variableds definedto betheweightedsumof the
Chi-squaredlistancedetweentheir class-conditionatlistributions. Sincein practicewe
only have sampledrom thesedistributionsavailableto us, we replacethe integral in the
above expressiorby asumandthe analyticaldensitiesmith empiricalhistogramgo get

nbms u|c i)— fvlc( ))2
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wherefy(i) is thefractionof datasamplesf classc for which the valueof featureu falls
in bini andp(c) is therelative frequeng of classc.

To further justify the choiceof the class-conditionatlistance et us considera concrete
examplefrom facialexpressiorclassificatiorin whichfeatureu is a pixel in theleft eye of
theimageandfeaturev is themirror of this pixel in theright eye of theimage.As facesare
nearlysymmetricover averticaldivide, u hasnearlythe sameintensityasv in eachimage.
Sinceu doesnot provide muchadditionalinformationgivenv (andvice-versa),ideally u
andv will begroupedn thesamecluster

The distribution of all the faceimagesof classc for featureu, f(ulc) is similar to the
distribution of all the faceimagesof classc for featurev, f(v|c). For example,the dis-

tribution of the hapyy faceimagesfor featureu is similar to the distribution of the happy

faceimagesfor featurev. Thus,in this examplewe canrequirethatsimilar featureshave

similar within-classdistributions. However, as eyesexpressemotion,the eyeschangen

differentexpressiongfor examplethe eyesin a happy expressiorareslitted morethanthe
eyesin a fear expression). The distribution of the hapyy training sampledor featureu

will be differentfrom the distribution of the fearful training sampledor featurev. It does
not make senseo requirethatsimilar featureshave similar class-conditionatlistributions
acrossclassegi.e. requiring fyjnappy b€ Near fy esrru). Thus, intuitively, the summed
class-conditionatlistancedetweerdistributionsmakessense.

We chosethe Chi-squaredlistancebecauset is simpleand makessmall, reasonablas-
sumptionsaboutthe data. The Chi-squaredlistanceis basedon the assumptiorthatthe
fractionof thedatasamplesn abin is normallydistributed. Thestandardrrorfor anormal
distribution is the squareroot of the mean. As the meanis unknavn, an approximatioris
theobseredfractionof datasamplesn abin. Thebottomtermin thissum, fyc(i) + fyc(i),

is thenanapproximatiorof the standarcerroron the squaredlifference( fyc(i) — fv|c(i))2.

Theassumptiothatthefractionof samplesn abinis normallydistributedis reasonablegs
thisis thenormalizedsumof a numberof randomvariableswhichin thelimit approaches
a normaldistribution. In addition,the Chi-squaredlistanceis meaningfuleven for non-
normaldistributions. Only the measuref the standarderror, the denominatoin the Chi-
squaredermis basedn theassumptiorof normality Thus,theassumptionsnadeby this
algorithmaremorereasonablandlesscostlythanthosemadeby LDA.



2.2 Graph Segmentation Using the Nor malized Cut Criterion

SPCAusegheNormalizedCutalgorithmto clusterthefeaturesothatfeaturesn thesame
clusteraresimilar, while featuredn 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 betweerfeaturesu andv is inverselyproportionakto the distancebetweerthem,

d(u,v): W(u,v) = e~4WV?/9 (g is a constanthatdescribesvhat distancesreconsidered
far). Theinter-clusteraffinity betweerclustersS; andS; is:

Aff(S,S) = W(u,v).
ueZl,ve

Similarly, theintra-clusteraffinity of clusterSis:
Aff(S9 = z W(u,v).
u,ves
Thecriterionfunctionminimizedby NormalizedCutis:
1 1
NCw(s,%) = A11(8.9) (srrs g8 * ATTE.509))
This quantityincreasesvith inter-clusteraffinity anddecreasewith intra-clusteraffinity.

The membershiprector y, thatindicateswhich clustereachfeatureshouldbein, canbe
approximatedoy solving a generalizeceigervector problem,Wy = ADy. The pairwise
affinity matrix, W, is anN x N matrix, whereN is the original numberof featuresn the
data. Eachelementof the affinity matrix is the pairwisesimilarity W(u,v) betweentwo
features,u andv. The degreematrix, D, is a diagonalmatrix in which eachdiagonal
elementrepresentshe total similarity of a featureto all otherfeatures.Thatis, D(u,u) =
SN W(u,v) (Weiss,1999).

Theabove formulationcanbe extendedo a k-partitioningof the graphby usingadditional
eigervectors(Malik et al., 2001; Ng et al., 2002). We do so by stackingthe 2" to the
K eigervectorscolumnwise normalizingthe rows of theresultingmatrix, andperforming
k-meanslusteringon them.

Giventhatour datais high-dimensionalsolvingtheeigervectorproblemis a computation-
ally intensvetask.However, ourhigh dimensionatiatais highly redundanti.e. therearea
large numberof featuresn our datathataresimilarto eachother implying thata number
of rows of ourweightmatrix W aresimilarto eachother Having madethis obsenation,we
approximatethe eigervectordecompositiorby solvingthe problemfor a randomsample
from thedataandextrapolatingtheresultingeigervectorso thefull datasetThisis known
asthe Nystrom approximation. The original eigervectorproblemhascomplexity O(N3)
in the dimensionalityof the data. Using the Nystrom approximationwe cancomputethe
eigervaluedecompositiorin O(sN), wheres is the numberof samplesused. Empirical
evidenceshavsthatfor datawith aclearclusteringstructureafairly smallnumberof sam-
plescanbe usedto approximatethe eigervectorsto a small error (Fowlkeset al., 2001).

2.3 Representation of Each Cluster

SPCAclustersthe featuresof the datainto groupsthat, becausef their high affinity, can
be representedby a small numberof components.To reducethe dimensionalityof the
data,all thefeaturesn a clusterarerepresentethy a small numberof features.The con-
ciserepresentationlosesto theactualdatain eachclusteris thetop principalcomponents
of the data. PCA chooseghe componentsvhich minimize the sum-squaredistancebe-
tweenthe projecteddataandthe original data. Thesecomponentsrethe eigervectorsof
the covariancematrix, ranked in order of the correspondingeigervalue. Thus,thereare
two parameterin SPCA:the numberof clustersandthe numberof principalcomponents
extractedfrom eachcluster



3 Experiments

The SPCAalgorithmwascomparedo PCA andLDA on threesetsof data. Thefirst set
describeds asyntheticsetdesignedo demonstratéheweaknessesf PCAandLDA. The
secondsetis the EkmanandFriesenPOFA databasewith the taskof expressiorrecogni-
tion. Thethird setis the Yale Facedatabasewith the taskof identity recognition. SPCA
achieves100%accuray onthe syntheticdata,comparedo SPCAandLDA whichdid no
betterthanchance. SPCAalsooutperformdPCA andLDA onthe POFA databaseSPCA
outperformsPCA on the Yaledatabas@andhassimilar performanceo LDA.

3.1 Synthetic Data

PCA andLDA both have weaknessethatlimit their effectiveness.If afeaturewith high

varianceoverthedatais uncorrelatedvith the classlabelsof thedata,PCAwill highly rep-

resenthisfeaturebecausef its varianceperhapseglectingfeaturesvith smallervariance
but morecorrelatedvith theclassificatiorof thedata.

Recallthat LDA assumeshe class-conditionadlistribution of the dataover eachfeature
is normal. Supposehe datadoesnot have this property for instanceif a features data
for oneclassis bimodally distributed andfor anotherclassis normally distributed. This
is the casefor the pixelsin the smiles(which may or may not shav teeth)of hapyy faces
versuspixelsin the mouthsof sadfaces.As LDA chooseghe componentshat separate
the classmeansasmuchaspossiblejt will chooseo offsetthe meansof the bimodaland
normal distributions. This could resultin one of the modesof the bimodal distribution
beingprojectedo nearlythe samevalueasthe meanof the normaldistribution.

Class-ConditionaDistributionsof Features

LA AL

f(xc=1) f(xc=2) g(xjc=1) g(x|c=2)
Figurel: Distributionsof thefeaturesof the synthesnzediata

With thesdimitationsin mind, we synthesized 00trainingand100testsamplesall i.i.d.
Eachsamplehas1000featureswith threepossibledistributions, f (x|c), g(x|c), andh(x|c).
Only thefeatureawith distribution f or g areusefulin classificationThesdalistributionsare
shawvnin Figurel. f(x|c = 1) andg(x|c = 2) arebimodaldistributions,with modes+0.5
andastandardieviationof 1. f(x|c = 2) andg(x|c = 1) arenormaldistribution with mean
0 andstandarddeviation 1. h(x) is uniformally distributedbetweerD and1. 100features
have distribution f, 100 featureshave distribution g, and 800 featureshave distribution
h. The optimal dimensionalityreductiontechniquefor this datasetwould ignoreall 800
featureof distribution h anduseary of thefeaturesof distribution f or g.

Figure2 shavstheprojectionof thedataonthefeaturechoserby SPCA,LDA, andPCA.
When groupingthe datainto three clusters,SPCA put all but two of the featureswith
distribution f in onecluster all but one of the featureswith distribution g in the second
cluster andall therestof thefeaturesn thethird cluster Thusthefirstandsecondorincipal
componentgeneratethy SPCAareusefulin discriminatingthe data,while thethird is not.
SPCAperformsequallywell whenonly two clustersof the featuresarefound.

As hypothesized.DA wasnotableto separat¢hetestdata.lt wasableto find aprojection
to separaté¢hetrainingdata,but this projectionreliedheavily onthefeaturesf distribution
h which arent correlatedwith the classification.Thus,whengeneralizingo the testdata,
LDA fails.

PCA wasdistractedby the 800featuresof distribution h thatwerenot correlatedwith the
classificationandthuswasunableto separatéhetrainingdataor thetestdata.

In fact, SPCA performswell while the othertwo algorithmsfail on datain which the
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Figure2: (a) Projectionof the testdataon the featureschosenby SPCA, 3 clusters(b) 2 clusters
(c) Projectionof the training dataand testdataon the featurechosenby LDA. (d) Projectionof
thetestdataon thetop two PrincipalComponentghoserby PCA. (e) Resultsof SPCA,LDA, and
PCAfollowedby anearesheighborclassifieron classifyingthe syntheticdata,with varyingdistance
betweerthe modesof the bimodaldistributions.

separatiorbetweerthe modesof the bimodaldistribution is small. For separationgreater
than 0.1, SPCAachieves 100% accurag using a nearest-neighbatlassifier No matter
how small the separation L DA and PCA are not able to separatehe data, despitethe
distributionsapproaching normaldistribution, asshavn in Figure3.

Theseexperimentson the syntheticdatasetshav that SPCAIs robustto featureshatare
uncorrelatedvith classificationunlike PCA. They alsoshav that SPCAIs robustto non-
normaldistributionsof thedata,unlike LDA.

3.2 TheEkman and Friesen POFA Database

SPCA, PCA, and LDA were testedon the Ekmanand FriesenDatabaseof Picturesof

Facial Affect (EkmanandFriesen,1976). This datasetincludes14 trainedactorsposing
six expressions:HappinessSadnessiear Anger, Surprise,and Disgust(plus Neutral).
Thereare 110 greyscaleimagesin this dataset, 96 of which are not neutral. Examples
from the EkmanandFriesenPOFA areshavn in Figure3.

An expressiorclassifiermustgeneralizeover identity andconcentrat@nly on the expres-
sionin animage.Thisis particularlydifficult becaus¢hedifferencebetweertheimagesof
two differentactorsposingthe sameexpressioris greaterthanthe differencebetweerthe
sameactorposingtwo differentexpressions As PCA selectghe featuresn the direction
of greatestvariance,thesewill encodemorefor identity thanexpression. A supervised
algorithmwould be ableto find a moreaccurateandconciserepresentatiothatis tailored
to expressiorrecognition.However, PCA significantlyoutperformd_DA, by a mamin of
10%accurag. We hypothesizedhatthis waspartially dueto the limited numberof com-
ponentd DA canextract(6 — 1 = 5). Eventrying differentcriterionfunctionswhich allow
LDA to producemorefeaturesioesnot greatlyimprove LDA’s performance.

ry
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Figure3: (a) Examplecroppedandalignedimagesfrom the POFA databaséb) Examplefull-face
imagedrom the Yale databaséc) Exampleclosely-croppedmagesrom the Yaledatabase

To compareSPCAwith previous experimentsin which PCA and LDA performedwell,
we performedthe imagepreprocessingThe imageswerealignedsothatthe eyesandthe
bottomof thetop row of teethwerein the samepositionfor all imagesandcroppednside
the contoursof theface. Aligning theimagesis necessarpecausd®CA andLDA areex-
tremelysensitve to smalltranslationsn theimages.Croppingtheimagesis necessaryo
avoid confusingPCA with uninformative data lik e the backgroundandhair. Next, theim-
ageswveresubsampledndconvolvedwith Gaborwaveletjets,eachcomposeaf 40 Gabor
filters of five differentscalesandeightdifferentorientationsresultingin a 40,600dimen-
sionalvector Gaborfilters areresponsieto linesandedgesandarebiologically inspired.
Thedifferentorientationsandscalesaid in improving invarianceto smalltranslationsand
rotationsof the data. Finally, the outputsof the Gaborfilters were z-scored(normalized



sothatthe meanintensityvaluefor eachpixel is zeroandthe standardieviation is one).
After preprocessinghe dimensionalityof the datais reducedusingPCA, LDA, or SPCA.
A perceptrons learnedrom imagesof 12 of the actors,andtrainingis stoppedatthe best
performancen a heldoutactor The perceptrons evaluatedonimagesof a novel actor

SPCAonly finds clustersof featureswith high affinity, not necessarilyclusterswhich are
importantto classification.Clustersdiffer in numberof elementsandcorrelationwith the
classification,yet the numberof principal componentsxtractedfrom eachis the same.
Thus, eachclusteris weightedequallyin the outputfeaturesfrom SPCA.For the POFA

dataset,we addedan extra layer of PCAto weightthe principalcomponentextractedby

SPCADby the amountof varianceof the dataprojectedon them. Thus, if k clustersare
foundandn principalcomponentsireextractedfrom eachcluster thenPCA is performed
ontheprojectionof the dataontothekn principalcomponentsxtractedby SPCA.

Thisextralayerprovednecessarwhenusingaperceptrorior classificationasaperceptron
is easilyinfluencedby input variablesthat have small variancein the training data. For
example supposafeaturehasanearlyconstantvaluefor all thetrainingdataandaslightly
highervaluefor onetrainingsampleof classc. Theperceptromwill find thisvariableuseful
in determiningclassc from otherclassesandthus could weightits inputsto classifyan
exampleasclasscif everthevalueof thisvariablediffersfrom themean.If theinconsistent
valuefor this variablefor onetraining sampleis merely noise, thenthe perceptronwill
mistale all testexamplesmth an |ncon3|stent/aluef0r this variableasclassc.
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With anextralayerof PCA added SPCAachieves92.7%accurag on this dataset,com-
paredto 90% accuray achiezed by PCA (using 50 principal components)and 79.3%
accurag achieved by LDA. Theseare the optimal resultsobtainedby SPCA,PCA and
LDA.

SPCAprovedto berelatively insensitve to the numberof clustersandthe numberof prin-
cipal componentsextractedfrom eachcluster Figure 4(a) and (b) shav the resultsof
varyingtheseparametersWhile SPCAperformsbetterwith 30 clustersthan20 clusters,
theclassificatiorerrordifferencds small(only 2%). In addition,using30 clusterspptimal
resultsare obtainedextractingtwo andfour principal componentgrom eachcluster and
extractingthreeprincipalcomponentss only 1% worsein classificatiorerror.

3.3 TheYale Face Database

The Yale Databas€BelhumeurandKriegman,1997) consistsof imagesof 15 actorsun-
der 11 differentconditions,including differentlighting, facial expressionsandocclusion
effects. ldentity recognitionis difficult, particularlyfor PCA, becausehe classifiermust
generalizeoverall thesedistractiongBelhumeutetal., 1996). This datasetwasusedin the
first papemroposing_DA insteadof PCAfor dimensionalityreductionin facerecognition
tasks.Thus,LDA performsextremelywell onthe datasetwhile PCA performspoorly.

Two experimentsvereperformedonein which theimageswerecroppedoutsidethe face
contour(full-faceimages)andonein which theimageswerecroppednsidethe facecon-
tour (closely-croppedmages) Exampleof eachareshavnin Figure3. Thepreprocessing
of the Yale databasevassthe sameasthatof the POFA databaséaligning,cropping,Ga-



borfiltering, andz-scoring).After preprocessinghedimensionalityof the datais reduced
using PCA, LDA, or SPCA.A perceptronis trainedby packpropagatioon 164 of the
samplesandtestedon anovel image.

SPCAachieres100%accurag on thefull-f acesamplescomparedo LDA which obtains
99.4% classificationaccurag and PCA which obtains10% classificationaccurag. On
the closely-croppedamples DA outperformsSPCA.LDA achieres97% classification
accurag, comparedio SPCAwith 94.6% accuray and PCA with 76.4%accurag. A
comparisorof the effectsof theparameterfor SPCAis shavn in Figure4(c)and(d).

4 Discussion

SPCAusesa supervisedneasureof similarity to clusterthe featuresinto groupsof high
intra-clusteraffinity andlow inter-clusteraffinity. It extractsa small numberof principal
componentgrom eachclusterto representhe data. Experimentallywe have shovn that
thesuperviseaneasuref similarity allows SPCAto distinguishfeatureghatarecorrelated
with theclassificatiorfrom thosethatarenot. Becausef this, SPCAoutperformsPCAin
all experimentsWe have alsoshavn thatwhentheassumptionsnadeby LDA donothold,
LDA performsvery poorly. In thesecaseswe have experimentallyshovn that because
the assumptionsnadeby the similarity measuraisedby SPCAaresmallandreasonable,
SPCAoutperformd.DA. In addition,we hypothesizehatadditionalexperimentatiorwill
non-aligneddatabasewill shav that SPCAis morerobustthan PCA andLDA to small
translationsandrotationsin theimages.

As statedearlier SPCAIs actuallya versatileframenork of algorithms.In the future,we
hopeto experimentwith otherinstantiationsjncluding differentmethodsof representing
thefeaturef eachcluster Insteadf selectingrom thelinearcombination®f thefeatures
in a cluster we couldselectdirectly from thefeaturesin the cluster This would be useful
in applicationge.g. medicalapplications)n which featureselectionis desiredandlinear
combination®f featuresareuseless.

Finally, we believe thatthe distancemeasurehosenfor SPCAcould be appliedto LDA.
In suchanalgorithm,the datawould be projectedontothe featurespacavhich maximizes
the Chi-squaredlistancebetweerthe distributionsof the dataof eachclassandminimizes
the Chi-squaredlistanceof the distributionswithin eachclass.
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