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Abstract

Imagenormalizationreferstoeliminatingimagevariations(suchasnoise,
illumination,or occlusion)thatarerelatedto conditionsof imageacquisition
andareirrelevant to object identity. Imagenormalizationcanbe usedasa
preprocessingstageto assistcomputeror humanobjectperception.In this
paper, a class-basedimagenormalizationmethodis proposed. Objectsin
thismethodarerepresentedin thePCAbasis,andmutualinformationis used
to identify irrelevantprincipalcomponents.Thesecomponentsarethendis-
cardedto obtain a normalizedimagewhich is not affectedby the speci�c
conditionsof imageacquisition.Themethodis demonstratedto producevi-
sually pleasingresultsand to improve signi�cantly the accuracy of known
recognitionalgorithms.

Theuseof mutualinformationis asigni�cant advantageoverthestandard
methodof discardingcomponentsaccordingto theeigenvalues,sinceeigen-
valuescorrespondto varianceand have no direct relation to the relevance
of componentsto representation.An additionaladvantageof the proposed
algorithm is that many typesof imagevariationsare handledin a uni�ed
framework.

1 Intr oduction

Imagenormalizationrefersto eliminatingimagevariations(suchasnoise,illumination,
or occlusion)thatarerelatedto conditionsof imageacquisitionandareirrelevantto ob-
ject identity. The goal is to obtaina standardimagewith no artifactsarising from the
speci�c conditionsin which a particular imagewas taken. For example, illumination
shouldbeneutral,andnonoiseshouldbepresent.Two typesof variationsandthedesired
normalizationresultsareshown in Figures1, 3.

Theneedfor imagenormalizationarisesfor several reasons.First, imagevariations
describedaboveseverelyinterferewith taskssuchasobjectrecognition(e.g.[1]); image
normalizationcanthereforebe a usefulpreprocessingstagefor thesetasks.In addition,
imagenormalizationcanbe usedto facilitatehumanobjectperception,for example,to
assistrecognition.
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In this paper, we presenta techniquefor class-basedimagenormalization. In our
scheme,objectsarerepresentedin thebasisof principalcomponents.Mutual information
is usedto identify irrelevant components.Thesecomponentsarediscardedto obtaina
normalizedimagewhich is notaffectedby irrelevantvariations.Mutual informationpro-
videsaprincipledwayto evaluatetherelevanceof aparticularcomponentto therepresen-
tation, in contrastto eigenvaluesusedby the previousschemes.Eigenvaluesdetermine
theamountof varianceaccountedfor by eachcomponent,andhave no direct relationto
therelevanceof thecomponentto representation.

The remainderof this paperis organizedas follows. In the next section,relevant
previousapproachesto imagenormalizationarereviewed. In section3, we describethe
proposednormalizationschemein moredetail.Experimentalevaluationof theschemeis
presentedin section4. Themethodis demonstratedto producevisuallypleasingnormal-
ized imagesandto improve signi�cantly theaccuracy of recognition.Theseresultsand
futuredirectionsarediscussedin section5.

2 Existing normalization methods

Principalcomponentanalysis(PCA) is frequentlyappliedto variousimageprocessing
tasks. However, its usehasbeenbasedon empiricalobservationsrelatedto the magni-
tudeof the eigenvalues. This magnitudecorrespondsto the varianceaccountedfor by
thecorrespondingcomponent.For example,a commontechniquefor eliminatingsmall
randomnoiseis to discardprincipalcomponentswith smallesteigenvalues.Eliminating
threecomponentswith largesteigenvalueshasbeenused(e.g.[4]) to handleillumination
variations. This methodhasbeentheoreticallyjusti�ed in [18] for the caseof images
uniformly sampledfrom theviewing sphere.However, in general,eigenvaluesneednot
correspondto therelevanceof thecorrespondingcomponentsto representation.For ex-
ample,if thevarianceof noiseis largerthanthevarianceof somesigni�cant components,
thesecomponentswill beremovedalongwith thenoise.Samplingof illumination direc-
tions is unlikely to beuniform, andin this situationtop threeeigenvalueswill no longer
correspondto illumination (seesection4.2). In contrast,mutualinformationprovidedby
eachcomponentis aprincipledmeasureof its relevanceto therepresentation.

Two importantsourcesof imagevariabilityarerandomnoiseandillumination. Below,
algorithmsspecializedto handlingeitherof thesetasksarereviewed.

2.1 Randomnoise

A standardnoisereductiontechniqueis �ltering by mean,Gaussian,or median�lters
[13]. Additional popularmethodsinclude the useof partial differential equations[8]
or variationaltechniques[7]. Independentcomponentsof thedataarefoundin [12], and
componentswith smallvariancearediscarded.A disadvantagecommonto theapproaches
above is that they canonly handlerelatively smallnoiselevels. Whenthemagnitudeof
noiseis comparableto themagnitudeof salientfeaturesin theimage,thesemethodswill
removemeaningfulimagepartsalongwith thenoise.



2.2 Illumination

Humansperceive patchesof similar brightnessassimilar despitesigni�cant changesin
illumination level. Severalalgorithms[14, 9] mimic thishumanability (calledbrightness
constrancy). However, thesealgorithmscannotfully overcomechangesin illumination
direction.

Fischer's lineardiscriminant(FLD) is a generalmethodto identify a setof directions
thatbestseparatethegivenclasses.It hasbeenusedfor facerecognitionacrosschanges
in illumination [4, 27]. A drawbackof this techniqueis that for c classes,it identi�es
at mostc W 1 directions.Whenthis numberis insuf�cient, alternative methodsmustbe
employed to �nd the remainingdirectionsand determinetheir relevance. In addition,
FLD performspoorly whenimageshouldbe reconstructedafter removing illumination
effects. The reasonis that imagepixels that arehighly in�uenced by illumination are
deemphasizedby FLD so that they do not affect recognition. As a result, illumination
effectsarenot removedfrom thesepixelsuponreconstruction,which producesvisually
disturbingartifacts.Our experimentscon�rmed thatFLD is not ableto achieve visually
pleasingreconstructionwhile reducingilluminationeffects.

UnderthecommonlyusedLambertianre�ectancemodel,theeffectsof illumination
arelinear, with clampingat shadowedpoints.This allows to synthesizeimagesof anob-
jectunderarbitraryilluminationby linearor convex combinationsof severalbasisimages
of thesameobject. A drawbackof this approachis thenecessityto have several images
of eachobject, taken in controlledconditions,to bootstrapthe synthesis.For example,
algorithmsthatuseilluminationcone[3, 6, 11, 16] requirethreeimageswithoutshadows
perobject. In addition,thecomputationsin illumination conearetime-consuming.The
quotientimagemethod[19, 24] usesclass-basedknowledgeto performsynthesisfrom
a singlenovel image;however, threeimagesperobjectarestill requiredfor training. In
addition,the illumination in training imagesshouldbe thesamefor all objects.Similar
constraintsarepresentin [21, 23, 20, 17, 2, 10, 25]. In contrast,the schemeproposed
below canhandleuncontrolledtrainingdatabaseswith a singleimagein randomillumi-
nationperobject.

Forbilaterallysymmetricobjectssuchasfaces,theconstraintof havingmultipletrain-
ing imagescanbe relaxed [26] by re�ecting eachimagehorizontallyandusingthis re-
�ection asanadditionaltrainingimage.However, themethodis not robust,andtheuseof
a 3D facemodelis necessaryto achieve reasonablereconstruction[26]. In addition,this
methoddoesnotapplyto moregeneral,non-symmetricobjects.

3 Imagenormalization by mutual information

In this section,the proposedschemeof imagenormalizationby mutual information is
described.Theschemeconsistsof calculatingthebasisof principalcomponentsfor the
given setof imagesanddiscardingthe uninformative components.Thesestepsarede-
tailednext.

Weassumethataset X Ik Y

N
kZ 1 of N trainingimagesis given.In addition,classlabelfor

eachimageshouldbeprovidedby a classvariableCk suchthatCk [

c if imagek belongs
to classc. For example,theimagesmaydepicthumanfaces,andthelabelsmayrepresent
theidentity of thepersonin theimage.

Principalcomponentsarecalculatedby performingsingularvaluedecompositionof
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dimensiond, whered is thenumberof pixels. N W 1 principalcomponentswill usually
beobtained;theseN W 1 componentstogetherwith themeanimagemspantheoriginalN
images.

Eachprincipal componentrepresentssomeimagefeature. Someof thesefeatures
pertainto the objectsdepictedin the images,andothersrepresentirrelevant sourcesof
imagevariability. It is naturalto usemutual information [5] to estimatethe relevance
of a particularfeatureto the object. The intuition is that a relevant featurewill provide
informationabouttheobject'sidentityandwill havehighmutualinformation.In contrast,
anirrelevantfeaturewill beindependentof theobject's identityandwill have low mutual
information.

To calculatemutualinformationof agivenfeatureF, thejoint probabilitydistribution
of classlabelandfeaturestrength,p a C

[

c b F
[

f c , hasto beestimated.Thestrengthof
a featurein an imageis measuredby theprojectionof theimageontothecorresponding
principalcomponent.Denotingthe imageby X andtheprincipalcomponentthatcorre-
spondsto featureF by PF , theprojectionis d X b PF e

[

PT
F X. This is a continuousvalue,

andthereforep a C
[
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[

f c is a continuousprobabilitydensityfunction. In principle,
p a C

[
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[

f c canbeestimatedfrom thetrainingimagesandmutualinformationcanbe
calculatedfrom it. However, estimatinga continuousfunctionis likely to requirea large
numberof trainingexamples.To reducetherequiredamountof trainingdata,adiscretiza-
tion of the valuesF assumescanbe introduced.In the experimentsdescribedbelow, a
thresholdwasusedto make featuresbinary. The valueof the featureF wasset to 1 if

d X b PF e)f

qF andto 0 otherwise.Theresultingdiscretedistribution p a C
[
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[

f c can
beestimatedreliablyfrom areasonablenumberof trainingexamples.Mutual information
canbeexpressedin termsof this distributionasfollows:
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whereK is the numberof classes.Note that this expressionimplicitly dependson the
thresholdqF becausethe0/1 valuethe featureassumesis determinedby qF . Therefore,
it is naturalto selectthethresholdqF for thefeatureF thatmaximizesthefeature's mu-
tual information: qF

[

argmaxq Iq a C;F c . In the experimentsdescribedbelow, optimal
thresholdswereselectedautomaticallyin this manner.

After themutualinformationfor eachprincipalcomponentiscomputed,non-informative
componentscanbediscardedto achievenormalization.Theresultsof this normalization
by mutualinformationareshow in thenext section.

4 Experiments

TheAR database[15] of faceimageswasusedin ourexperiments.A subsetof 83subjects
photographedwithout eyeglasseswasselected.The imagesweremanuallyalignedand
the centralfaceregion was cropped. The resultingcroppedimageswere convertedto
grayscaleandthesizewasreducedto 90 g 90 pixels. Examplesareshown in Figures1,
3. Severalexperimentswith differentkindsof normalizationaresummarizedbelow.
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Figure1: Gaussiannoiseexperiment.In (a): mutualinformationof principalcomponents.
Horizontalaxis: componentindex; vertical axis: mutual information. The components
weresortedby decreasingmutualinformation.In (b), left to right: original image,image
corruptedby Gaussiannoise,normalizedimage.In (c): a magni�ed detailof (b).

4.1 Gaussiannoise

For this experiment,original imageswerecorruptedby additive Gaussiannoiseof mean
zero and standarddeviation 8 (intensity valuesof the imagesrangedfrom 0 to 255).
An exampleis shown in Figure1. Five differentnoisysampleswerecreatedfrom each
original image,resultingin 415images.414principalcomponentswerecalculatedfrom
these415 noisy samples. Mutual information of eachcomponentis shown in Figure
1(a).As canbeseen,a largedropin mutualinformation(de�ned as a Ik W Ikh 1 c�i Ik, where
Ik is the mutual informationof the k' th component)occursat 82'nd component1. This
suggestsa naturalnumberof principalcomponentsto retain. Therefore,components83
andbeyond werediscarded,andnoisy sampleswere reconstructedfrom 82 remaining
components.Theresultsof thereconstructionareshown in Figure1.

In addition,performanceonarecognitiontaskwasevaluatedbeforeandafternormal-
ization. The standardalgorithmof recognitionby PCA [22] wasappliedto normalized
images. For comparison,performancewasalso evaluatedusingnon-normalizednoisy
images.In addition,thestandardmethodof discardingprincipalcomponentswith small-
esteigenvalueswas tested;we refer to this methodas `normalizationby eigenvalues'.
Thenumberof discardedcomponentswasthesameasin normalizationby mutualinfor-
mation. The performanceof the threemethodsis summarizedin the �rst row of Table
1. As canbe seen,Gaussiannoiseis a relatively simplecaseof imagecorruption,and
canbe handledby standardtechniques.However, this exampleillustratesthat the pro-
posedmethodcanhandlemany typesof imagevariability in a singleframework. More
challengingexamplesaredescribednext.

4.2 Illumination: four samples

Faceimagestakenwith eitherleft or right �ash on (Figure3(a))wereusedin this exper-
iment. Four samplespersubject(two with right �ash andtwo with left �ash) wereused,
resultingin 332 images.331 principal componentswerecalculatedfrom theseimages,
anduninformative componentswerediscarded.The componentsto discardwereagain

1The reasonthat 82 informative componentsarepresentis that these82 componentsandthe meanimage
roughlyspantheoriginal83 facesusedfor thisexperiment.Theremainingcomponentsrepresentrandomnoise
andareuninformative.



Original MI Eigenvalues
Gaussiannoise 100 100 100
Illumination 12 99 12
Occlusion 14 71 14

Table1: Recognitionaccuracy (in %) on original images(�rst column),on imagesnor-
malizedby mutual information(secondcolumn),andon imagesnormalizedby eigen-
values(third column). First row: Gaussiannoise;secondrow: illumination; third row:
occlusion.

Figure2: Principalcomponentcorrespondingto illumination. Fromleft to right: images
obtainedby addingprogressively largermultiplesof thecomponentto themeanimage.

determinedby the locationof the largestdrop in mutualinformation. Only oneuninfor-
mative componentwasfound in this experiment.This componentis shown in Figure2.
(Threecomponentscorrespondingto illumination arepredictedin [18]; the reasonthis
predictionis violatedis thatilluminationdirectionsarenotsampleduniformly in thedata
setusedfor this experiment.) Original imageswere reconstructedfrom the remaining
components.Theresultsof thereconstructionareshown in Figure3(b). As canbeseen,
theproposedmethodcaneffectively remove illumination effectsto obtainanimagewith
neutralillumination.

Conceivably, asimplerwayto removeilluminationeffectscouldbeto computeaPCA
basisof neutrallyilluminatedimages(like theleftmostimagein Figure1(b)) andproject
the imageswith �ash (Figure 3(a)) onto this basis. However, sinceneutralimagesdo
not incorporateinformationaboutthestructureof illumination,projectionsof differently
illuminatedimageswill besigni�cantly affected,andreasonablyaccuratereconstruction
will be impossible.Our experimentscon�rmed that reconstructionquality achieved by
this methodis notacceptable.(Resultsarenot shown dueto disturbingvisualartifacts.)

As before,performanceon a recognitiontaskwasevaluatedbeforeandafternormal-

(a)Original (b) Normalized

Figure3: Illumination experimentwith four samplesperface.(a): original, (b): normal-
izedimages.
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Figure4: Illumination experimentwith a singlesampleper face. (a): original (left) and
normalized(right) images.(b): sameas(a) for a differentface.

ization andis summarizedin Table1 (secondrow). As canbe seen,selectingprincipal
componentsby mutualinformationratherthanby eigenvaluesigni�cantly improvesthe
results.Thetechniqueof eliminatingthreeprincipalcomponentswith largesteigenvalues
[4] wasalsoevaluated.Theaccuracy achievedby this techniquewas90%. The perfor-
manceis poorerbecauseonly onecomponentresponsiblefor illumination waspresent
in the dataset; asa result, two useful componentshave beenremoved alongwith the
irrelevantone. Thereasonis thateigenvaluescannotdiscriminatebetweenrelevantand
irrelevantcomponents.In contrast,theexactnumberof irrelevantcomponentshasbeen
identi�ed by mutual information,andbetterperformance(99%, Table1) hasbeenob-
tained.

A numberof alternativealgorithmsdescribedin section2 (e.g.[19]) canobtainillumination-
normalizedimages(asin Figure3(b)) whenmultiple samplesof eachfaceareavailable.
Next, we describehow similar resultscanbe obtainedby the proposedalgorithmfrom
only a singlesampleperface.

4.3 Illumination: singlesample

In this experiment,imagesweresimilar to thosedescribedin section4.2 (Figure3(a)),
exceptthatonly a singlesampleper facewasused(eitherleft or right �ash chosenran-
domly). Sinceeachfaceappearedin thedatasetwith only oneillumination(eitherleft or
right), a dependencebetweenillumination andfacial identity waspresent.For example,
left illumination directionwascompatiblewith only half of the subjectsin thedataset.
As aresult,mutualinformationbetweenilluminationandfacialidentitywasnotzero,and
themethodof rejectinguninformativecomponentsusedin theprevioussectionwouldfail.
Therefore,imagesweregroupedby illumination directionratherthanby facial identity.
Notethat this groupingcanbeperformedreliably in anunsupervisedmannerevenwhen
theilluminationdirectionis not labeled[1, 11]. Themutualinformationof eachprincipal
componentwith illumination directionwascalculated,andthecomponentswith largest
mutual informationwerediscarded.The intuition is that relevant componentsdescribe
facialfeaturesandwill beindependentof illuminationdirection,with mutualinformation
nearzero. As in section4.2, only oneprincipalcomponentresponsiblefor illumination
wasidenti�ed. This componentwasdiscarded,andoriginal imageswerereconstructed
from theremainingcomponents.Theresultsof thereconstructionareshown in Figure4.
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Figure5: Occlusionexperiment.(a): original images.(b): normalizedscarfimage.

4.4 Occlusion

Neutralfaceimagesandimagesoccludedby a scarf(Figure5(a)) wereusedin this ex-
periment.Two neutralandtwo occludedsampleswereusedfor eachface.Uninformative
componentsweredeterminedby the locationof the largestdrop in mutual information
anddiscarded.Only oneuninformative componentwasfound in this experiment.Orig-
inal imageswerereconstructedfrom the remainingcomponents.Reconstructionresults
areshown in Figure5(b). As canbeseen,theocclusionwasnotremovedcompletely. This
is dueto the fact thatocclusionin�uencesthe imagein a highly non-linearmannerand
thereforeis nothandledwell by alinearmethodlikePCA.Nevertheless,performanceona
recognitiontaskis still improvedconsiderablyafternormalizationby mutualinformation
(Table1, third row).

5 Discussion

A methodof imagenormalizationby mutualinformationwasdescribed.Themethoduses
mutualinformationto identify principalcomponentsthatareirrelevantto therepresenta-
tion andretainsonly relevantcomponents.The useof mutualinformationto determine
relevanceof thecomponentspossessessigni�cant advantagesover thestandardmethod
of usingeigenvaluesfor this purpose,sinceeigenvaluescorrespondto varianceandhave
nodirectrelationto therelevanceof thecomponents.

Themethodwasdemonstratedto producevisuallypleasingnormalizationresultsand
to improvesigni�cantly theaccuracy of recognitionacrossa rangeof variability sources,
suchasnoise,illumination,andocclusion.Althoughsomeof thesecouldbehandledby
alternative methods,an additionaladvantageof the proposedalgorithmis that it allows
handlingmany typesof imagevariationsin a uni�ed framework.

Notethatalthoughexperimentswereperformedusingfaceimages,themethoditself is
not limited to faces.Successfulapplicationsof PCA andsimilar techniquesto additional
objectclassesaredescribede.g.in [21].

Theexperimentsdescribedabovewereperformedusingthedirect(pixel-based)image
representation.Additional imagerepresentations,suchaswarp maps[23, 21], may be
moresuitableto handleimagevariationsresultingfrom 3D rotationsor non-rigidmotions,
suchasfacialexpressions.Exploringtheserepresentationsis asubjectof futureresearch.



References

[1] Y. Adini, Y. Moses,andS.Ullman. Facerecognition:theproblemof compensating
for changesin illumination direction. IEEE Transactionson Pattern Analysisand
MachineIntelligence, 19:721–732,1997.

[2] R. Basri and D. W. Jacobs. Photometricstereowith general,unknown lighting.
In Proceedingsof IEEE Conferenceon ComputerVision andPattern Recognition,
pages374–381,2001.

[3] P. N. BelhumeurandD. J. Kriegman.What is thesetof imagesof anobjectunder
all possiblelighting conditions? In Proceedingsof IEEE Conferenceon Computer
VisionandPatternRecognition, pages270–277,1996.

[4] PeterN. Belhumeur, JoaoHespanha,andDavid J. Kriegman. Eigenfacesvs. �sh-
erfaces:Recognitionusingclassspeci�c linear projection. In Proceedingsof the
EuropeanConferenceonComputerVision, pages45–58,1996.

[5] ThomasM. Cover andJoy A. Thomas. Elementsof InformationTheory. Wiley,
1991.

[6] A. Georghiades,P. Belhumeur, andD. Kriegman. From few to many: Generative
modelsfor recognitionundervariableposeand illumination. In IEEE Conf. on
AutomaticFaceandGesture Recognition, pages277–284,2000.

[7] Guy Gilboa, Nir Sochen,andYehoshuaY. Zeevi. Texture preservingvariational
denoisingusinganadaptive �delity term. In Proc.VLSM, 2003.

[8] Guy Gilboa,Nir Sochen,andYehoshuaY. Zeevi. Imageenhancementanddenois-
ing by complex diffusion processes.IEEE Transactionson Pattern Analysisand
MachineIntelligence, 2004.

[9] RalphGrossandVladimir Brajovic. An imagepreprocessingalgorithmfor illumi-
nation invariant facerecognition. In 4th InternationalConferenceon Audio- and
Video-BasedBiometricPersonAuthentication(AVBPA). Springer, June2003.

[10] P. W. Hallinan.A low-dimensionalrepresentationof humanfacesfor arbitrarylight-
ing conditions.In Proceedingsof IEEEConferenceonComputerVisionandPattern
Recognition, pages995–999,1994.

[11] Jeffrey Ho, Ming-HsuanYang,JongWoo Lim, Kuang-ChihLee,andDavid Krieg-
man. Clusteringappearancesof objectsundervarying illumination conditions. In
Proceedingsof IEEE Conferenceon ComputerVision and Pattern Recognition,
pages11–18,2003.

[12] A. Hyvarinen,P. O.Hoyer, andE.Oja. Sparsecodeshrinkage:Denoisingby nonlin-
earmaximumlikelihoodestimation.In Advancesin Neural InformationProcessing
Systems, pages473–479,1998.

[13] RameshJain,RangacharKasturi,andBrianG. Schunck.MachineVision. McGraw-
Hill, 1995.



[14] D. J.Jobson,Z. Rahman,andG. A. Woodell. A multi-scaleretinex for bridgingthe
gapbetweencolor imagesandthehumanobservationof scenes.IEEETransactions
on ImageProcessing:SpecialIssueonColor Processing, 1997.

[15] A. M. MartinezandR. Benavente. The AR facedatabase.TechnicalReport24,
CVC, 1998.

[16] M. Osadchyand D. Keren. Detectionundervariation of poseand illumination.
ComputerVisionandImageUnderstanding. To appear.

[17] M. Osadchy, M. Lindenbaum,andD. W. Jacobs.Whiteningfor photometriccompar-
isonof smoothsurfaces.In Proceedingsof theEuropeanConferenceon Computer
Vision, 2004.To appear.

[18] Ravi Ramamoorthi.Analytic PCA constructionfor theoreticalanalysisof lighting
variability, including attachedshadows, in a singleimageof a convex Lambertian
object. IEEE Transactionson Pattern Analysisand Machine Intelligence, pages
1322–1333,2002.

[19] A. ShashuaandT. Riklin-Raviv. Thequotientimage:Classbasedre-renderingand
recognitionwith varyingilluminations. IEEE TransactionsonPatternAnalysisand
MachineIntelligence, 23(2):129–139,2001.

[20] TerenceSim andTakeoKanade.Illuminating theface.TechnicalReportCMU-RI-
TR-01-31,RoboticsInstitute,Carnegie Mellon University, Pittsburgh,PA, Septem-
ber2001.

[21] JoshuaB. TenenbaumandWilliam T. Freeman.Separatingstyleandcontentwith
bilinearmodels.Neural Computation, 12(6):1247–1283, 2000.

[22] M. Turk andA. Pentland.Eigenfacesfor recognition.Journal of CognitiveNeuro-
science, 3(1):71–86,1991.

[23] ThomasVetterandTomasoPoggio.Linearobjectclassesandimagesynthesisfrom
asingleexampleimage.IEEETransactionsonPatternAnalysisandMachineIntel-
ligence, 19(7):733–742,1997.

[24] HaitaoWang,StanZ. Li, YangshengWang,andWeiwei Zhang. Illumination mod-
eling andnormalizationfor facerecognition. In IEEE InternationalWorkshopon
AnalysisandModelingof FacesandGestures, 2003.

[25] L. ZhaoandY. H. Yang. Theoreticalanalysisof illumination in PCA-basedvision
systems.PatternRecognition, 32(4):547–564,1999.

[26] W. ZhaoandR. Chellappa.Symmetricshape-from-shadingusingself-ratioimage.
InternationalJournalof ComputerVision, 45:55–75,2001.

[27] W. Zhao,A. Krishnaswamy, R. Chellappa,D. Swets,andJ. Weng. Discriminant
analysisof principalcomponentsfor facerecognition.In H. Wechsler, P.J.Phillips,
V. Bruce,F. F. Soulie,andT. S.Huang,editors,FaceRecognition: FromTheoryto
Applications, pages73–85.Springer-Verlag,1998.


