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Abstract

Imagenormalizatiorrefersto eliminatingimagevariationgsuchasnoise,
illumination, or occlusion}thatarerelatedto conditionsof imageacquisition
andareirrelevantto objectidentity. Imagenormalizationcanbe usedasa
preprocessingtageto assistcomputeror humanobjectperception.In this
paper a class-basedmage normalizationmethodis proposed. Objectsin
thismethodarerepresenteth the PCA basis,andmutualinformationis used
to identify irrelevant principal componentsThesecomponentarethendis-
cardedto obtaina normalizedimagewhich is not affectedby the specic
conditionsof imageacquisition.The methodis demonstratetb producevi-
sually pleasingresultsandto improve signi cantly the accurag of known
recognitionalgorithms.

Theuseof mutualinformationis asigni cant advantageoverthestandard
methodof discardingcomponentsccordingto the eigervalues sinceeigen-
valuescorrespondo varianceand have no direct relationto the relevance
of componentgo representation An additionaladvantageof the proposed
algorithmis that mary typesof image variationsare handledin a uni ed
framework.

1 Intr oduction

Imagenormalizationrefersto eliminatingimagevariations(suchasnoise,illumination,
or occlusion)thatarerelatedto conditionsof imageacquisitionandareirrelevantto ob-
ject identity. The goalis to obtaina standardmagewith no artifactsarising from the
speci ¢ conditionsin which a particularimagewas taken. For example, illumination
shouldbe neutral,andno noiseshouldbe present Two typesof variationsandthedesired
normalizatiorresultsareshawvn in Figuresl, 3.

The needfor imagenormalizationarisesfor several reasons First, imagevariations
describedabove severelyinterferewith taskssuchasobjectrecognition(e.g.[1]); image
normalizationcanthereforebe a usefulpreprocessingtagefor thesetasks. In addition,
imagenormalizationcanbe usedto facilitate humanobjectperceptionfor example,to
assistrecognition.




In this paper we presenta techniquefor class-basedmagenormalization. In our
schemeobjectsarerepresenteih thebasisof principalcomponentsMutual information
is usedto identify irrelevant components.Thesecomponentsre discardedo obtaina
normalizedmagewhich s not affectedby irrelevantvariations.Mutual informationpro-
videsa principledwayto evaluatetherelevanceof aparticularcomponento therepresen-
tation, in contrastto eigervaluesusedby the previous schemes Eigervaluesdetermine
the amountof varianceaccountedor by eachcomponentandhave no directrelationto
therelevanceof thecomponento representation.

The remainderof this paperis organizedas follows. In the next section,relevant
previous approacheso imagenormalizationarereviewed. In section3, we describethe
proposechormalizationscheman moredetail. Experimentakvaluationof the schemas
presentedn sectiond. The methodis demonstratetb producevisually pleasingnormal-
izedimagesandto improve signi cantly the accuray of recognition. Theseresultsand
futuredirectionsarediscussedn sectionb.

2 [Existing normalization methods

Principal componentanalysis(PCA) is frequentlyappliedto variousimage processing
tasks. However, its usehasbheenbasedon empirical obsenationsrelatedto the magni-
tude of the eigervalues. This magnitudecorrespondso the varianceaccountedor by
the correspondingomponent.For example,a commontechniquefor eliminatingsmall
randomnoiseis to discardprincipal componentsvith smallesteigervalues.Eliminating
threecomponentsvith largesteigervalueshasbeenused(e.g.[4]) to handleillumination
variations. This methodhasbeentheoreticallyjusti ed in [18] for the caseof images
uniformly sampledrom the viewing sphere.However, in general eigervaluesneednot
correspondo the relevanceof the correspondingomponentso representationfor ex-
ample,if thevarianceof noiseis largerthanthevarianceof somesigni cant components,
thesecomponentsvill beremoredalongwith the noise. Samplingof illumination direc-
tionsis unlikely to be uniform, andin this situationtop threeeigervalueswill no longer
correspondo illumination (seesection4.2). In contrastmutualinformationprovidedby
eachcomponents a principledmeasuref its relevanceto therepresentation.

Two importantsource®f imagevariability arerandomnoiseandillumination. Below,
algorithmsspecializedo handlingeitherof thesetasksarereviewed.

2.1 Randomnoise

A standardnoisereductiontechniqueis Itering by mean,Gaussianpr median lters
[13]. Additional popularmethodsinclude the use of partial differential equations[8]
or variationaltechniqueg7]. Independentomponent®f thedataarefoundin [12], and
componentsvith smallvariancearediscardedA disadantageeommonto theapproaches
aboveis thatthey canonly handlerelatively small noiselevels. Whenthe magnitudeof
noiseis comparabldo the magnitudeof salientfeaturesn theimage,thesemethodswill
remove meaningfulimagepartsalongwith the noise.



2.2 lllumination

Humansperceve patchesof similar brightnessas similar despitesigni cant changesn
illuminationlevel. Severalalgorithms[14, 9] mimic this humanability (calledbrightness
constrang). However, thesealgorithmscannotfully overcomechangesn illumination
direction.

Fischerslineardiscriminant(FLD) is a generaimethodto identify a setof directions
thatbestseparatéhe givenclasseslt hasbeenusedfor facerecognitionacrosschanges
in illumination [4, 27]. A drawbackof this techniqueis thatfor c classesijt identi es
atmostc 1 directions. Whenthis numberis insufcient, alternatve methodsmustbe
emplojedto nd the remainingdirectionsand determinetheir relevance. In addition,
FLD performspoorly whenimageshouldbe reconstructedifter removing illumination
effects. The reasonis that image pixels that are highly in uenced by illumination are
deemphasizetly FLD sothatthey do not affect recognition. As a result, illumination
effectsare not removed from thesepixels uponreconstructionwhich producesvisually
disturbingartifacts. Our experimentscon rmed that FLD is not ableto achieve visually
pleasingreconstructiorwhile reducingillumination effects.

Underthe commonlyusedLambertianre ectancemodel,the effectsof illumination
arelinear, with clampingat shadeved points. This allows to synthesizémagesof anob-
jectunderarbitraryillumination by linearor corvex combination®f severalbasisimages
of the sameobject. A dravbackof this approachs the necessityto have severalimages
of eachobject,takenin controlledconditions,to bootstrapthe synthesis.For example,
algorithmsthatuseillumination cone[3, 6, 11, 16] requirethreeimageswithout shadevs
perobject. In addition,the computationsn illumination conearetime-consuming.The
guotientimagemethod[19, 24] usesclass-baset#tnowledgeto performsynthesisrom
asinglenovel image;however, threeimagesper objectarestill requiredfor training. In
addition,the illumination in trainingimagesshouldbe the samefor all objects. Similar
constraintsare presentin [21, 23, 20, 17, 2, 10, 25]. In contrast,the schemeproposed
belon canhandleuncontrolledtraining databasewith a singleimagein randomillumi-
nationperobject.

For bilaterallysymmetricobjectssuchasfacestheconstrainof having multiple train-
ing imagescanbe relaxed [26] by re ecting eachimagehorizontallyand usingthis re-
ection asanadditionaltrainingimage.However, themethodis notrobust,andthe useof
a 3D facemodelis necessaryo achiese reasonableeconstructiof26]. In addition,this
methoddoesnot applyto moregeneralpon-symmetriobjects.

3 Image normalization by mutual information

In this section,the proposedschemeof image normalizationby mutualinformationis
described.The schemeconsistsof calculatingthe basisof principal componentgor the
given setof imagesand discardingthe uninformative components.Thesestepsare de-
tailednext.

We assumehataset I, } , of N trainingimagess given. In addition,classlabelfor
eachimageshouldbe providedby aclassvariableC, suchthatC,  cif imagek belongs
to classc. For example theimageanaydepicthumanfacesandthelabelsmayrepresent
theidentity of the personin theimage.

Principalcomponentsre calculatedby performingsingularvalue decompositiorof



thematrixM 1, Iy thatconsistsof centeredrainingimages:l, I, m(herem
is the meanimage: m %éklk). The imageshereare regardedas column vectorsof
dimensiond, whered is the numberof pixels. N 1 principal componentsvill usually
beobtainedtheseN 1 componentsogethemwith themeanimagemspanthe original N
images.

Eachprincipal componentrepresentsomeimagefeature. Someof thesefeatures
pertainto the objectsdepictedin the images,and othersrepresentrrelevant sourcesof
imagevariability. It is naturalto usemutualinformation[5] to estimatethe relevance
of a particularfeatureto the object. Theintuition is that a relevant featurewill provide
informationabouttheobject'sidentityandwill have highmutualinformation.In contrast,
anirrelevantfeaturewill beindependenof the object'sidentity andwill have low mutual
information.

To calculatemutualinformationof a givenfeatureF, thejoint probabilitydistribution
of classlabelandfeaturestrengthp C ¢ F f | hasto beestimated.The strengthof
afeaturein animageis measuredby the projectionof theimageontothe corresponding
principal component.Denotingtheimageby X andthe principal componenthatcorre-
spondsto featureF by Pr, the projectionis X Pe P X. Thisis a continuousvalue,
andthereforep C c F f isacontinuougprobability densityfunction. In principle,
pC cF f canbeestimatedrom thetrainingimagesandmutualinformationcanbe
calculatedrom it. However, estimatinga continuoudunctionis likely to requirealarge
numberof trainingexamples.To reducetherequiredamountof trainingdata,adiscretiza-
tion of the valuesF assumeganbe introduced. In the experimentsdescribedelow, a
thresholdwasusedto make featuresbinary. The value of the featureF wassetto 1 if

X P= g andto O otherwise.Theresultingdiscretedistributonp C ¢ F f can
beestimatedeliably from areasonableumberof trainingexamples Mutualinformation
canbeexpressedn termsof this distribution asfollows:

(1)

K 1
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c 1f
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whereK is the numberof classes.Note that this expressionimplicitly dependson the
thresholdge becausehe 0/1 valuethe featureassumess determineddy g.. Therefore,
it is naturalto selectthe thresholdge for thefeatureF thatmaximizesthe features mu-
tual information: g agmax, 1, C;F . In the experimentsdescribedoelow, optimal
thresholdsvereselectechutomaticallyin this manner

After themutualinformationfor eachprincipalcomponenis computednon-informatie
componentganbediscardedo achiese normalization.Theresultsof this normalization
by mutualinformationareshaw in the next section.

4 Experiments

TheAR databas§l5] of faceimagesvasusedn ourexperiments A subsebf 83 subjects
photographedvithout eyeglassesvas selected.The imageswere manuallyalignedand
the centralfaceregion was cropped. The resulting croppedimageswere corvertedto

grayscaleandthe sizewasreducedo 90 90 pixels. Examplesareshavn in Figuresl,

3. Severalexperimentswith differentkinds of normalizationaresummarizedelow.
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Figurel: Gaussiamoiseexperiment.In (a): mutualinformationof principalcomponents.
Horizontalaxis: componenindex; vertical axis: mutualinformation. The components
weresortedby decreasingnutualinformation.In (b), left to right: originalimage,image
corruptedby Gaussiamoise,normalizedmage.In (c): amagni ed detail of (b).

4.1 Gaussiannoise

For this experiment,original imageswere corruptedby additive Gaussiamoiseof mean
zero and standarddeviation 8 (intensity valuesof the imagesrangedfrom 0 to 255).
An exampleis shavn in Figure 1. Five differentnoisy samplesverecreatedrom each
originalimage,resultingin 415images.414 principalcomponentsverecalculatedrom
these415 noisy samples. Mutual information of eachcomponentis shovn in Figure
1(a). As canbeseenalargedropin mutualinformation(de nedas I, 1, , [, where
I, is the mutualinformation of the k'th componentpccursat 82'nd component. This
suggestsa naturalnumberof principal componentso retain. Therefore component83
and beyond were discarded and noisy sampleswere reconstructedrom 82 remaining
componentsTheresultsof thereconstructiorareshovn in Figurel.

In addition,performancen arecognitiontaskwasevaluatedbeforeandafternormal-
ization. The standardalgorithm of recognitionby PCA [22] was appliedto normalized
images. For comparison performancevas also evaluatedusing non-normalizechoisy
images.In addition,the standardnethodof discardingprincipalcomponentsvith small-
esteigernvalueswas tested;we refer to this methodas “normalizationby eigervalues'.
Thenumberof discardeccomponentsvasthe sameasin normalizationby mutualinfor-
mation. The performanceof the threemethodsis summarizedn the rst row of Table
1. As canbe seen,Gaussiamoiseis a relatively simple caseof imagecorruption,and
canbe handledby standardechniques.However, this exampleillustratesthat the pro-
posedmethodcanhandlemary typesof imagevariability in a single framework. More
challengingexamplesaredescribechext.

4.2 lllumination: four samples

Faceimagestakenwith eitherleft or right ash on (Figure3(a)) wereusedin this exper

iment. Four samplegersubject(two with right ash andtwo with left ash) wereused,
resultingin 332images. 331 principal componentsvere calculatedirom theseimages,
and uninformative componentsverediscarded.The componentdo discardwere again

1Thereasorthat 82 informative componentsre presents that these82 componentsindthe meanimage
roughly spanthe original 83 facesusedfor this experiment.Theremainingcomponentsepresentandomnoise
andareuninformatve.



Original | MI | Eigervalues
Gaussiamoise 100 100 100
Illumination 12 99 12
Occlusion 14 71 14

Table1l: Recognitionaccurag (in %) on original images( rst column),onimagesnor-
malizedby mutualinformation (secondcolumn), and on imagesnormalizedby eigen-
values(third column). First row: Gaussiamoise;secondrow: illumination; third row:
occlusion.
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Figure2: Principalcomponentorrespondingdo illumination. Fromleft to right: images
obtainedby addingprogressiely largermultiplesof the componento the meanimage.

determinedby the locationof the largestdropin mutualinformation. Only oneuninfor-

mative componeniwasfoundin this experiment. This componenis shovn in Figure 2.

(Threecomponentsorrespondindo illumination are predictedin [18]; the reasonthis
predictionis violatedis thatillumination directionsarenot sampleduniformly in thedata
setusedfor this experiment.) Original imageswere reconstructedrom the remaining
componentsTheresultsof thereconstructiorareshavn in Figure3(b). As canbeseen,
the proposednethodcaneffectively remove illumination effectsto obtainanimagewith

neutralillumination.

Concevably, asimplerwayto removeillumination effectscouldbeto computeaPCA
basisof neutrallyilluminatedimages(lik e the leftmostimagein Figure1(b)) andproject
the imageswith ash (Figure 3(a)) onto this basis. However, sinceneutralimagesdo
notincorporatenformationaboutthe structureof illumination, projectionsof differently
illuminatedimageswill besigni cantly affected,andreasonablaccurateeconstruction
will be impossible. Our experimentscon rmed that reconstructiorguality achieved by
this methodis notacceptable(Resultsarenot shavn dueto disturbingvisualartifacts.)

As before,performancen a recognitiontaskwasevaluatedbeforeandafternormal-
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Figure3: lllumination experimentwith four samplegperface.(a): original, (b): normal-
izedimages.
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Figure4: lllumination experimentwith a singlesampleperface. (a): original (left) and
normalizedright) images.(b): sameas(a) for a differentface.

izationandis summarizedn Table 1 (secondrow). As canbe seen,selectingprincipal

componentdy mutualinformationratherthanby eigervaluesigni cantly improvesthe

results.Thetechniqueof eliminatingthreeprincipalcomponentsvith largesteigervalues
[4] wasalsoevaluated. The accurag achiezed by this techniquewas90%. The perfor

manceis poorerbecausenly one componentesponsibldor illumination was present
in the dataset; as a result, two useful componentdave beenremoved alongwith the

irrelevantone. Thereasonis that eigervaluescannotdiscriminatebetweenrelevantand

irrelevantcomponentsin contrastthe exact numberof irrelevantcomponenthasbeen
identi ed by mutualinformation, and betterperformancg99%, Table 1) hasbeenob-

tained.

A numberof alternatvealgorithmsdescribedn section2 (e.g.[19]) canobtainillumination-
normalizedmages(asin Figure 3(b)) whenmultiple samplesf eachfaceareavailable.
Next, we describehow similar resultscanbe obtainedby the proposedalgorithmfrom
only asinglesampleperface.

4.3 lllumination: singlesample

In this experiment,imageswere similar to thosedescribedn section4.2 (Figure 3(a)),
exceptthatonly a singlesampleperfacewasused(eitherleft or right ash choserran-
domly). Sinceeachfaceappearedh the datasetwith only oneillumination (eitherleft or
right), a dependencéetweenillumination andfacial identity waspresent.For example,
left illumination directionwas compatiblewith only half of the subjectsin the dataset.
As aresult,mutualinformationbetweerillumination andfacialidentity wasnotzero,and
themethodof rejectinguninformativecomponentsisedn theprevioussectionwouldfail.
Therefore,jmagesweregroupedby illumination directionratherthanby facial identity.
Notethatthis groupingcanbe performedreliably in anunsupervisednannerevenwhen
theillumination directionis notlabeled1, 11]. The mutualinformationof eachprincipal
componentith illumination directionwas calculated andthe componentsvith largest
mutualinformationwere discarded. The intuition is that relevant componentglescribe
facialfeaturesandwill beindependentf illumination direction,with mutualinformation
nearzero. As in section4.2, only one principal componentesponsibldor illumination
wasidenti ed. This componentvasdiscardedand original imageswerereconstructed
from theremainingcomponentsTheresultsof thereconstructiorareshowvn in Figure4.
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Figure5: Occlusionexperiment.(a): originalimages.(b): normalizedscarfimage.

4.4 Occlusion

Neutralfaceimagesandimagesoccludedby a scarf(Figure5(a)) were usedin this ex-

periment.Two neutralandtwo occludedsamplesvereusedfor eachface.Uninformative
componentsvere determinedby the location of the largestdrop in mutualinformation
anddiscarded.Only oneuninformative componenivasfoundin this experiment. Orig-

inal imageswerereconstructedrom the remainingcomponents Reconstructiomesults
areshavnin Figure5(b). As canbeseentheocclusionwasnotremovedcompletely This
is dueto the factthat occlusionin uencestheimagein a highly non-linearmannerand
therefores nothandledwell by alinearmethodike PCA. Neverthelessperformancena
recognitiontaskis still improvedconsiderabhafternormalizationby mutualinformation
(Tablel, third row).

5 Discussion

A methodof imagenormalizatiorby mutualinformationwasdescribedThemethoduses
mutualinformationto identify principalcomponentshatareirrelevantto therepresenta-
tion andretainsonly relevantcomponentsThe useof mutualinformationto determine
relevanceof the componentpossessesigni cant advantagesver the standardnethod
of usingeigervaluesfor this purpose sinceeigervaluescorrespondo varianceandhave
no directrelationto the relevanceof the components.

Themethodwasdemonstratetb producevisually pleasingnormalizatiorresultsand
to improve signi cantly theaccurag of recognitionacrossa rangeof variability sources,
suchasnoise,illumination, andocclusion.Although someof thesecould be handledby
alternatve methods an additionaladvantageof the proposedalgorithmis thatit allows
handlingmary typesof imagevariationsin auni ed framework.

Notethatalthoughexperimentsvereperformedisingfaceimagesthemethodtselfis
not limited to faces.Successfuapplicationsof PCA andsimilar techniquego additional
objectclasse@redescribece.g.in [21].

Theexperimentglescribedbosewereperformediusingthedirect(pixel-based)mage
representation Additional imagerepresentationssuchaswarp maps[23, 21], may be
moresuitableto handlemagevariationsresultingfrom 3D rotationsor non-rigidmotions,
suchasfacialexpressionsExploringtheserepresentationis a subjectof futureresearch.
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