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Abstract

Arguablythemostimportantdecisionto bemadewhendevelopinganobjectrecognition

algorithm is selectingthe scenemeasurementsor features on which to basethe algorithm. In

appearance-basedobjectrecognitionthe featuresarechosento bethepixel intensityvaluesin an

imageof the object. Thesepixel intensitiescorresponddirectly to the radianceof light emitted

from the objectalongcertainraysin space.Thesetof all suchradiancevaluesover all possible

rays is known as the plenoptic function or light-field. In this paperwe develop the theory of

appearance-basedobjectrecognitionfrom light-fields.Thistheoryleadsdirectlytoapose-invariant

facerecognitionalgorithmthatusesasmany imagesof thefaceasareavailable,from oneupwards.

All of the pixels,whichever imagethey comefrom, aretreatedequallyandusedto estimatethe

(eigen)light-field of theobject. Theeigen light-field is thenusedasthesetof featureson which

to baserecognition,analogouslyto how thepixel intensitiesareusedin appearance-basedobject

recognition.We alsoshow how our algorithmcanbeextendedto recognizefacesacrossposeand

illuminationby usingFisherlight-fields.



1 Intr oduction

Arguably the most importantdecisionto be madewhendevelopingan object recognitionalgo-

rithm is selectingthescenemeasurementsor featureson which to basethealgorithm.Oneof the

mostsuccessfulandwell-studiedapproachesto object recognitionis the appearance-basedap-

proach.Althoughtheexpression“appearance-based”wasintroducedby MuraseandNayar[17],

theapproachitself datesbackto Turk andPentland’sEigenfaces[25] andperhapsbefore[24]. The

definingcharacteristicof appearance-basedalgorithmsis that they directly usethepixel intensity

valuesin animageof theobjectasthefeatureson which to basetherecognitiondecision.

The pixel intensitiesthat areusedasfeaturesin appearance-basedalgorithmscorrespond

directly to the radianceof light emittedfrom the object along certainrays in space. Although

theremaybevariousnon-linearitiescausedby theoptics(e.g.vignetting),theCCD sensoritself,

or by gammacorrectionin the camera,the pixel intensitiescanbe thoughtof asapproximately

equivalentto theradianceof light emittedfrom theobjectin thedirectionof thepixel.

The plenopticfunction [1] or light-field [12, 16] specifiesthe radianceof light alongall

raysin thescene.Hence,thelight-field of anobjectis thesetof all possiblefeaturesthatcouldbe

usedby an appearance-basedobjectrecognitionalgorithm. It is natural,therefore,to investigate

usinglight-fields (asan intermediaterepresentation)for appearance-basedobjectrecognition. In

thefirst partof thispaperwedevelopthetheoryof appearance-basedobjectrecognitionfrom light-

fields. In thesecondpartwe proposeanalgorithmfor pose-invariantfacerecognitionbasedon an

algorithmto estimatethe(eigen)light-field of a facefrom a setof images.Finally, we extendour

algorithmto performfacerecognitionacrossbothposeandilluminationusingFisherlight-fields.

1.1 Theoretical Propertiesof Light-Fields for Recognition

Therearea numberof importanttheoreticalquestionspertainingto objectrecognitionfrom light-

fields.Someexamplesare:
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1. The fundamentalquestion“what is the setof imagesof an objectunderall possibleillu-

minationconditions?” wasrecentlyposedandansweredin [5]. Becausean imagesimply

consistsof a subsetof measurementsfrom thelight-field, it is naturalto askthesameques-

tion aboutthesetof all light-fieldsof anobject. Answeringthis secondquestionmayalso

helpunderstandthevariationin appearanceof objectsacrossbothposeandillumination.

2. “When cantwo objectsbedistinguishedfrom their images?”is perhapsthemostimportant

theoreticalquestionin objectrecognition.Variousattemptshave beenmadeto answerit in

oneform or another. For example,it wasshown in [4] that,givena pair of images,thereis

alwaysanobjectthatcouldhavegeneratedthosetwo images(underdifferentilluminations.)

Similarly onemight ask“whencantwo objectsbedistinguishedfrom their light-fields?”

In thefirst partof thispaperwederiveanumberof fundamentalpropertiesof objectlight-fields. In

particular, we first investigatethesetof all possiblelight-fieldsof anobjectundervaryingillumi-

nation.Amongstotherthingsweshow thatthesetof all light-fieldsis a convex cone,analogously

to theresultsin [5] for singleimages.Afterwardswe investigatethedegreeto which objectsare

distinguishablefrom their light-fields. We show that, underarbitrary illumination conditions,if

two objectshavethesameshapethey cannotbedistinguished,evengiventheir light-field. Thesit-

uationfor objectswith differentshapesis differenthowever. Weshow thattwo objectscanalmost

alwaysbedistinguishedfrom their light-fieldsif they havedifferentshapes.

1.2 FaceRecognitionUsingLight-Fields

Oneimplication of this theory is that “appearance-based”object recognitionfrom light-fields is

theoreticallymorepowerful thanobjectrecognitionfrom singleimages.Capturinganentirelight-

field is normallynot appropriatefor objectrecognitionhowever; it requireseithera largenumber

of cameras,agreatdealof time,or both.Thisdoesnotmeanthatit is impossibleto uselight-fields

in practicalobject recognitionalgorithms. In the secondpart of this paperwe develop a pose-

invariantfacerecognitionalgorithmthatis basedonanalgorithmto estimatethe(eigen)light-field
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of anobjectfrom anarbitrarycollectionof images[13]. This algorithmis basedon analgorithm

for dealingwith occlusionsin theeigen-spaceapproach[6, 15]. Theeigenlight-field, onceit has

beenestimated,is thenusedasanenlargedsetof featureson which to basethe facerecognition

decision.Someof theadvantageouspropertiesof this algorithmareasfollows:

1. Any numberof imagescanbeused,from oneupwards,in boththetraining(gallery)andthe

test(probe)sets.Moreover, noneof thetrainingimagesneedto havebeencapturedfrom the

sameposeasany of thetestimages.For example,theremight be two testimagesfor each

person,a full frontal view anda full profile, andonly onetraining image,a half profile. In

this way, our algorithmcanperform“f acerecognitionacrosspose.”

2. If only onetestor trainingimageis available,our algorithmbehaves“reasonably”whenes-

timatingthelight-field. In particular, weprovethatthelight-field estimatedby ouralgorithm

correctlyre-rendersimagesacrosspose(undersuitableassumptionsabouttheobjects.)

3. If more than one test or training imageis available, the extra information (including the

implicit shapeinformation)is incorporatedinto abetterestimateof thelight-field. Thefinal

facerecognitionalgorithmthereforeperformsdemonstrablybetterwith moreinput images.

4. It is straightforward to extendour algorithmto perform“f acerecognitionacrossbothpose

andillumination” [14]. Wegeneralizeeigenlight-fieldsto FisherLight-fieldsanalogouslyto

how eigenfacesweregeneralizedto Fisherfacesin [3].

1.3 Overview

Theremainderof this paperis organizedasfollows. We begin in Section2 by introducingobject

light-fieldsandderiving someof theirkey properties.Wecontinuein Section3 by describingeigen

light-fieldsandtheir usein our algorithmfor facerecognitionacrosspose.In Section4 weextend

our algorithmto useFisherlight-fieldsandto recognizefacesacrossbothposeandillumination.

Weconcludein Section5 with asummaryandsuggestionsfor futurework.
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Figure1: An illustrationof the2D light-field [16] of a2D object.Theobjectis conceptuallyplacedwithin

a circle. The angleto the viewpoint � aroundthe circle is measuredby the angle
�

andthe directionthat

theviewing ray makeswith the radiusof thecircle by � . For eachpair of angles
�

and � , the radianceof

light reachingtheviewpoint is denoted��� ��� �	� , the light-field [16]. Althoughthelight-field of a 3D object

is actually4D, we will continueto usethe2D notationof this figurefor easeof explanation.

2 Object Light-Fields and Their Propertiesfor Recognition

2.1 Object Light-Fields

The plenopticfunction [1] or light-field [16] is a function which specifiesthe radianceof light

in free space. It is usuallyassumedto be a 5D function of position (3D) andorientation(2D).

In addition, it is also sometimesmodeledas a function of time, wavelength,and polarization,

dependingon theapplicationin mind. Assumingthat thereis no absorptionor scatteringof light

throughtheair [18], thelight-field is actuallyonly a4D function,a2D functionof positiondefined

over a 2D surface,anda 2D functionof direction[12, 16]. In 2D, thelight-field of a 2D objectis

only 2D. SeeFigure1 for anillustrationof the2D light-field of a2D object.
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2.2 The Setof All Light-Fields of an Object Under Varying Illumination

The fundamentalquestion“what is thesetof imagesof anobjectunderall possibleillumination

conditions?” wasrecentlyposedandansweredby BelhumeurandKriegman[5]. We begin our

analysisby askingtheanalogousquestionfor light-fields.Sinceanimagejust consistsof a subset

of theraysin thelight-field, it is not surprisingthatthesameresultalsoholdsfor light-fields:

Theorem 1 Thesetof 
 -pixel light-fieldsof anyobject,seenunderall possiblelighting conditions,

is a convex conein �
� .
This resultholdsfor any object,evenif theobjectis non-convex andnon-Lambertian.As pointed

out in [5], the proof is essentiallya trivial combinationof the additive propertyof light andthe

fact that the setof all illumination conditionsis itself a convex cone. For this reason,the same

resultholdsfor any subsetof illumination conditionsthat is a convex cone. Oneexampleis an

arbitrarynumberof point light sourcesat infinity. It is straightforwardto show that this subsetof

illuminationconditionsis a convex coneandthereforethatthefollowing theoremalsoholds:

Theorem 2 Thesetof 
 -pixel light-fields of any object, illuminatedby an arbitrary numberof

point light sourcesat infinity, is a convex conein � � .
Theseresultsareanalogousto thosein [5]. Moreover, sinceTheorems1 and2 clearlyalsohold for

any subsetof raysin thelight-field, theanalogousresultsin [5] arespecialcasesof thesetheorems.

Whenwe investigatethenatureof theillumination conesin moredetail,however, we find

several differencesbetweenimagesandlight-fields. Someof the differencesaresummarizedin

Table1. If we considerarbitraryillumination conditionsandany convex object,the imageillu-

minationconealwaysexactly equalsthe setof all imagesbecauseevery point on the objectcan

beilluminatedindependentlyandsetto radiateany intensity. This resultholdsfor any reflectance

function.Theonly minor requirementis thatnopoint on theobjecthaszeroreflectance.

Thesituationis differentfor light-fields. It is possibleto choosereflectancefunctionsfor

which the light-field illumination coneis equalto thesetof all light-fields. Onesimpleexample
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Table1: A comparisonof imageillumination conesandlight-field illumination cones.Themainpoint to
noteis that in threeof thefour cases,thelight-field illumination coneis a “smaller” subsetof thesetof all
light-fieldsthanthecorrespondingimageilluminationconeis asubsetof thesetof all images.

ImageIlluminationCone Light-field IlluminationCone

Arbitrary IlluminationConditions Alwaysexactlyequals Cansometimesbe

Any Convex Object thesetof all images thesetof all light-fields

Arbitrary IlluminationConditions Alwaysexactlyequals Never is

Convex LambertianObject thesetof all images thesetof all light-fields

PointLight Sourcesat Infinity Cansometimesbe Cansometimesbe

Any Convex Object full-dimensional full-dimensional

PointLight Sourcesat Infinity Cansometimesbe Never is

Convex LambertianObject full-dimensional full-dimensional

is to usea “mirrored” object. However, for mostreflectancefunctionsthe light-field illumination

coneis not equal to the set of all light-fields. Oneexampleis Lambertianreflectance.In this

case,thelight-field coneneverequalsthesetof all light-fieldsbecauseany two pixelsin thelight-

field that imagethesamepoint on theobjectwill alwayshave thesameintensity. For Lambertian

objectstheimageilluminationconeacrossarbitraryilluminationconditionsstill exactlyequalsthe

setof all imagesbecausethepixelscanstill all besetindependentlyby choosingtheillumination

appropriately.

For point light sourcesat infinity (ratherthan for arbitrary illumination conditions),the

resultsaresimilar. The imageillumination conecansometimesbe full-dimensional.For convex

Lambertianobjectsthe dimensionalityequalsthe numberof distinct surfacenormals. (See[5]

Proposition5.) If eachsurfacenormalis different,theimageilluminationconeis full-dimensional.

For light-fields,however, thelight-field illuminationconeof aconvex Lambertianobjectwith point

light sourcesatinfinity is neverfull dimensionalbecauseany two pixelsin thelight-field thatimage

thesamepoint on thesurfacewill alwayshave thesameintensity.
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Thetrendin Table1 is clear. Objectrecognitionin thepresenceof illumination changesis

“theoretically” easierusinglight-fields thanwith images.Usingeithermodel(arbitraryillumina-

tion or point light sourcesat infinity) thelight-field illumination coneis a “smaller” subsetof the

setof all light-fieldsthantheimageilluminationconeis asubsetof thesetof all images.

2.3 Distinguishability of Objects fr om Their Imagesand Light-Fields

As mentionedin [5] theconvex conepropertyis potentiallyvery importantfor objectrecognition

becauseit implies that if the illumination conesof two objectsaredisjoint, they canbeseparated

by a lineardiscriminantfunction. This propertymakesclassificationmucheasierbecauseapply-

ing a linearclassifieris in generalfareasierthandeterminingwhich illuminationconeanimageor

light-field lies closestto. However, to take advantageof this property, thetwo illumination cones

mustbedisjoint. If they arenot thetwo objectswill not alwaysbedistinguishableanyway. These

arguments,of course,applyequallyto both imageandlight-field illumination cones.In this sec-

tion we studythedistinguishability(intersection)of illumination conesandshow that the taskis

theoreticallyeasierfor light-fieldsthanfor images.We begin with imageilluminationcones.

2.3.1 Distinguishability of Objects fr om Their Images

An immediatecorollaryof thefactthattheimageilluminationconesof convex objectsunderarbi-

trary lighting areexactly equalto thesetof all images(seeTable1) is thatno two convex objects

(Lambertianor not) canever bedistinguishedwithout someassumptionsabouttheillumination:

Corollary 1 Theimageilluminationconesof anytwoconvex objectsseenunderall possiblelight-

ing conditionsareexactlyequal.It is thereforeneverpossibleto saywhich convex objectan image

camefrom.It is notevenpossibleto eliminateanyconvex objectsaspossibilities.

Perhapsoneof themostimportantresultsof [5] is to show that,if theilluminationconsistsof point

sourcesat infinity thesituationis morefavorable;empiricallythevolumeof theimageillumination
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coneis muchlessthanthe spaceof all images.It is alsostraight-forward to show that thereare

pairsof objectsthataredistinguishableunderthis smallersetof lighting conditions:

Theorem 3 Thereexistpairsof objectsfor which theintersectionof their illuminationcones(over

thesetof illuminationconditionsconsistingof arbitrary numbersof point light sourcesat infinity)

only consistsof the black (all zero) image; i.e. there are pairs of objectsthat are alwaysdistin-

guishable(over thesetof illuminationconditionswhich consistof point light sourcesat infinity.)

Proof: (Sketch)Oneexampleis to considertwo Lambertianspheres,onewith analbedofunction

that hasmultiple stepdiscontinuities(which appearin every image),one that variessmoothly

everywhere.All of theimagesof theobjectwith thestepdiscontinuityin thealbedomapwill also

haveastepdiscontinuityin theimage,whereasnoneof theimagesof theotherobjectwill. �
Althoughwe have shown that therearepairsof objectsfor which the imageillumination

cones(for point light sourcesat infinity) only intersectat the all black image,therearepairsof

objectsfor which their imageilluminationconesdo intersect.

Theorem 4 Thereexistpairsof objectsfor which theintersectionof their illuminationcones(over

thesetof point light sourcesat infinity) consistsof more than just theblack (all zero) image; i.e.

therearepairsof objectsthataresometimeindistinguishable(overpoint light sourcesat infinity.)

Proof: Considertwo convex Lambertianobjectsin different illuminations. If eachobject has

albedovariationproportionalto the foreshortenedincomingillumination of the otherobject,the

two objectswill generatethesameimage.(Theconstantsof proportionalitymustbethesame.) �
2.3.2 Distinguishability of Same-ShapeObjects fr om Their Light-Fields

In the previous sectionwe showed that distinguishingobjectsfrom their imagesundervarying

illumination is often very difficult, and in many cases“theoretically” impossible. If the objects

are the sameshape,convex, and Lambertian,intuitively the light-field shouldnot containany
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additionalinformation.It is no surprise,then,thatit is fairly straight-forwardto proveananalogy

of Corollary1 for (convex Lambertian)objectsof thesameshape:

Theorem 5 Thelight-field illuminationconesoverall possiblelighting conditionsof anytwocon-

vex, Lambertianobjectsof thesameshapeareexactlyequal.

Proof: Givenarbitrarylighting, it is possibleto generateany incomingradiancedistribution over

thesurfaceof the (convex) objectusinglasers.It is thereforepossibleto generateany light-field

for any convex object(subjectto thenecessaryandsufficientconstraintthatraysimagingthesame

point on thesurfaceof theobjecthave thesameintensity.) �
Distinguishing(convex Lambertian)objectsof the sameshapefrom their light-fields is

thereforeimpossiblewithout any assumptionson theillumination. If assumptionsaremadeabout

the illumination, the situationis different. As in Theorems3 and 4 above, if the illumination

consistsof point light sourcesat infinity two objectsof thesameshapemayor maynot bedistin-

guishable.

Theorem 6 Thereexistpairsof same-shapeconvex, Lambertianobjectsfor which theintersection

of their light-field illumination cones(over thesetof point light sourcesat infinity) only consists

of theblack (all zero) light-field; i.e. there are pairs of same-shapeobjectsthat are alwaysdistin-

guishable(over thesetof point light sourcesat infinity.)

Proof: Essentiallythesameastheproof of Theorem3. �
Theorem 7 There exist pairs of convex, Lambertianobjectswith the sameshapefor which the

intersectionof their light-field illumination cones(over the setof point light sourcesat infinity)

consistsof morethanjust theblack (all zero) image; i.e. therearepairsof same-shapeobjectsthat

aresometimeindistinguishableevengiventheir light-fields.

Proof: Essentiallythesameastheproof of Theorem4. �
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2.3.3 Distinguishability of Differ ently-ShapedObjects fr om Their Light-Fields

Intuitively the situationfor differently shapedobjectsis different. The light-field containscon-

siderableinformationaboutthe shapeof the objects. In fact, we recentlyshowed in [2] that, so

longasthelight-field doesnotcontainany extendedconstantintensityregions,it uniquelydefines

theshapeof a Lambertianobject. This meansthat the intersectionof the light-field conesof two

differentlyshapedobjectsmustonly containlight-fieldsthathaveconstantintensityregions.

Theorem 8 The intersectionof the light-field illumination conesover all possiblelighting con-

ditions of any two Lambertianobjectsthat havedifferent shapesonly consistsof light-fieldsthat

haveconstantintensityregions.

This theoremimpliesthat two differentlyshapedLambertianobjectscanalwaysbedistinguished

from any light-field thatdoesnotcontainconstantintensityregions.

2.3.4 Summary

We have describedvariousconditionsunderwhich pairsof objectsaredistinguishablefrom their

imagesor light-fields. SeeTable2 for a summary. Whennothingis assumedaboutthe incoming

illumination, it is impossibleto distinguishbetweenany pair of objectsfrom their images.If the

illumination consistsof a collectionof point light sourcesat infinity, thesituationis a little better.

Somepairsof objectscanalwaysbedistinguished,but otherpairsaresometimesindistinguishable.

If the objectshave the sameshapethe situationis the samewith light-fields. Light-field

don’t addto thediscriminatorypower of a singleimage. If theobjectshave differentshapesthe

light-field addsa lot of discriminatorypower. So long as the light-field hasno constantinten-

sity regions,any pair of differently shapedobjectscanbe distinguishedunderany illumination

conditions.
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Table2: The distinguishabilityof objectsfrom their imagesandlight-fields. The main point to note is
that if two objectshave the sameshape,the light-field addsnothing to the easewith which they canbe
distinguished,comparedto just a singleimage.On theotherhand,if thetwo objectshave differentshapes,
it is theoreticallyfar easierto distinguishthemfrom their light-fieldsthanit is from singleimages.

Arbitrary Illumination PointLight Sources

Conditions at Infinity

Imagesof Two NeverDistinguishable SometimesDistinguishable(Thm.3)

Convex LambertianObjects (Corollary1) SometimeIndistinguishable(Thm.4)

Light-fieldsof Two SameShape NeverDistinguishable SometimesDistinguishable(Thm.6)

Convex LambertianObjects (Theorem5) SometimeIndistinguishable(Thm.7)

Light-fieldsof Two Differently Distinguishableif No AlwaysDistinguishableif No

ShapedLambertianObjects ConstantIntensity(Thm.8) ConstantIntensity(Thm.8)

2.4 Implications

The implication of thesetheoreticalresultsis as follows. The light-field providesconsiderable

informationaboutthe shapeof objectsthat canhelp distinguishbetweenthemin unknown, ar-

bitrary illumination conditionsunderwhich they would be indistinguishablefrom singleimages.

Although it is practically impossibleto capturethe entirelight-field for mostobjectrecognition

tasks,sometimesit maybepossibleto capture2-3 images.Ideally we would likeanobjectrecog-

nition algorithmthatcanuseany subsetof thelight-field; asingleimage,apairof images,multiple

images,or even theentirelight-field. Suchanalgorithmshouldbe ableto take advantageof the

implicit shapeinformationin the light-field. In the remainderof this paperwe describeexactly

suchanalgorithm,thefirst stepof which is to estimatethelight-field from theinput image(s).
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3 Eigen Light-Fields for FaceRecognitionAcrossPose

In many facerecognitionapplicationscenariostheposeof theprobeandgalleryimagesarediffer-

ent. Thegalleryimagemight bea frontal “mug-shot”andtheprobemight bea 3/4 view captured

from asurveillancecamerain thecornerof theroom.Thenumberof galleryandprobeimagesmay

alsovary. Thegallerymayconsistof a pair of imagesof eachsubject,perhapsa frontal mug-shot

andfull profile view, like theimagestypically capturedby policedepartments.Theprobemaybe

asimilar pair of images,asingle3/4view, or evenacollectionof views from randomposes.

Until recentlyfacerecognitionacrosspose(i.e. whenthegalleryandprobehave different

poses)hasreceivedverylittle attentionin theliterature.Algorithmshavebeenproposedwhichcan

recognizefaces[19] or moregeneralobjects[17] at a varietyof poses.Most of thesealgorithms

requiregallery imagesat every pose,however. Algorithms have beenproposedwhich do gener-

alizeacrosspose,for example[11], but this algorithmcomputes3D headmodelsusinga gallery

containinga largenumberof imagespersubjectcapturedwith controlledilluminationvariation.It

cannotbeusedwith arbitrarygalleriesandprobes.Note,however, thatconcurrentwith this work

therehasbeena growing interestin facerecognitionacrosspose.For example,Vetteret al have

developedanalgorithmbasedon fitting a3D morphablemodel[8, 22].

In this sectionwe proposeanalgorithmfor facerecognitionacrossposeusinglight-fields.

Our algorithmcanuseany numberof galleryimagescapturedat arbitraryposes,andany number

of probeimagesalsocapturedwith arbitraryposes.A minimumof 1 galleryand1 probeimageare

needed,but if moreimagesareavailabletheperformanceof our algorithmgenerallygetsbetter.

Our algorithmoperatesby estimating(a representationof) the light-field of the subject’s

head. First, generictraining datais usedto computean eigen-spaceof headlight-fields, similar

to theconstructionof eigen-faces[25]. Light-fieldsaresimply usedratherthanimages.Givena

collectionof galleryor probeimages,theprojectioninto theeigen-spaceis performedby setting

upa least-squaresproblemandsolvingfor theprojectioncoefficientssimilarly to approachesused

to dealwith occlusionsin the eigenspaceapproach[15, 6]. This simplelinear algorithmcanbe
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appliedto any numberof images,capturedfrom any poses.Finally, matchingis performedby

comparingtheprobeandgallerylight-fieldsusinganearestneighboralgorithm.

The remainderof this sectionis organizedasfollows. We begin in Section3.1 by intro-

ducingthe conceptof eigen light-fieldsbeforepresentingthe algorithmto estimatethemfrom a

collectionof imagesin Section3.2. After describingsomeof the propertiesof this algorithmin

Section3.3,wethedescribehow thealgorithmcanbeusedto performfacerecognitionacrosspose

in Section3.4.Finally, wepresentexperimentalfacerecognitionacrossposeresultsin Section3.5.

3.1 EigenLight-Fields

Supposewearegivenacollectionof light-fields ������������� where��� �!�#"$"#"%�'& . SeeFigure1 for the

definitionof this notation.If we performaneigen-decompositionof thesevectorsusingPrincipal

ComponentsAnalysis (PCA), we obtain (*)+& eigenlight-fields ,-�.�/�0���1� where �2�3�!�#"#"#"%�'( .
Then,assumingthattheeigen-spaceof light-fieldsis agoodrepresentationof thesetof light-fields

underconsideration,wecanapproximateany light-field �4���0�5��� as:

�6�/�0���1�87
9:
�<;>=@? �A,4�B���0�5��� (1)

where ? �C�ED/�6�/�0���1�5�5,-�.�/�0���1�GF is the inner (or dot) productbetween�4��������� and ,-�.��������� . This

decompositionis analogousto thatusedin faceandobjectrecognition[25,17]; it is justperformed

on the entirelight-field ratherthanon singleimages.(The meanlight-field canbe includedasa

constantadditive termin Equation(1) andsubtractedfrom the light-field in thedefinitionof ? � if
sopreferred.Thereis very little differencein doingthis however.)

3.2 Estimating Light-Fields fr om Images

Capturingthe completelight-field of an object is a difficult task,primarily becauseit requiresa

hugenumberof images[12, 16]. In mostobjectrecognitionscenariosit is unreasonableto expect

morethanafew imagesof theobject;oftenjustone.As shown in Figure2, however, any imageof
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Figure2: The1D imageof a 2D objectcorrespondsto a curve (surfacefor a 2D imageof a 3D object)in

thelight-field. Eachpixel correspondsto a ray in spacethroughthecamerapinholeandthelocationof the

pixel in the image.In generalthis ray intersectsthelight-field circle at a differentpoint for eachpixel. As

thepixel considered“moves” in theimage,thepointon thelight-field circle tracesoutacurve in
�
- � space.

Thiscurve is astraightverticalline iff the“effective pinhole” liesonthecircleusedto definethelight-field.

theobjectcorrespondsto a curve (for 3D objects,a surface)in thelight-field. Oneway to look at

this curve is asahighly occludedlight-field; only averysmallpartof thelight-field is visible.

Canthe coefficients ? � be estimatedfrom this highly occludedview? Although this may

seemhopeless,notethat light-fields arehighly redundant,especiallyfor objectswith simplere-

flectancepropertiessuchasLambertian.An algorithmis presentedin [15] to solvefor theunknown

? � for eigen-images. A similar algorithmwasusedin [6]. Ratherthanusing the inner product

? �1� D��4���������'�5,4�B����������F , LeonardisandBischof[15] solve for ? � astheleastsquaressolutionof:

�4�/�0���1�IH
9:
�<;>=@? �A,4�B���0�5���8� J (2)

wherethereis onesuchequationfor eachpairof � and � thatareun-occludedin �4��������� . Assuming

that �4���0�5��� lies completelywithin the eigen-spaceandthat enoughpixelsareun-occluded,then

thesolutionof Equation(2) will beexactly thesameasthatobtainedusingtheinnerproduct:
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Theorem 9 Assumingthat �4��������� is in the linear spanof KL,4�B���������NM��
� �!�#"#"$"O(QP , then ? �R�D��4���������'�5,-�.����������F is alwaysanexactminimumsolutionof Equation(2).

Sincethereare ( unknowns ( ? =1"#"$" ? 9 ) in Equation(2), at least ( un-occludedlight-field pixels

areneededto over-constrainthe problem,but moremay be requireddueto linear dependencies

betweenthe equations. In practice, S
HUT times as many equationsas unknowns are typically

requiredto get a reasonablesolution [15]. Given an image V>�/WX�'
N� , the following is then an

algorithmfor estimatingtheeigenlight-field coefficients ? � :
EigenLight-Field Estimation Algorithm

1. For eachpixel �YWX�'
I� in V>�/WX�'
N� computethecorrespondinglight-field angles�$Z\[ � and �QZ@[ � .
(This stepassumesthat thecameraintrinsicsareknown, aswell asthe relative orientation

betweenthecameraandobject.In Section3.4.1wewill describehow to avoid this stepand

insteaduseasimple“normalization”to convert theinput imagesinto light-field vectors.)

2. Find theleast-squaressolution(for ? =1"#"#" ? 9 ) to thesetof equations:

V>�/WX�'
N�IH
9:
�<;>= ? �A,4���/�$Z@[ � ���QZ@[ � �]� J (3)

where W and 
 rangeover their allowedvalues.(In general,theeigenlight-fields ,4� need

to be interpolatedto estimate,-�.�/�$Z@[ � ���>Z\[ � � . Also, all of theequationsfor which thepixel

V>�/WX�O
I� doesnot imagetheobjectshouldbeexcludedfrom thecomputation.)

Although we have describedthis algorithm for a single image V>�/WX�O
I� , any numberof images

canobviously beused.Theextra pixels from theotherimagesaresimply addedin asadditional

constraintson theunknown coefficients ? � in Equation(3).

3.3 Propertiesof the EigenLight-Field Estimation Algorithm

TheEigenLight-FieldEstimationAlgorithm canbeusedto estimatea light-field from acollection

of images.Oncethe light-field hasbeenestimated,it canthen,theoreticallyat least,be usedto

15



rendernew imagesof thesameobjectunderdifferentposes.See[26] for a relatedalgorithm. In

this sectionwe show that if theobjectsusedto createthe eigen-spaceof light-fieldsall have the

sameshapeastheobjectimagedto createtheinput to thealgorithm,thenthis re-renderingprocess

is in somesense“correct,” assumingthatall theobjectsareLambertian.As a first step,we show

thattheeigenlight-fields ,-���/�0���1� capturetheshapeof theobjectsin thefollowing sense:

Lemma 1 If KL�����/�0���1�NM��N�^�!�$"#"#"$�'&_P is a collectionof light-fieldsof Lambertianobjectswith the

sameshape, thenall of theeigenlight-fields ,-����������� havethepropertythat if �/�`=$���a=�� and �/�#bc���	bd�
definetwo rayswhich image thesamepointon thesurfaceof anyof theobjectsthen:

,4�B���`=$���e=��8� ,-�.�/�#bc���	b%� fe�g�^�\"#"#"h(	" (4)

Proof: Thepropertyin Equation(4) holdsfor all of thelight-fields KL���.�/�0���1�#M �i�j�!�#"$"#"%�'&_P used

in thePCAbecausethey areLambertian.Hence,it alsoholdsfor any linearcombinationof the ��� .
Thereforeit holdsfor theeigen-vectorsbecausethey arelinearcombinationsof the ��� . �

Thepropertyin Equation(4) alsoholdsfor all linearcombinationsof theeigenlight-fields.

It thereforeholdsfor thelight-field recoveredin Equation(3) in theLight-Field EstimationAlgo-

rithm, assumingthatthelight-field from whichtheinput imageis derivedlies in theeigen-spaceso

thatTheorem9 applies.ThismeansthattheLight-Field EstimationAlgorithm estimatesthelight-

field in a way thatis consistentwith theobjectbeingLambertianandof theappropriateshape:

Theorem 10 SupposeKL,-�����������NM��k�3�l�#"#"#"d�'(QP are the eigen light-fieldsof a setof Lambertian

objectswith thesameshapeand V>�/WX�'
N� is an image of anotherLambertianobjectwith thesame

shape. If the light-field fromwhich V>�YWX�'
I� is derivedlies in the light-field eigen-space, thenthe

light-field recoveredby theLight-Field EstimationAlgorithmhasthepropertythat if �$Z@[ � ���>Z\[ � is

any pair of angleswhich image thesamepoint in thesceneasthepixel �YWX�'
I� then:

V>�/WX�'
N�8� ,
�/�$Z@[ � ���QZ@[ � �5" (5)

where ,
�/�$Z@[ � ���>Z\[ � � is the light-field estimatedby theLight-Field EstimationAlgorithm; i.e. the

algorithmcorrectlyre-renders theobjectundertheLambertianreflectancemodel.
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Theorem10 implies that the algorithm is acting reasonablyin estimatingthe light-field, a task

which is impossiblefrom a singleimagewithout a prior modelon theshapeof theobject. Here,

theshapemodelis implicitly containedin theeigenlight-fields.Theorem10assumesthatall of the

objectsareapproximatelythesameshape,but thatis acommonassumptionfor faces[21]. Evenif

thereis someshapevariationin faces,it is reasonableto assumethattheeigenlight-fieldswill cap-

ture this information. Theorem10 alsoassumesthat facesareLambertianandthat the light-field

eigenspaceaccuratelyapproximatesany facelight-field. The extent to which theseassumptions

arevalid will bedemonstratedby theempiricalresultsobtainedby our facerecognitionalgorithm.

(Note: We arenot proposingtheEigenLight-Field EstimationAlgorithm asanalgorithm

for renderingacrosspose.It is only correctin avery idealizedscenario.However, thefactthatit is

correctin this idealizedscenariogivesusconfidencein its usefor facerecognitionacrosspose.)

3.4 Application to FaceRecognitionAcrossPose

TheEigenLight-FieldEstimationAlgorithm describedabove is somewhatabstract.In orderto be

ableto useit for facerecognitionacrossposeweneedto beableto do two things:

Vectorization: Theinput to afacerecognitionalgorithmconsistsof acollectionof images(possi-

bly just one)capturedfrom a varietyof poses.TheEigenLight-Field EstimationAlgorithm

operateson light-field vectors(light-fieldsrepresentedasvectors).Vectorizationconsistsof

convertingtheinput imagesinto a light-field vector(with missingelements,asappropriate.)

Classification: Given the eigencoefficients ? =1"#"#" ? 9 for a collectionof gallery (training) faces

andfor aprobe(test)face,weneedto classifywhichgalleryfaceis themostlikely match.

Wenow describeeachof thesetasksin turn.
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3.4.1 Vectorization by Normalization

Vectorizationis theprocessof convertinga collectionof imagesof a faceinto a light-field vector.

Beforewe cando this,wefirst have to decidehow to discretizethelight-field into pixels.Perhaps

the mostnaturalway to do this is to uniformly samplethe light-field angles,� and � in the 2D

caseof Figure2. This is not theonly way to discretizethe light-field. Any sampling,uniform or

non-uniform,couldbeused.All that is neededis a way of specifyingwhat is theallowedsetof

light-field pixels. For eachsuchpixel, thereis a correspondingindex in the light-field vector;i.e.

if thelight-field is sampledat & pixels,thelight-field vectorsare & dimensionalvectors.

We specify the set of light-field pixels in the following manner. We assumethat there

are only a finite set of poses �l��S0�#"#"$"Om in which the facecan occur. Eachface imageis first

classifiedinto thenearestpose.(Althoughthisassumptionis clearlyanapproximation,its validity

is demonstratedby the empiricalresultsin Section3.5.3. In both the FERET[20] andPIE [23]

databases,thereis considerablevariationin theposeof thefaces.Althoughthesubjectsareasked

to placetheir facein a fixedpose,they rarelydo this perfectly. Both databasesthereforecontain

considerablevariationawayfrom thefinite setof poses.Sinceouralgorithmperformswell onboth

databases,theapproximationof classifyingfacesinto afinite setof posesis validated.)

Eachpose�i�n�!�#"$"#"$�5m is thenallocateda fixednumberof pixels &k� . Thetotal numberof

pixelsin a light-field vectoris therefore&o� pUq�<;>= &k� . If we have imagesfrom poseT and r , for

example,weknow &ksItu&2v of the & pixelsin thelight-field vector. Theremaining&wHu&ks�Hx&2v
areunknown, missingdata.Thisvectorizationprocessis illustratedin Figure3.

We still needto specifyhow to samplethe &y� pixelsof a facein pose � . This processis

analogousto thatneededin appearance-basedobjectrecognitionandusuallyperformedby “nor-

malization.” In eigenfaces[25], thestandardapproachis to find thepositionsof severalcanonical

points,typically theeyesandthenose,andto warptheinput imageontoacoordinateframewhere

thesepointsarein fixed locations.The resultingimageis thenmasked. To generalizeeigenface

normalizationto eigenlight-fields,we just needto definesuchanormalizationfor eachpose.
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L. Profile

Left 3/4

Frontal

R. Profile

Classified Faces Light−Field Vector

Classify by Pose

Normalize

Missing

Missing

Figure3: Vectorizationby normalization.Vectorizationis theprocessof converting a setof imagesof a
faceinto a light-field vector. Vectorizationis performedby first classifyingeachinput imageinto oneof a
finite numberof poses.For eachpose,anormalizationis thenappliedto convert theimageinto asub-vector
of thelight-field vector. If posesaremissing,thecorrespondingpartof thelight-field vectoris missing.

In this paperwe experimentedwith two differentnormalizations.Thefirst one,illustrated

in Figure 4(a) for threeposes,is a simple onebasedon the location of the eyes and the nose.

Justasin eigenfaces,we assumethat theeye andnoselocationsareknown, warp the faceinto a

coordinateframein which thesecanonicalpointsarein afixedlocationandfinally croptheimage

with a (posedependent)maskto yield the &y� pixels. For this simple3-point normalization,the

resultingmaskedimagesvary in sizebetween7200and12600pixels.

Thesecondnormalizationis morecomplex andis motivatedby thesuccessof Active Ap-

pearanceModels[9]. This normalizationis basedon the locationof a large number(39–54de-

pendingon thepose)of pointson theface.Thesecanonicalpointsaretriangulatedandtheimage

warpedwith a piecewiseaffine warpontoa coordinateframein which thecanonicalpointsarein

fixedlocations.SeeFigure4(b) for anillustrationof this multi-point normalization.Theresulting

masked imagesfor this multi-point normalizationvary in sizebetween20800and36000pixels.

Althoughcurrentlythemulti-point normalizationis performedusinghand-markedpoints,it could

beperformedby fitting anActiveAppearanceModel[9] andthenusingtheimpliedcanonicalpoint

locations.Furtherdiscussionof this wayof automatingouralgorithmis containedin Section5.2.
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(a)3-PointNormalization (b) Multi-Point Normalization

Figure4: (a) Thefirst, simplernormalizationfor threeposesin thefinite setin Figure3, onefrontal,onea
3/4view, thefinal a full profile. Justasin eigenfaces,weassumethattheeyeandnoselocationsareknown,
warpthefaceinto acoordinateframein which thesecanonicalpointsarein afixedlocationandfinally crop
theimagewith a (posedependent)mask.(b) Thesecond,morecomplex normalization.In thiscase,a large
number(39–54dependingon thepose)of pointson thefaceareusedto performthenormalization.

3.4.2 ClassificationusingNearestNeighbor

The EigenLight-Field EstimationAlgorithm outputsa vectorof eigencoefficients � ? =%�#"#"#"%� ? 9 � .
Given a set of gallery (training) faces,we obtain a correspondingset of vectors � ?

z|{= �#"$"#"$� ?
z|{9 � ,

where }�~ is an index over the set of gallery faces. Similarly, given a probe(or test) face,we

obtaina vector � ? =%�$"#"#"$� ? 9 � of eigencoefficientsfor that face. To completethe facerecognition

algorithmwe needanalgorithmwhich classifies� ? =d�#"#"#"%� ? 9 � with theindex }�~ which is themost

likely match.Many differentclassificationalgorithmscouldbeusedfor this task. For simplicity,

weusethenearestneighboralgorithmwhichclassifiesthevector � ? =%�#"#"$"$� ? 9 � with theindex:

�l�h��� }��z|{ ~�}��h�\��� ? =d�#"#"#"%� ? 9 �'�c� ?
z|{= �#"#"#"%� ?

z {9 ����� �l�h��� }��z|{
9:
��;>= � ? �>H ?

z {� � b " (6)

All of the resultsreportedin this paperusethe Euclideandistancein Equation(6). Alternative

distancefunctions,suchastheMahalanobisdistance,couldbeusedinsteadif sodesired.
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Figure5: An illustration of theposevariationin theCMU PIE database[23]. Theposevariesfrom full

right profile(c02)to full frontal (c27)andonto full left profile(c34).The9 camerasin thehorizontalsweep

areeachseparatedby about �c�l���c� . The4 othercamerasinclude1 above (c09)and1 below (c07)thecentral

camera,and2 in thecornersof theroom(c25andc31),typical locationsfor surveillancecameras.

3.5 Experimental Results

3.5.1 Databases

We usedtwo databasesin our facerecognitionacrossposeexperiments,theCMU Pose,Illumina-

tion, andExpression(PIE) database[23] andtheFERETdatabase[20]. Eachof thesedatabases

containssubstantialposevariation. In the posesubsetof the CMU PIE database(seeFigure5),

the 68 subjectsareimagedsimultaneouslyunder13 differentposestotaling 884 images. In the

FERETdatabase,thesubjectsareimagednon-simultaneouslyin 9 differentposes.SeeFigure6

for anexample.We used75 subjectsfrom theFERETposesubsetgiving 675imagesin total. (In

bothcases,weusedgreyscaleimagesevenif thedatabaseactuallycontainscolor images.)

3.5.2 Selectingthe Gallery, Probe,and GenericTraining Data

In eachof our experimentswedividedthedatabase(s)into threedisjoint subsets:

GenericTraining Data: Many facerecognitionalgorithmssuchaseigenfaces,andincludingour

algorithm,require“generictrainingdata” to build a genericfacemodel. In eigenfaces,for
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babebdbcbb bf bg bh bi

Figure6: An illustrationof theposevariationin theFERETdatabase[20]. Theposesof the9 imagesvary

from �-�#� � (bb) to full frontal (ba)andon to ���#� � (bi). Overall, thevariationin poseis somewhatlessthan

in theCMU PIEdatabase.SeeFigure5 for anillustrationof theposevariationin thePIEdatabase.

example,generictrainingdatais neededto computetheeigenspace.Similarly, in our algo-

rithm genericdatais neededto constructtheeigenlight-field.

Gallery: Thegalleryis thesetof “training” imagesof thepeopleto berecognized;i.e. theimages

givento thealgorithmasexamplesof eachpersonthatmight needto berecognized.

Probe: The probesetcontainsthe “test” images;i.e. the examplesof imagesto be presentedto

thesystemthatshouldbeclassifiedwith theidentity of thepersonin theimage.

Thedivision into thesethreesubsetsis performedasfollows. First we randomlyselecthalf of the

subjectsasgenerictraining data. The imagesof the remainingsubjectsareusedfor the gallery

andprobe.Thereis neverany overlapbetweenthegenerictrainingdataandthegalleryandprobe.

For thePIE databasewerandomlyselectT�� subjectsfor thegenerictrainingdata.For theFERET

databasewerandomlyselectTl� subjectsfor thegenerictrainingdata.

After thegenerictrainingdatahasbeenremoved,theremainderof thedatabase(s)is divided

into probeandgallerysetsbasedon theposeof theimages.For example,wemightsetthegallery

to bethefrontal imagesandtheprobesetto betheleft profiles.In thiscase,weevaluatehow well

ouralgorithmis ableto recognizepeoplefrom theirprofilesgiventhatthealgorithmhasonly seen

themfrom thefront. In theexperimentsdescribedbelow wechoosethegalleryandprobeposesin

variousdifferentways.Thegalleryandprobearealwayscompletelydisjoint however.
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3.5.3 Experiment 1: Comparison with Other Algorithms

Wefirst conductedanexperimentto compareouralgorithmwith two others.In particularwecom-

paredouralgorithmwith eigenfaces[25] andFaceIt,thecommercialfacerecognitionsystemfrom

Identix(formerlyVisionics).Eigenfacesis thedefactobaselinestandardby whichfacerecognition

algorithmsarecompared.FaceItfinishedtopoverall in theFaceRecognitionVendorTest2000[7].

Wefirst performedacomparisonusingthePIEdatabase[23]. After randomlyselectingthe

generictrainingdata,we selectedthegalleryposeasoneof the13 PIE posesandtheprobepose

asany otherof theremaining12 PIE poses.For eachdisjoint pair of galleryandprobeposes,we

computetheaveragerecognitionrateoverall subjectsin theprobeandgallerysets.Thedetailsof

theresultsareincludedin Figures7–8andasummaryis includedin Table3.

In Figure 7 we plot color-coded �cTX�U�#T “confusion matrices”of the results. The row

denotestheposeof thegallery, thecolumntheposeof theprobe,andthedisplayedintensitythe

averagerecognitionrate. A lighter color denotesa higherrecognitionrate. (On thediagonalsthe

galleryandprobeimagesarethesameandsoall threealgorithmsobtaina100%recognitionrate.)

Eigenlight-fieldsperformsfarbetterthantheotheralgorithms,asis witnessedby thelightercolor

of Figures7(a–b)comparedto Figures7(c–d). Note how eigenlight-fields is far betterable to

generalizeacrosswide variationsin pose,andin particularto andfrom nearprofileviews.

Several“cross-sections”throughtheconfusionmatricesin Figure7 areshown in Figure8.

In eachcross-section,we fix theposeof thegalleryimagesandvary theposeof theprobeimage.

In eachgraphwe plot four curves,onefor eigenfaces,onefor FaceIt,onefor eigenlight-fields

with the3-pointnormalization,andonefor eigenlight-fieldswith themulti-point normalization.

As canbeseen,eigenlight-fieldsoutperformstheothertwo algorithms.In particular, it is better

ableto recognizethefacewhenthegalleryandprobeposesarevery different. This is witnessed

by theeigenlight-field curvesin Figure8 beinghigherat theextremitiesof theprobeposerange.

The resultsin Figures7 and8 are summarizedin Table3. In this table we include the

averagerecognitionratecomputedover all disjoint gallery-probeposes.As canbe seen,eigen
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(c) FaceIt (d) Eigenfaces

Figure7: A comparisonwith FaceItandeigenfacesfor facerecognitionacrossposeon thePIE database.
For eachpairof galleryandprobeposes,weplot thecolor-codedaveragerecognitionrate.Thefactthatthe
imagesin (a)and(b) arelighter in color thanthosein (c) and(d) impliesthatouralgorithmperformsbetter.

light-fieldsoutperformsboththestandardeigenfacesalgorithmandthecommercialFaceItsystem.

We next performeda similar comparisonusingtheFERETdatabase[20]. Justaswith the

PIE database,we selectedthe gallery poseasoneof the 9 FERETposesandthe probeposeas

any otherof the remaining8 FERETposes. For eachdisjoint pair of gallery andprobeposes,

we computetheaveragerecognitionrateover all subjectsin theprobeandgallerysets,andthen

averagetheresults.Theresultsarevery similar to thosefor thePIE databaseandaresummarized
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Figure8: Several “cross-sections”throughthe confusionmatricesin Figure7. In eachfigure we fix the
poseof thegalleryandonly vary theposeof theprobe.Weplot four curves,oneeachfor eigenlight-fields
with the3-pointnormalization,eigenlight-fieldswith themulti-pointnormalization,eigenfaces,andFaceIt.
Theperformanceof eigenlight-fields is superiorto that for theothertwo algorithms,particularlywhenthe
poseof thegalleryandprobeareradicallydifferent.Eigenlight-fieldsrecognizesfacesbetteracrosspose.

in Table4. Again,eigenlight-fieldsperformssignificantlybetterthanbothFaceItandeigenfaces.

Overall, theperformanceimprovementof eigenlight-fieldsover theothertwo algorithms

is more significanton the PIE databasethan on the FERET database.This is becausethe PIE

databasecontainsmorevariationin posethantheFERETdatabase.SeeFigures5 and6.
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Table3: A comparisonof eigenlight-fields with FaceItandeigenfacesfor facerecognitionacrosspose

on thePIE database.The tablecontainstheaveragerecognitionratecomputedacrossall disjoint pairsof

galleryandprobeposes;i.e. this tablesummarizestheaverageperformancein Figure7.

Eigenfaces FaceIt EigenLight-Fields EigenLight-Fields

3-PointNormalization Multi-Point Normalization

AverageRecognitionRate 16.6% 24.3% 52.5% 66.3%

Table4: A comparisonof eigenlight-fieldswith FaceItandeigenfacesfor facerecognitionacrossposeon
theFERETdatabase.The tablecontainstheaveragerecognitionratecomputedacrossall disjoint pairsof
galleryandprobeposes.Again,eigenlight-fieldsoutperformsbotheigenfacesandFaceIt.

Eigenfaces FaceIt EigenLight-Fields

3-PointNormalization

AverageRecognitionRate 53.2% 70.8% 80.3%

3.5.4 Experiment 2: Impr ovementwith the Number of Input Images

Sofar we have assumedthat just a singlegalleryandprobeimageareavailableto thealgorithm.

Whathappensif moregalleryand/orprobeimagesareavailable?In Experiment2 we investigate

theperformanceof eigenlight-fieldswith differentnumbersof imagesusingthePIEdatabase.To

computetherecognitionratewith 
 galleryimages,weselecteverypossiblesetof 
 galleryposes

and � probepose.In total thisamountsto �#T@���`Si�2"#"#"$�h�cT�H�
N�G��
�� differentcombinationsof poses.

We thencomputetheaveragerecognitionratefor eachsuchcombinationandaveragetheresults.

We plot theoverall averagerecognitionrateagainstthenumberof gallery imagesin Figure9(a).

As canbeseen,eigenlight-fieldsis ableto estimateamoreaccuratelight-field usingmoregallery

imagesandtherebyobtainahigherrecognitionrate.

Eigen light-fields canalso take advantageof more thanoneprobeimage. We therefore

repeatedExperiment2 but reversedthe roles of the gallery and probe. The resultsare shown

in Figure9(b). Again the performanceincreaseswith the numberof probeimages,however the
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Figure9: (a) The improvementin the performanceof our algorithmwith increasingnumbersof gallery
images.Using theadditionalimages,eigenlight-fields is ableto estimatethe light-fields moreaccurately
andtherebyobtainsa higherrecognitionrate. (b) Theperformanceof eigenlight-fieldsalsoimproveswith
thenumberof probeimages.Theperformanceincreaseis greaterwith increasednumbersof galleryimages
becausetheaccuracy of the light-field of every gallerysubjectis improved. On theotherhand,with more
probeimages,theaccuracy of just theoneprobesubjectis improved.

benefitof using multiple probeimagesis not as much as the benefitof using multiple gallery

images.With multiplegalleryimagestheaccuracy of thelight-field of everysubjectin thegallery

is improved.With moreprobeimages,theaccuracy of thelight-field of justthesingleprobesubject

is improved.

3.5.5 Experiment 3: Matching Sub-Images

Wejust illustratedhow theperformanceof eigenlight-fieldsimprovesif moregalleryand/orprobe

imagesareavailable. Eigenlight-fieldscanuseany subsetof thelight-field. In particular, it does

not evenneeda completeimage.To validatethis property, we ranthefollowing experiment.We

repeatedExperiment1,but for eachpairof galleryandprobeposes,werandomlyselectedacertain

percentageof thepixels in themaskedimage.We thencomputetheaveragerecognitionratejust

usingthis subsetof thepixels. This processis repeatedfor 100randomsamplesof pixelsandthe

resultsaveraged.Theresultsareplot in Figure10 for a varietyof pixel percentagesrangingfrom
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Figure10: Theperformanceof eigenlight-fieldswith asubsetof theimagesusingthe3-pointnormalization
andthePIE database.Theaveragerecognitionrateis plot againstthepercentageof pixels in theprobeand
galleryimages.A subsetof theimagescanbeusedwithoutany significantreductionin therecognitionrate.

10%to 100%(thecompleteimage).Theseresultswereobtainedusingthe3-pointnormalization

andsotheperformancewith 100%is 52.5%,asperTable3. Thefigureclearlydemonstratesthat

asubsetof theimagescanbeusedwithout any significantreductionin therecognitionrate.

3.5.6 Experiment 4: Division of the Input ImagesbetweenGallery and Probe

In Experiment2 weexaminedthebenefitsof usingmorethanonegalleryor probeimage.Suppose

that 
 galleryandprobeimagesareavailablein total. Is it betterto use 
�H�� galleryand � probe

imagesor 
��!S gallery and 
1�!S probeimages? In order to answerthis question,we conducted

Experiment4. Given 
 images,we generatedeverypossiblecombinationof 
 H¡� galleryimages

and � probeimage(as in Experiment2) andevery possiblecombinationof 
��!S gallery images

and 
��!S probeimages.Wethencomputedtheaveragerecognitionratefor eachcase.Similarly we

switchedtherolesof galleryandprobe.Theresultsareshown in Figure11. Theconclusionis clear.

It is betterto divide theimagesequallybetweengalleryandproberatherthanasymmetrically.

Onepossibleconclusionfrom this result is that addingmore that one imageto eachof

the probeandgallery allows a betterestimateof the light-field. Having two moreaccurateesti-

matesresultsin betterperformancethanhaving oneveryaccurateestimateandonenotsoaccurate
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Figure11: (a)Theperformanceof using ¢C�¦£ galleryimagesand £ probeimageversususing ¢	¥#� of each.
Theempiricalevidencesuggeststo split up theimagesevenly into galleryandprobe.(b) Theperformance
of using £ gallery imageand ¢§�¨£ probeimagesversususing ¢	¥#� of each.Again splitting up the images
evenly achieveshigherrecognitionrates.Having two moreaccurateestimatesof the light-fields resultsin
betterperformancethanhaving onevery accurateestimateandonenot soaccurateestimate.

estimate.

4 Fisher Light-Fields for FR AcrossPoseand Illumination

After posevariationthenext mostsignificantfactoraffectingtheappearanceof facesis illumina-

tion. In many facerecognitionapplicationscenariosboth theposeand illumination of theprobe

andgallery imagesmay be different. The gallery imagesmay be two frontal andprofile “mug-

shots”capturedin well controlledlighting. Theprobemaybea single3/4 view capturedfrom a

surveillancecamerain thecornerof a roomwith strongoverheadlighting.

Whereasfacerecognitionacrossposehasreceived very little attentionin the literature,a

numberof approacheshave beenproposedfor facerecognitionacrossillumination. Examplesin-

clude,discardingthefirst 3 eigen-vectorsin eigenfaces,usingdiscriminantanalysis[3], andusing

imageillumination cones[5]. Someof theseapproaches,for exampleimageillumination cones

[5], requiremultiple gallery imagescapturedwith significantillumination variation. We would
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likeanalgorithmthatcanoperatewith justasinglegalleryandprobeimage.Wechoseto combine

Fisherfaces[3] with eigenlight-fields[13] to obtainFisherlight-fields[14]. After describinghow

thesetwo techniquescanbecombinedto give an algorithmfor facerecognitionacrossposeand

illumination,wecompletethis sectionby presentingexperimentalresultsin Section4.2.

4.1 Fisher Light-Fields

Supposenow thatwe aregivena setof light-fields �i��[ ©L�/�0���1� , �ª�«�!�#"#"$"$�5&��.¬ �«�!�#"#"$"$��­ where

eachof & objects®¯� is imagedunder ­ differentillumination conditions.We couldproceedas

describedabove andperformPrincipalComponentAnalysison the whole setof & �°­ light-

fields. This approachignoresobjectaffiliations andeffectively re-indexesthesetof light-fieldsas

�i±l��²R� �l�#"#"#"%�5&³�¤­ . Definethetotal scattermatrix ´	µ as:

´	µ �·¶-¸!¹: ±5;>= �/�i±!���������IH¨º����/�\±l���������IHuºI�
µ

whereº is themeanof thecompletelight-field set.PCAdeterminestheorthogonalprojection » :

¼ ±6�U» µ �i±!���������'��²R�^�!�$"#"#"$�'&³�¤­ (7)

thatmaximizesthedeterminantof thetotal scattermatrixof theprojectedsamples¼ =%�$"#"#"$� ¼ ¶-¸!¹ :

»�½A¾�¿�� ���O�\�
�`ÀÁ M�» µ ´	µa»^MÂ"
Thisscatterstemsfrom both inter-classvariationsbetweentheobjects,aswell asfrom intra-class

variationwithin theobjectclasses.In practice,mostof thescatteris dueto illumination changes.

ConsequentlyPCA encodestheillumination variationsandfails to discriminatewell betweenob-

ject classes.An alternative approachis Fisher’s Linear Discriminant[10], alsoknown asLinear

DiscriminantAnalysis[27]. Fisher’s Linear Discriminantusestheavailableclassinformationto

computeaprojectionbettersuitedfor discriminationtasks.

Definethewithin-classscattermatrix ´1Ã as:

´1ÃÄ� ¶: �<;>= ¹
:
©h;>= ������[ ©`���������IHÅºe�/���/����[ ©`���0�5���IHuºa�Y�

µ
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whereºe� is themeanof class� . Furthermoredefinethebetween-classscattermatrix ´aÆ as

´aÆX� ¶: �<;>= &y���/ºa�>H¨º����Yºa�>Huº��
µ

where &k� refersto the numberof samplesin class � . Fisher’s Linear Discriminantcomputesthe

projection Ç thatmaximizestheratio:

Ç¯½A¾�¿�� �l�O�\�È�LÀÉ MlÇ µ ´aÆIÇjMMlÇ µ ´1ÃRÇjM "
Theoptimalprojection Ç¯½A¾�¿ is foundby solvingthegeneralizedeigenvalueproblem:

´aÆ�ÇÊ� ? ´1ÃRÇ�"
Due to thestructureof the data,thewithin-classscattermatrix ´1Ã is alwayssingular. We over-

comethis problemby first usingPCA to reducethedimensionandthenapplyingFisher’s Linear

Discriminant[3] in thelowerdimensionalPCAsubspacewherethewithin-classscattermatrix ´1Ã
is non-singular. The overall projectionis given by Ë µ½A¾�¿ �ÌÇ µ½A¾�¿ » µ ½�¾d¿ . Analogouslyto the Eigen

Light-Field EstimationAlgorithm, with Fisherlight-fieldswefind theleastsquaressolutionto:

�4���������NH Z: ��;>=�? �ÍË]�.�/�0���1�g�UJ (8)

whereË]�B�'���^�l�#"#"#"%�'W arethegeneralizedeigenvectorsof ´aÆ and ´1Ã . Notethatthereareatmost

&ÎH¡� nonzerogeneralizedeigenvectors.Thisextensionof eigenlight-fieldsto Fisherlight-fields

mirrorsthestepfrom eigenfacesto Fisherfacesasproposedin [3].

4.2 Experimental Results

4.2.1 Databases

For our facerecognitionacrossposeandillumination experiments,we usedtheposeandillumi-

nationsubsetof the PIE database[23]. In this subset,68 subjectsareimagedunder13 different

posesand21 illumination conditions.Many of the illumination directionsintroducefairly subtle
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Figure 12: An illustration of the poseand illumination variation in the CMU PIE database[23]. The

posevariesfrom full right profile (c22) to full frontal (c27)andon to full left profile (c34). Similarly, the

illumination (flash)locationsspanthefull rangefrom right profile (f16) to left profile (f02).

32



variationsin appearanceandsoweselected12of the21illuminationconditionswhichspantheset

widely. Thesetof 13 posevariationsand12 illumination variationsareillustratedfor onesubject

in Figure12. In total we usedÏ!�§�°�#TÈ�Å�`SÐ�Ñ�cJ��5Ï!Jl�l� imagesin theexperiments.Althoughthe

PIEdatabasecontainscolor images,all of theexperimentsin this paperusegreyscaleimages.

4.2.2 Selectingthe Gallery, Probe,and GenericTraining Data

We selectthegenerictrainingdatajust asin Section3.5.2.We randomlyselectTl� subjectsof the

PIE databasefor thegenerictrainingdataandthenremove this datafrom theexperiments.There

arethenavarietyof waysof selectingthegalleryandprobeimagesfrom theremainingdata:

SamePose,Differ ent Illumination: Thegalleryandprobeposesarethesame.Thegalleryand

probeilluminationsaredifferent. This scenariois like traditional facerecognitionacross

illumination,but is performedseparatelyfor eachpose.

Differ ent Pose,SameIllumination: Thegalleryandprobeposesaredifferent. Thegalleryand

probeilluminationsare the same. This scenariois like traditional facerecognitionacross

pose,but is performedseparatelyfor eachpossibleillumination.

Differ ent Pose,Differ ent Illumination: Both theposeandillumination of theprobeandgallery

aredifferent.This is thehardestandmostgeneralscenario.

4.2.3 Experiment 5: Comparison with Other Algorithms

Wecompareouralgorithmswith FaceItunderthesethreescenarios.In all caseswegenerateevery

possibletestscenarioandthenaveragetheresults.For “samepose,differentillumination”, for ex-

ample,weconsidereverypossiblepose.We thengenerateeverypair of disjoint probeandgallery

illuminationconditions.Wethencomputetheaveragerecognitionratefor eachsuchcase.For ex-

ample,we might compareprobeposec27,illumination f11 againstgalleryposec27,illumination

f21. We thenaverageovereveryposeandeverypair of distinctilluminationconditions.
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Table5: A comparisonof theperformanceof eigenlight-fieldsandFisherlight-fieldswith FaceIton three

differentfacerecognitionacrossposeandillumination scenarios.In all threecases,eigenlight-fields and

Fisherlight-fieldsoutperformFaceItby a largemargin.

EigenLight-Fields FisherLight-Fields FaceIt

Samepose,Differentillumination - 81.1 41.6

Differentpose,Sameillumination 72.9 - 25.8

Differentpose,Differentillumination - 36.0 18.1

Theresultsareincludedin Table5. For “same-pose,differentillumination,” thetaskis es-

sentiallyfacerecognitionacrossillumination separatelyfor eachpose.In this case,it makeslittle

senseto try eigenlight-fields sincewe know how poorly eigenfacesperformswith illumination

variation.Fisherlight-fieldsbecomesFisherfacesfor eachposewhichempiricallywefind outper-

formsFaceIt.Exampleillumination “confusionmatrices”areincludedfor two posesin Figure13.

For “dif ferentpose,sameillumination,” thetaskreducesto facerecognitionacrossposebut

for avarietyof differentilluminationconditions.In thiscasethereis no intra-classvariationandso

it makeslittle senseto applyFisherlight-fields. This experimentis thesameasExperiment1 but

theresultsareaveragedovereverypossibleilluminationcondition.As wefoundfor Experiment1,

eigenlight-fieldsoutperformsFaceItby a largeamount.

Finally, in the “dif ferentpose,differentillumination” taskboth algorithmsperformfairly

poorly. Thetaskis verydifficult, however, ascanbeseenin Figure12. If theposeandillumination

arebothextreme,almostnoneof thefaceis visible. Sincethiscasemightoccurin eithertheprobe

or thegallery, thechancesthatsucha difficult caseoccursis quite large. Althoughmorework is

neededon this task,notethatFisherlight-fieldsstill outperformsFaceItby a largeamount.
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Figure13: Example“confusionmatrices”for the “same-pose,different illumination” task. For a given
pose,andapairof distinctprobeandgalleryilluminationconditions,wecolor-codetheaveragerecognition
rate.Thesuperiorperformanceof Fisherlight-fieldsis witnessedby thelighter color of (a–b)over (c–d).

5 Conclusion

5.1 Summary

Appearance-basedobjectrecognitionusespixelsor measurementsof light in thesceneasits fea-

tures.In theultimatelimit, thesetof all suchmeasurementsis theplenopticfunctionor light-field.

In this paperwe have exploredappearance-basedobject recognitionfrom light-fields. We first
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analyzedthe theoreticaldistinguishabilityof objectsfrom their imagesandlight-fields. We pre-

senteda numberof resultswhich show thattheoreticallyobjectscanbedistinguishablefrom their

light-fields in casesthat they areambiguousfrom just a single image. This theoreticalanalysis

motivatestrying to build appearance-basedobjectrecognitionalgorithmsthatuseasmuchof the

light-field asis available,beit a singleimage,apair of images,or multiple images.

In thesecondhalf of thispaperweproposedanappearance-basedalgorithmfor facerecog-

nition acrossposebasedon an algorithmto estimatethe (eigen)light-field from a collectionof

images.This algorithmcanuseany numberof gallery imagescapturedform arbitraryposesand

any numberof probeimagesalsocapturedfrom arbitraryposes.Thegalleryandprobeposesdo

not needto overlap,andany numberof gallery andprobeimagescanbe used. We showed that

our algorithmcanreliably recognizefacesacrossposeandalsotake advantageof the additional

informationcontainedin widely separatedviewsto improverecognitionperformanceif morethan

onegalleryor probeimageis available.Weextendedouralgorithmto recognizefacesacrossboth

poseandillumination simultaneouslyby generalizingeigenlight-fields [13] to Fisherlight-fields

[14], analogouslyto how eigenfaces[25] canbegeneralizedto Fisherfaces[3].

5.2 Limitations and Futur eWork: Normalization

Appearance-basedobjectrecognitionalgorithmsrequirethattheimagesbealigned.In eigenfaces

[25] the imagesare normally warpedso that the eyes, and perhapsthe nose,are in canonical

locations.Why is this alignmentneeded?It is neededto make surethat the featuresusedin the

trainingphasematchup with the featuresusedin the testingphase.As we have pointedout, the

featuresusedin appearance-basedalgorithmsaretheradiancesof light alongcertainraysin space.

For suchalgorithmsto bemeaningful,the light radiatedfrom thecheekof oneperson,say, must

correspondto thesamefeaturesasthelight radiatedfrom thecheekof anotherperson.

With 2D imagesof frontal facesa simpletranslation(or perhapsanaffine warp)is enough

to registerfaces.With light-fieldsof 3D objects,the registrationis a 6 DOF rigid transformation
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(rotation plus translation)in the 3D world (perhapsfollowed by a correctionfor the intrinsics

of the camera.)Although performingsucha registrationis moredifficult in 3D, in essenceit is

performingthesamefunctionasthesimpletranslationor affinewarpin 2D, namelyto ensurethat

thesamelight rayscorrespondto thesamepixels(features.)

In this paperwe usedtwo differentnormalizationsbasedon manuallymarkedlocationsof

the eyesandnose,etc, combinedwith the known poseof the face,to performthis registration.

SeeSection3.4.1for the details. The essenceof this stepis to convert the input imageinto the

light-field coordinateframein away thatthesamelight raysfor eachsubject(trainingandtesting)

getmappedto thesamepixelsin thelight-field. At presentour algorithmis somewhatad-hocand

requiresuserinput in theform of featurepoint location.Wearecurrentlyworkingonusing“active

appearancemodels”[9] to performthis registrationin amoreprincipledandautomatedway.
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