
To Appearin theIEEETransactionson PatternAnalysisandMachineIntelligence

Appearance-BasedFaceRecognitionand Light-Fields

Ralph Gross,Iain Matthews, and SimonBaker

TheRoboticsInstitute
CarnegieMellon University

Pittsburgh,PA 15213

Abstract

Arguablythe mostimportantdecisionto be madewhendevelopinganobjectrecog-
nition algorithmis selectingthescenemeasurementsor featureson which to basethe
algorithm. In appearance-basedobjectrecognitionthe featuresarechosento be the
pixel intensityvaluesin animageof theobject.Thesepixel intensitiescorresponddi-
rectly to theradianceof light emittedfrom theobjectalongcertainraysin space.The
setof all suchradiancevaluesoverall possibleraysis known astheplenopticfunction
or light-�eld . In this paperwe developa theoryof appearance-basedobjectrecogni-
tion from light-�elds. This theoryleadsdirectly to analgorithmfor facerecognition
acrossposethatusesasmany imagesof thefaceasareavailable,from oneupwards.
All of the pixels,whichever imagethey comefrom, aretreatedequallyandusedto
estimatethe(eigen)light-�eld of theobject. Theeigen light-�eld is thenusedasthe
setof featureson which to baserecognition,analogouslyto how thepixel intensities
areusedin appearance-basedfaceandobjectrecognition.

Keywords: Appearance-basedobjectrecognition,facerecognition,light-�elds, eigen
light-�elds, facerecognitionacrosspose.





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[19],

theapproachitself datesbackto Turk andPentland'sEigenfaces[28] andperhapsbefore[27]. The

de�ning characteristicof appearance-basedalgorithmsis that they directly usethepixel intensity

valuesin animageof theobjectasthefeatureson which to basetherecognitiondecision.

The pixel intensitiesthat areusedasfeaturesin appearance-basedalgorithmscorresponddi-

rectly to theradianceof light emittedfrom theobjectalongcertainraysin space.Althoughthere

maybevariousnon-linearitiescausedby theoptics(e.g.vignetting),theCCD sensoritself, or by

gammacorrectionin thecamera,thepixel intensitiescanbethoughtof asapproximatelyequivalent

to theradianceof light emittedfrom theobjectin thedirectionof thepixel.

Theplenopticfunction[1] or light-�eld [13,17] speci�estheradianceof light alongall raysin

thescene.Hence,the light-�eld of anobjectis thesetof all possiblefeaturesthatcouldbeused

by anappearance-basedobjectrecognitionalgorithm. It is natural,therefore,to investigateusing

light-�elds (asanintermediaterepresentation)for appearance-basedobjectrecognition.In the�rst

partof thispaperwedevelopa theoryof appearance-basedobjectrecognitionfrom light-�elds. In

thesecondpartweproposeanalgorithmfor facerecognitionacrossposebasedonanalgorithmto

estimatethe(eigen)light-�eld of a facefrom asetof images.

1.1 Theoretical Propertiesof Light-Fields for Recognition

Therearea numberof importanttheoreticalquestionspertainingto objectrecognitionfrom light-

�elds. Someexamplesare:

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

minationconditions?” wasrecentlyposedandansweredin [5]. Becausean imagesimply

consistsof a subsetof measurementsfrom thelight-�eld, it is naturalto askthesameques-

tion aboutthesetof all light-�elds of anobject. Answeringthis secondquestionmayalso
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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-�elds?”

In the�rst partof thispaperwederiveanumberof fundamentalpropertiesof objectlight-�elds. In

particular, we �rst investigatethesetof all possiblelight-�elds of anobjectundervaryingillumi-

nation.Amongstotherthingsweshow thatthesetof all light-�elds is a convex cone,analogously

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

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

two objectshavethesameshapethey cannotbedistinguished,evengiventheir light-�eld. Thesit-

uationfor objectswith differentshapesis differenthowever. Weshow thattwo objectscanalmost

alwaysbedistinguishedfrom their light-�elds if they havedifferentshapes.

1.2 FaceRecognitionUsingLight-Fields

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

theoreticallymorepowerful thanobjectrecognitionfrom singleimages.Capturinganentirelight-

�eld is normallynot appropriatefor objectrecognitionhowever; it requireseithera largenumber

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

in practicalobjectrecognitionalgorithms.In thesecondpartof thispaperwedevelopanalgorithm

for facerecognitionacrossposethat is basedon an algorithmto estimatethe (eigen)light-�eld

of an objectfrom an arbitrarycollectionof images[14]. (This algorithmis closelyrelatedto an

algorithmfor dealingwith occlusionsin theeigen-spaceapproach[7,16].) Theeigenlight-�eld,

onceit hasbeenestimated,is thenusedasan enlargedsetof featureson which to basethe face

recognitiondecision.Someof theadvantageouspropertiesof thisalgorithmareasfollows:

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

test(probe)sets.Moreover, noneof thetrainingimagesneedto havebeencapturedfrom the
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sameposeasany of thetestimages.For example,theremight be two testimagesfor each

person,a full frontal view anda full pro�le, andonly onetraining image,a half pro�le. In

thisway, ouralgorithmcanperform“f acerecognitionacrosspose.”

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

timatingthelight-�eld. In particular, weprovethatthelight-�eld estimatedby ouralgorithm

correctlyre-rendersimagesacrosspose(undersuitableassumptionsabouttheobjects.)We

alsovalidatethis re-renderingempirically.

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

implicit shapeinformation)is incorporatedinto abetterestimateof thelight-�eld. The�nal

facerecognitionalgorithmthereforeperformsbetterwith moreinput images.

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

andillumination,” asweshowedin [15].

1.3 Paper Overview

We begin in Section2 by introducingobjectlight-�elds andderiving someof their fundamental

properties.Wecontinuein Section3 by describingeigenlight-�elds andtheirusein ouralgorithm

for facerecognitionacrosspose. In extensive evaluationswe comparethe performanceof eigen

light-�elds to standardfacerecognitionalgorithmson both the FERET[22] andCMU PIE [26]

databases.Weconcludein Section4 with asummaryandadiscussion.

2 Object Light-Fields and Their Propertiesfor Recognition

2.1 Object Light-Fields

The plenopticfunction [1] or light-�eld [17] is a function which speci�es the 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 [20], thelight-�eld is actuallyonly a4D function,a2D functionof positionde�ned
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Figure1: An illustrationof the2D light-®eld [17] of a2D object.Theobjectis conceptuallyplacedwithin
a circle. The angleto the viewpoint � aroundthe circle is measuredby the angle

�

andthe directionthat
theviewing ray makeswith theradiusof thecircle by � . For eachpair of angles

�

and � , the radianceof
light reachingtheviewpoint is denoted���

���

�	� , thelight-®eld [17]. Althoughthelight-®eld of a 3D object
is actually4D, we will continueto usethe2D notationof this®gurefor easeof explanation.

over a 2D surface,anda 2D functionof direction[13,17]. In 2D, thelight-�eld of a 2D objectis

only 2D. SeeFigure1 for anillustrationof the2D light-�eld of a2D object.

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-�elds. Sinceanimagejust consistsof a subset

of theraysin thelight-�eld, it is notsurprisingthatthesameresultalsoholdsfor light-�elds:

Theorem 1 Thesetof 
 -pixel light-�elds ofanyobject,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 in�nity . It is straightforwardto show that this subsetof

illuminationconditionsis a convex coneandthereforethatthefollowing theoremalsoholds:
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Table1: A comparisonof imageillumination conesandlight-®eld illumination cones.Themainpoint to
noteis that in threeof thefour cases,thelight-®eld illumination coneis a ªsmallerºsubsetof thesetof all
light-®eldsthanthecorrespondingimageilluminationconeis asubsetof thesetof all images.

ImageIlluminationCone Light-®eld IlluminationCone

Arbitrary IlluminationConditions Alwaysexactlyequals Cansometimesbe
Any Convex Object thesetof all images thesetof all light-®elds

Arbitrary IlluminationConditions Alwaysexactlyequals Never is
Convex LambertianObject thesetof all images thesetof all light-®elds

PointLight Sourcesat In®nity Cansometimesbe Cansometimesbe
Any Convex Object full-dimensional full-dimensional

PointLight Sourcesat In®nity Cansometimesbe Never is
Convex LambertianObject full-dimensional full-dimensional

Theorem 2 Thesetof 
 -pixel light-�elds of any object, illuminatedby an arbitrary numberof
point light sourcesat in�nity , is a convex conein �

� .

Theseresultsareanalogousto thosein [5]. Moreover, sinceTheorems1 and2 clearlyalsohold for

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

When we investigatethe natureof the illumination conesin more detail, however, we �nd

several differencesbetweenimagesandlight-�elds. 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 re�ectance

function.Theonly minor requirementis thatnopointon theobjecthaszerore�ectance.

Thesituationis differentfor light-�elds. It is possibleto choosere�ectancefunctionsfor which

thelight-�eld illuminationconeis equalto thesetof all light-�elds. Onesimpleexampleis to usea

“mirrored” object.However, for mostre�ectancefunctionsthelight-�eld illumination coneis not

equalto thesetof all light-�elds. Oneexampleis Lambertianre�ectance.In this case,the light-

�eld coneneverequalsthesetof all light-�elds becauseany two pixelsin thelight-�eld thatimage

thesamepointontheobjectwill alwayshavethesameintensity. For Lambertianobjectstheimage

illumination coneacrossarbitraryillumination conditionsstill exactlyequalsthesetof all images

becausethepixelscanstill all besetindependentlyby choosingtheilluminationappropriately.
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For point light sourcesat in�nity (ratherthanfor arbitraryillumination conditions),theresults

aresimilar. Theimageilluminationconecansometimesbefull-dimensional.For convex Lamber-

tian objectsthe dimensionalityequalsthe numberof distinct surfacenormals. (See[5] Proposi-

tion 5.) If eachsurfacenormalis different,the imageillumination coneis full-dimensional.For

light-�elds, however, the light-�eld illumination coneof a convex Lambertianobjectwith point

light sourcesat in�nity is never full dimensionalbecauseany two pixels in the light-�eld that

imagethesamepointon thesurfacewill alwayshave thesameintensity.

The trend in Table1 is clear. Object recognitionin the presenceof illumination changesis

“theoretically” easierusinglight-�elds thanwith images.Usingeithermodel(arbitraryillumina-

tion or point light sourcesat in�nity) thelight-�eld illumination coneis a “smaller” subsetof the

setof all light-�elds thantheimageilluminationconeis 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 propertymakesclassi�cationmucheasierbecauseapply-

ing a linearclassi�er is in generalfareasierthandeterminingwhich illuminationconeanimageor

light-�eld 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-�eld illumination cones.In this sec-

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

theoreticallyeasierfor light-�elds thanfor 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
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camefrom.It is notevenpossibleto eliminateanyconvex objectsaspossibilities.

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

sourcesat in�nity thesituationis morefavorable;empiricallythevolumeof theimageillumination

coneis muchlessthanthespaceof all images.It is alsopossibleto show that therearepairsof

objectsthataredistinguishableunderthis smallersetof lighting conditions:

Theorem 3 Thereexistpairsof objectsfor which theintersectionof their illuminationcones(over
thesetof illuminationconditionsconsistingof arbitrary numbersof point light sourcesat in�nity)
only consistsof the black (all zero) image; i.e. there are pairs of objectsthat are alwaysdistin-
guishable(over thesetof illuminationconditionswhich consistof point light sourcesat in�nity .)

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. �

Althoughwehaveshown thattherearepairsof objectsfor which theimageilluminationcones

(for point light sourcesat in�nity) only intersectat theall black image,therearepairsof objects

for which their imageilluminationconesdo intersect.

Theorem 4 Thereexistpairsof objectsfor which theintersectionof their illuminationcones(over
thesetof point light sourcesat in�nity) consistsof more than just theblack (all zero) image; i.e.
therearepairsof objectsthataresometimeindistinguishable(overpoint light sourcesat in�nity .)

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 dif�cult, and in many cases“theoretically” impossible. If the objects

are the sameshape,convex, and Lambertian,intuitively the light-�eld shouldnot containany

additionalinformation.It is no surprise,then,thatit is fairly straight-forwardto proveananalogy

of Corollary1 for (convex Lambertian)objectsof thesameshape:
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Theorem 5 Thelight-�eld illuminationconesoverall possiblelighting conditionsof anytwocon-
vex, Lambertianobjectsof thesameshapeareexactlyequal.

Proof: Givenarbitrarylighting, it is possibleto generateany incomingradiancedistribution over

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

for any convex object(subjectto thenecessaryandsuf�cient constraintthatraysimagingthesame

pointon thesurfaceof theobjecthave thesameintensity.) �

Distinguishing(convex Lambertian)objectsof thesameshapefrom their light-�elds is there-

fore impossiblewithout any assumptionson the illumination. If assumptionsaremadeaboutthe

illumination, thesituationis different.As in Theorems3 and4 above, if theillumination consists

of point light sourcesat in�nity two objectsof thesameshapemayor maynotbedistinguishable.

Theorem 6 Thereexistpairsof same-shapeconvex, Lambertianobjectsfor which theintersection
of their light-�eld illumination cones(over thesetof point light sourcesat in�nity) only consists
of theblack (all zero) light-�eld; i.e. there are pairs of same-shapeobjectsthat are alwaysdistin-
guishable(over thesetof point light sourcesat in�nity .)

Proof: Essentiallythesameastheproofof Theorem3. �

Theorem 7 There exist pairs of convex, Lambertianobjectswith the sameshapefor which the
intersectionof their light-�eld illumination cones(over the setof point light sourcesat in�nity)
consistsof morethanjust theblack (all zero) image; i.e. therearepairsof same-shapeobjectsthat
aresometimeindistinguishableevengiventheir light-�elds.

Proof: Essentiallythesameastheproofof Theorem4. �

2.3.3 Distinguishability of Differently-ShapedObjects fr om Their Light-Fields

Intuitively the situationfor differently shapedobjectsis different. The light-�eld containscon-

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

longasthelight-�eld doesnotcontainany extendedconstantintensityregions,it uniquelyde�nes

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

differentlyshapedobjectsmustonly containlight-�elds thathaveconstantintensityregions.

Theorem 8 The intersectionof the light-�eld illumination conesover all possiblelighting con-
ditionsof any two Lambertianobjectsthat havedifferentshapesonly consistsof light-�elds that
haveconstantintensityregions.
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Table2: The distinguishabilityof objectsfrom their imagesandlight-®elds. The main point to note is
that if two objectshave the sameshape,the light-®eld 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-®eldsthanit is from singleimages.

Arbitrary Illumination PointLight Sources
Conditions at In®nity

Imagesof Two NeverDistinguishable SometimesDistinguishable(Thm.3)
Convex LambertianObjects (Corollary1) SometimeIndistinguishable(Thm.4)

Light-®eldsof Two SameShape NeverDistinguishable SometimesDistinguishable(Thm.6)
Convex LambertianObjects (Theorem5) SometimeIndistinguishable(Thm.7)

Light-®eldsof Two Differently Distinguishableif No AlwaysDistinguishableif No
ShapedLambertianObjects ConstantIntensity(Thm.8) ConstantIntensity(Thm.8)

This theoremimpliesthat two differentlyshapedLambertianobjectscanalwaysbedistinguished

from any light-�eld thatdoesnotcontainconstantintensityregions.

2.3.4 Summary

We have describedvariousconditionsunderwhich pairsof objectsaredistinguishablefrom their

imagesor light-�elds. 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 in�nity , thesituationis a little better.

Somepairsof objectscanalwaysbedistinguished,but otherpairsaresometimesindistinguishable.

If theobjectshave thesameshapethesituationis thesamewith light-�elds. Light-�eld don't

addto thediscriminatorypower of a singleimage. If theobjectshave differentshapesthe light-

�eld addsalot of discriminatorypower. Solongasthelight-�eld hasnoconstantintensityregions,

any pair of differentlyshapedobjectscanbedistinguishedunderany illuminationconditions.

2.4 Implications

The implication of thesetheoreticalresultsis as follows. The light-�eld providesconsiderable

informationaboutthe shapeof objectsthat canhelp distinguishbetweenthemin unknown, ar-

bitrary illumination conditionsunderwhich they would be indistinguishablefrom singleimages.
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Although it is practically impossibleto capturethe entirelight-�eld for mostobjectrecognition

tasks,sometimesit maybepossibleto capture2-3 images.Ideallywe would likeanobjectrecog-

nition algorithmthatcanuseany subsetof thelight-�eld; asingleimage,apairof images,multiple

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

implicit shapeinformationin the light-�eld. In the remainderof this paperwe describeexactly

suchanalgorithm,the�rst stepof which is to estimatethelight-�eld from theinput image(s).

3 EigenLight-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 pro�le view, like theimagestypically capturedby policedepartments.Theprobemaybe

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

Until recently facerecognitionacrosspose(i.e. when the gallery and probehave different

poses)hasreceived very little attentionin the literaturewith a few exceptions[6]. Algorithms

have beenproposedwhich canrecognizefaces[21] or moregeneralobjects[19] at a variety of

poses. In a recentgeneralizationof eigenfacesmulti-linear algebrais usedto computea repre-

sentationthatseparatesthedifferentmodesunderlyingtheformationof faceimagessuchaspose,

illuminationandexpression[29]. In limited experimentsanalgorithmbasedonthis representation

performsbetterthaneigenfaces.Most of thesealgorithmsrequiregallery imagesat every pose,

however. Algorithmshave beenproposedwhich do generalizeacrosspose,for example[12], but

this algorithmcomputes3D headmodelsusinga gallerycontaininga largenumberof imagesper

subjectcapturedwith controlledillumination variation. It cannotbeusedwith arbitrarygalleries

andprobes.Note, however, that concurrentwith this papertherehasbeena growing interestin

facerecognitionacrosspose. For example,Vetteret al. have developedan algorithmbasedon

�tting a3D morphablemodel[9,24].

Onatechnicallevel (althoughnotonanapplicationlevel), thework mostcloselyrelatedtoours
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is by VetterandPoggio[30]. In their paperVetterandPoggiointroducedanalgorithmfor there-

renderingof facesacrosspose.Our algorithm(describedin Section3.2) is a strict generalization

of this algorithm. Our algorithm is formulatedin termsof light-�elds, and so works with any

collectionof input images,or eveninput rays. Whenwe reduceour algorithmto only two views

it is (essentially)thesameasthealgorithmin [30]. Anothermajordifferencebetweenthis paper

and[30] is thatthealgorithmin [30] is neveractuallyusedto performfacerecognition.

In thissectionweproposeanalgorithmfor facerecognitionacrossposeusinglight-�elds. Our

algorithmcanuseany numberof gallery imagescapturedat arbitraryposes,andany numberof

probeimagesalsocapturedwith arbitraryposes.A minimumof 1 galleryand1 probeimageare

needed,but if moreimagesareavailabletheperformanceof ouralgorithmgenerallygetsbetter.

Ouralgorithmoperatesby estimating(a representationof) thelight-�eld of thesubject'shead.

First, generictraining datais usedto computean eigen-spaceof headlight-�elds, similar to the

constructionof eigen-faces[28]. Light-�elds aresimply usedratherthan images. Given a col-

lectionof galleryor probeimages,theprojectioninto theeigen-spaceis performedby settingup

a least-squaresproblemandsolving for the projectioncoef�cients similarly to approachesused

to dealwith occlusionsin the eigenspaceapproach[7, 16]. This simplelinear algorithmcanbe

appliedto any numberof images,capturedfrom any poses.Finally, matchingis performedby

comparingtheprobeandgallerylight-�elds usinganearestneighboralgorithm.

Theremainderof this sectionis organizedasfollows. We begin in Section3.1by introducing

theconceptof eigenlight-�elds beforepresentingthealgorithmto estimatethemfrom acollection

of imagesin Section3.2. After describingsomeof thepropertiesof this algorithmin Section3.3,

we thendescribehow thealgorithmcanbeusedto performfacerecognitionacrossposein Sec-

tion 3.4.Finally, wepresentourexperimentalresultsin Section3.5.

3.1 EigenLight-Fields

Supposewe are given a collection of light-�elds ���������
	�� where 
�� ������������� . SeeFigure 1

for the de�nition of this notation. If we (vectorizethe light-�elds and then)performan eigen-

decompositionof the vectorsusing Principal ComponentsAnalysis (PCA), we obtain ��� �

eigenlight-�elds ���������
	�� where 
 �!�������"���#� . Assumingtheeigen-spaceof light-�elds is a good
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Figure2: The1D imageof a 2D objectcorrespondsto a curve (surfacefor a 2D imageof a 3D object)in
thelight-®eld. Eachpixel correspondsto a ray in spacethroughthecamerapinholeandthelocationof the
pixel in the image.In generalthis ray intersectsthelight-®eld circle at a differentpoint for eachpixel. As
thepixel consideredªmovesºin theimage,thepointon thelight-®eld circle tracesoutacurve in

�

- � space.
Thiscurve is astraightverticalline iff theªeffective pinholeºliesonthecircleusedto de®nethelight-®eld.

representationof thesetof light-�elds underconsideration,wecanapproximateany light-�eld:

�������
	����

�

�

�����	�

� � � �����
	��
(1)

where
�

� ��
��������
	������ �������
	��
� is the inner (or dot) productbetween�������
	�� and � �������
	�� . This

decompositionis analogousto thatusedin faceandobjectrecognition[19,28]; it is justperformed

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

constantadditive termin Equation(1) andsubtractedfrom the light-�eld in thede�nition of
�

� if

sopreferred.Thereis very little differencein doingthishowever.)

3.2 Estimating Light-Fields fr om Images

Capturingthe completelight-�eld of an object is a dif�cult task,primarily becauseit requiresa

hugenumberof images[13,17]. In mostobjectrecognitionscenariosit is unreasonableto expect

morethanafew imagesof theobject;oftenjustone.As shown in Figure2, however, any imageof

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

this curve is asahighly occludedlight-�eld; only averysmallpartof thelight-�eld is visible.
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Canthecoef�cients
�

� beestimatedfrom this highly occludedview? Althoughthis mayseem

hopeless,notethatlight-�elds arehighly redundant,especiallyfor objectswith simplere�ectance

propertiessuchasLambertian.An algorithmis presentedin [16] to solve for theunknown
�

� for

eigen-images. A similar algorithm wasusedin [7]. Ratherthan using the inner product
�

� �


��������
	��#��� �������
	�� � , LeonardisandBischof[16] solve for
�

� astheleastsquaressolutionof:

�������
	��

�

�

�

�����	�

� � �������
	�� �

�

(2)

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

that �������
	�� liescompletelywithin theeigen-spaceandthatenoughpixelsareun-occluded,thenit

is well-known thatthesolutionof Equation(2) will beexactly thesameasthatobtainedusingthe

innerproduct:

Theorem 9 Assumingthat �������
	�� is in the linear spanof � � �������
	���� 
 � �������"� ��� , then
�

� �


��������
	��#��� �������
	�� � is alwaysanexactminimumsolutionof Equation(2).

Sincethereare � unknowns (
�

�������

�

� ) in Equation(2), at least � un-occludedlight-�eld pixels

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

betweenthe equations. In practice, �

�
	 times as many equationsas unknowns are typically

requiredto get a reasonablesolution [16]. Given an image � �
� � 
 � , the following is then an

algorithmfor estimatingtheeigenlight-�eld coef�cients
�

� :

EigenLight-Field Estimation Algorithm

1. For eachpixel ��� � 
 � in � �
� � 
 � computethecorrespondinglight-�eld angles�����

�

and 	����

�

.

(This stepassumesthat thecameraintrinsicsareknown, aswell asthe relative orientation

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

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

2. Find theleast-squaressolution(for
�

�������

�

� ) to thesetof equations:

� �
� � 
 �

�

�

�

�����	�

� � � �������

�

�
	����

�

� �

�

(3)
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where � and 
 rangeover their allowedvalues.(In general,theeigenlight-�elds � � need

to be interpolatedto estimate� ���������

�

�
	����

�

� . Also, all of theequationsfor which thepixel

� �
� � 
 � doesnot imagetheobjectshouldbeexcludedfrom thecomputation.)

Although we have describedthis algorithm for a single image � ��� � 
 � , any numberof images

canobviously beused.Theextra pixels from theotherimagesaresimply addedin asadditional

constraintson theunknown coef�cients
�

� in Equation(3).

3.3 Propertiesof the EigenLight-Field Estimation Algorithm

TheEigenLight-FieldEstimationAlgorithm canbeusedto estimatea light-�eld from acollection

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

rendernew imagesof thesameobjectunderdifferentposes.See[30] for a relatedalgorithm. In

this sectionwe show that if theobjectsusedto createthe eigen-spaceof light-�elds all have the

sameshapeastheobjectimagedto createtheinput to thealgorithm,thenthis re-renderingprocess

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

thattheeigenlight-�elds � � �����
	�� capturetheshapeof theobjectsin thefollowing sense:

Theorem 10 If � � � �����
	���� 
 � ������������� � is a collectionof light-�elds of Lambertianobjectswith
the sameshape, thenall of the eigen light-�elds � � �����
	�� havethe property that if ��� �"�
	 �
� and

���

�

��	

�

� de�ne two rayswhich image thesamepointon thesurfaceof anyof theobjectsthen:

������� �"�
	 �
� � � �����

�

�
	

�

�

�


 � � ����� � � (4)

Proof: Thepropertyin Equation(4) holdsfor all of thelight-�elds � ���������
	�� � 
 � �����"�����#� � used

in thePCAbecausethey areLambertian.Hence,it alsoholdsfor any linearcombinationof the � � .

Thereforeit holdsfor theeigen-vectorsbecausethey arelinearcombinationsof the � � . �

Thepropertyin Equation(4) alsoholdsfor all linearcombinationsof theeigenlight-�elds. It

thereforeholdsfor the light-�eld recoveredin Equation(3) in the Light-Field EstimationAlgo-

rithm,assumingthatthelight-�eld from whichtheinput imageis derivedlies in theeigen-spaceso

thatTheorem9 applies.ThismeansthattheLight-FieldEstimationAlgorithm estimatesthelight-

�eld in a way thatis consistentwith theobjectbeingLambertianandof theappropriateshape:

Corollary 2 Suppose� � �������
	���� 
 � � ���������#��� are the eigen light-�elds of a setof Lambertian
objectswith thesameshapeand � ��� � 
 � is an image of anotherLambertianobjectwith thesame
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shape. If the light-�eld fromwhich � ��� � 
 � is derivedlies in the light-�eld eigen-space, thenthe
light-�eld recoveredby theLight-Field EstimationAlgorithmhasthepropertythat if �����

�

�
	����

�

is
any pair of angleswhich image thesamepoint in thesceneasthepixel ��� � 
 � then:

� �
� � 
 � � � �������

�

�
	����

�

��� (5)

where � �������

�

�
	����

�

� is the light-�eld estimatedby theLight-Field EstimationAlgorithm; i.e. the
algorithmcorrectlyre-renders theobjectundertheLambertianre�ectancemodel.

Theorem2 impliesthatthealgorithmis actingreasonablyin estimatingthelight-�eld, ataskwhich

is impossiblefrom asingleimagewithoutaprior modelon theshapeof theobject.Unlike in [30],

heretheshapemodelis implicitly containedin theeigenlight-�elds. Theorem2 assumesthatall

of theobjectsareapproximatelythesameshape,but that is a commonassumptionfor faces[23].

Even if thereis someshapevariation in faces,it is reasonableto assumethat the eigenlight-

�elds will capturethis information. Theorem2 alsoassumesthat facesareLambertianandthat

the light-�eld eigenspaceaccuratelyapproximatesany facelight-�eld. Theextent to which these

assumptionsarevalid areillustratedin Figure3 wherewe presentresultsof usingour algorithm

to re-renderfacesacrosspose. In eachcasethe algorithmreceived the left-most(frontal) image

asinput andcreatedthe rotatedview in themiddle. For comparison,theoriginal rotatedview is

includedastheright-mostimage.There-renderedimagefor the�rst subjectis very similar to the

original. While theimagecreatedfor thesecondsubjectstill shows a facein thecorrectpose,the

identityof thesubjectis notasaccuratelyrecreated.Weconcludethatoverallouralgorithmworks

fairly well, but that more training datais neededso that the eigenlight-�eld of facescanmore

accuratelyrepresentany givenfacelight-�eld.

3.4 Application to FaceRecognitionAcrossPose

TheEigenLight-FieldEstimationAlgorithm describedabove is somewhatabstract.In orderto be

ableto useit for facerecognitionacrossposeweneedto do thefollowing things:

Vectorization: Theinput to afacerecognitionalgorithmconsistsof acollectionof images(possi-

bly just one)capturedfrom a varietyof poses.TheEigenLight-FieldEstimationAlgorithm

operateson light-�eld vectors(light-�elds representedasvectors).Vectorizationconsistsof

convertingtheinput imagesinto a light-�eld vector(with missingelements,asappropriate.)
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Input Rerendered Original

Figure3: An illustrationof usingour eigenlight-®eld estimationalgorithmfor re-renderinga faceacross
pose.Thealgorithmis giventheleft-most(frontal) imageasinput from which it estimatestheeigenlight-
®eld andthencreatesthe rotatedview shown in the middle. For comparison,the original rotatedview is
shown in theright-mostcolumn. In the®gurewe show oneof thebetterresults(top) andoneof theworst
(bottom.)Althoughin bothcasestheoutputlookslike a face,theidentity is corruptedin thesecondcase.

Classi�cation: Giventheeigencoef�cients
�

�������

�

� for acollectionof gallery(training)facesand

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

SelectingTraining and TestingSets: To evaluateouralgorithmwehaveto dividethedatabase(s)

usedinto (disjoint) subsetsfor trainingandtesting.

Wenow describeeachof thesetasksin turn.

3.4.1 Vectorization by Normalization

Vectorizationis theprocessof convertinga collectionof imagesof a faceinto a light-�eld vector.

Beforewe cando this we �rst have to decidehow to discretizethelight-�eld into pixels. Perhaps

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

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

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

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

if thelight-�eld is sampledat � pixels,thelight-�eld vectorsare � dimensionalvectors.

Wespecifythesetof light-�eld pixelsin thefollowing manner. Weassumethatthereareonly a

�nite setof poses��� ����������� in which thefacecanoccur. Eachfaceimageis �rst classi�edinto the

nearestpose.(Althoughthis assumptionis clearlyanapproximation,its validity is demonstrated
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Frontal

R. Profile

Classified Faces Light-Field Vector

Classify by Pose

Normalize

Missing
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Figure4: Vectorizationby normalization.Vectorizationis theprocessof converting a setof imagesof a
faceinto a light-®eld vector. Vectorizationis performedby ®rst classifyingeachinput imageinto oneof a
®nitenumberof poses.For eachpose,anormalizationis thenappliedto convert theimageinto asub-vector
of thelight-®eld vector. If posesaremissing,thecorrespondingpartof thelight-®eld vectoris missing.

by the empiricalresultsin Section3.5.3. In both the FERET[22] andPIE [26] databases,there

is considerablevariationin the poseof the faces.Although the subjectsareasked to placetheir

facein a �x ed pose,they rarely do this perfectly. Both databasesthereforecontainconsiderable

variationaway from the�nite setof poses.Sinceour algorithmperformswell on bothdatabases,

theapproximationof classifyingfacesinto a �nite setof posesis validated.)

Eachpose 
 � �����"����� � is thenallocateda �x ed numberof pixels � � . The total numberof

pixelsin a light-�eld vectoris therefore� �

���

�����

� � . If we have imagesfrom pose	 and � , for

example,weknow ����� ��	 of the � pixelsin thelight-�eld vector. Theremaining�

�

�
�

�

��	

areunknown, missingdata.Thisvectorizationprocessis illustratedin Figure4.

We still needto specify how to samplethe � � pixels of a face in pose 
 . This processis

analogousto thatneededin appearance-basedobjectrecognitionandusuallyperformedby “nor-

malization.” In eigenfaces[28], thestandardapproachis to �nd thepositionsof severalcanonical

points,typically theeyesandthenose,andto warptheinput imageontoacoordinateframewhere

thesepointsarein �x ed locations.The resultingimageis thenmasked. To generalizeeigenface

normalizationto eigenlight-�elds, we justneedto de�ne suchanormalizationfor eachpose.

In this paperwe experimentedwith two differentnormalizations.The �rst one,illustratedin

Figure5(a)for threeposes,is asimpleonebasedonthelocationof theeyesandthenose.Justasin
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Warped Cropped = Normalized Input Image Normalized

(a)3-PointNormalization (b) Multi-Point Normalization

Figure5: (a) The®rst, simplernormalizationfor threeposesin thesetin Figure4, onefrontal, onea 3/4
view, the ®nal a full pro®le. Justasin eigenfaces,we assumethat the eye andnoselocationsareknown,
warpthefaceinto acoordinateframein which thesecanonicalpointsarein a®xedlocationand®nally crop
theimagewith a (posedependent)mask.(b) Thesecond,morecomplex normalization.In thiscase,a large
number(39–54dependingon thepose)of pointson thefaceareusedto performthenormalization.

eigenfaces,we assumethat theeye andnoselocationsareknown, warpthefaceinto a coordinate

framein which thesecanonicalpointsare in a �x ed locationand �nally crop the imagewith a

(posedependent)maskto yield the � � pixels. For this simple3-pointnormalization,theresulting

maskedimagesvary in sizebetween7200and12600pixels.

Thesecondnormalizationis morecomplex andis motivatedby thesuccessof ActiveAppear-

anceModels[10]. Thisnormalizationis basedonthelocationof a largenumber(39–54depending

on thepose)of pointson theface.Thesecanonicalpointsaretriangulatedandthe imagewarped

with apiecewiseaf�ne warpontoacoordinateframein which thecanonicalpointsarein �x edlo-

cations.SeeFigure5(b) for anillustrationof thismulti-pointnormalization.Theresultingmasked

imagesfor this multi-pointnormalizationvary in sizebetween20800and36000pixels.Although

currently the multi-point normalizationis performedusinghand-marked points, it could be per-

formedby �tting an Active AppearanceModel [10] andthenusingthe implied canonicalpoint

locations.Furtherdiscussionof thiswayof automatingouralgorithmis containedin Section4.2.
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3.4.2 Classi�cation usingNearestNeighbor

The EigenLight-Field EstimationAlgorithm outputsa vectorof eigencoef�cients �

�

�"���������

�

�

� .

Given a set of gallery (training) faces,we obtain a correspondingset of vectors �

�

���

�

���"���"�

�

���

�

� ,

where
���

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

obtaina vector �

�

�����"���"�

�

�

� of eigencoef�cients for that face. To completethe facerecognition

algorithmwe needanalgorithmwhich classi�es �

�

�"������� �

�

�

� with the index
���

which is themost

likely match.Many differentclassi�cationalgorithmscouldbeusedfor this task. For simplicity,

weusethenearestneighboralgorithmwhichclassi�esthevector �

�

�"�����"���

�

�

� with theindex:

���
	��

��


� �

���������

�

�

�"���"�����

�

�

�#� �

�

���

�

���������

�

���

�

��� �

����	��

��


���

�

�

�����

�

�

�

�

�

���

�

�

�

� (6)

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

distancefunctions,suchastheMahalanobisdistance,couldbeusedinsteadif sodesired.

3.4.3 Selectingthe Gallery, Probe,and GenericTraining Data

In eachof ourexperimentswedividedthedatabase(s)into threedisjoint subsets:

GenericTraining Data: Many facerecognitionalgorithmssuchaseigenfaces,andincludingour

algorithm,require“generictrainingdata” to build a genericfacemodel. In eigenfaces,for

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

rithm genericdatais neededto constructtheeigenlight-�eld.

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

thesystemthatshouldbeclassi�edwith theidentity of thepersonin theimage.

Thedivision into thesethreesubsetsis performedasfollows. First we randomlyselecthalf of the

subjectsasthegenerictrainingdata.Theimagesof theremainingsubjectsareusedfor thegallery

andprobe.Thereis thereforenever any overlapbetweenthegenerictrainingdataandthegallery
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Figure6: An illustration of theposevariationin theCMU PIE database[26]. Theposevariesfrom full
right pro®le(c22)to full frontal (c27)andonto full left pro®le(c34).The9 camerasin thehorizontalsweep
areeachseparatedby about��������� . The4 othercamerasinclude1 above (c09)and1 below (c07)thecentral
camera,and2 in thecornersof theroom(c25andc31),typical locationsfor surveillancecameras.

andprobe. (Note that it is often a goodideafor the gallery andgenerictraining datato be the

same.Thereis nothingin ouralgorithmthatprecludesthis. Wejust requirethegalleryandgeneric

training datato be disjoint for fairnessandto avoid any bias in our results. In order to include

gallerysubjectsduringtraining,analgorithmperformingPCAwith missingdatawouldhaveto be

usedto computetheeigenlight-�elds [11,25])

After thegenerictrainingdatahasbeenremoved,theremainderof thedatabases(s)aredivided

into probeandgallerysetsbasedon theposeof theimages.For example,wemightsetthegallery

to bethefrontal imagesandtheprobesetto betheleft pro�les. In thiscase,weevaluatehow well

ouralgorithmis ableto recognizepeoplefrom theirpro�les giventhatthealgorithmhasonly seen

themfrom thefront. In theexperimentsdescribedbelow wechoosethegalleryandprobeposesin

variousdifferentways.Thegalleryandprobearealwayscompletelydisjointhowever.

3.5 Experimental Results

3.5.1 Databases

We usedtwo databasesin our facerecognitionacrossposeexperiments,theCMU Pose,Illumina-

tion, andExpression(PIE) database[26] andtheFERETdatabase[22]. Eachof thesedatabases

containssubstantialposevariation. In the posesubsetof the CMU PIE database(seeFigure6),

the 68 subjectsareimagedsimultaneouslyunder13 differentposestotaling 884 images. In the

FERETdatabase,thesubjectsareimagednon-simultaneouslyin 9 differentposes.SeeFigure7
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for anexample.We used200subjectsfrom theFERETposesubsetgiving 1800imagesin total.

(In bothcases,we usedgreyscaleimagesevenif thedatabaseactuallycontainscolor images.).If

not statedotherwisewe usedhalf of theavailablesubjectsfor training of thegenericeigenspace

(34subjectsfor PIE,100subjectsfor FERET)andtheremainingsubjectsfor testing.In all experi-

ments(if not statedotherwise)we retainanumberof eigenvectorssuf�cient to explain95%of the

variancein theinputdata.

babebdbcbb bf bg bh bi

Figure7: An illustrationof theposevariationin theFERETdatabase[22]. Theposesof the9 imagesvary
from �����

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

in theCMU PIEdatabase.SeeFigure6 for anillustrationof theposevariationin thePIEdatabase.

3.5.2 ExampleEigen Light-Field

Figure8 illustratesanexampleeigenlight-�eld for thePIE database.To bestillustratetheappear-

ancevariation,we actuallydisplaythemeanvectorplusa multiple of eacheigenvector. Thatway

theeigenvectorsactuallylook like real facesthataretypical of theappearancevariationmodeled

by theeigenspace.As canbeseen,theeigenvectorsmostlyencodeidentity information.

3.5.3 Experiment 1: Comparisonwith Other Algorithms

We�rst conductedanexperimentto compareouralgorithmwith two others.In particularwecom-

paredouralgorithmwith eigenfaces[28] andFaceIt,thecommercialfacerecognitionsystemfrom

Identix(formerlyVisionics).Eigenfacesis thedefactobaselinestandardby whichfacerecognition

algorithmsarecompared.FaceIt�nished topoverall in theFaceRecognitionVendorTest2000[8].

We �rst performeda comparisonusingthe PIE database[26]. After randomlyselectingthe

generictrainingdata,we selectedthegalleryposeasoneof the13 PIE posesandtheprobepose

asany otherof theremaining12 PIE poses.For eachdisjoint pair of galleryandprobeposes,we
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EV 1
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EV 3

Figure8: Themeanvectorandthe®rst threeeigenlight-®eld vectorsfor 6 posesof thePIE database.To
bestillustratetheeigenvectors,we displaythemeanvectorplusa multiple of eacheigenvector. Thatway
theeigenvectorsactuallylook like realfaces,andaretypicalof theappearancevariationin theeigenspace.

computetheaveragerecognitionrateoverall subjectsin theprobeandgallerysets.Thedetailsof

theresultsareincludedin Figures9–10anda summaryis includedin Table3.

In Figure9 we plot color-coded�

	��

�

	 “confusionmatrices”of theresults.Therow denotes

theposeof thegallery, thecolumntheposeof theprobe,andthedisplayedintensitytheaverage

recognitionrate. A lighter color denotesa higherrecognitionrate. (On thediagonalsthegallery

andprobeimagesarethesameandsoall threealgorithmsobtaina 100%recognitionrate.)Eigen

light-�elds performsfarbetterthantheotheralgorithms,asis witnessedby thelightercolorof Fig-

ures9(a–b)comparedto Figures9(c–d).Notehow eigenlight-�elds is farbetterableto generalize

acrosswidevariationsin pose,andin particularto andfrom nearpro�le views.

Several“cross-sections”throughtheconfusionmatricesin Figure9 areshown in Figure10. In

eachcross-section,we �x theposeof thegalleryimagesandvary theposeof theprobeimage.In

eachgraphwe plot four curves,onefor eigenfaces,onefor FaceIt,onefor eigenlight-�elds with

the 3-point normalization,andonefor eigenlight-�elds with the multi-point normalization.As

canbeseen,eigenlight-�elds outperformstheothertwo algorithms.In particular, it is betterable

to recognizethefacewhenthegalleryandprobeposesareverydifferent.This is witnessedby the

eigenlight-�eld curvesin Figure10beinghigherat theextremitiesof theprobeposerange.
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(a)EigenLight-Fields- 3-PointNormalization (b) EigenLight-Fields- Multi-point Normalization
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(c) FaceIt (d) Eigenfaces

Figure9: 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.

Theresultsin Figures9 and10aresummarizedin Table3. In this tablewe includetheaverage

recognitionratecomputedover all disjoint gallery-probeposes.As canbeseen,eigenlight-�elds

outperformsboth the standardeigenfacesalgorithmandthe commercialFaceItsystem.(In [24]

betterrecognitionresultsacrossposeon the PIE databaseare reported. SeeSection4.3 for a

detailedcomparisonof ouralgorithmwith themodel-basedonein [24].)

We next performeda similar comparisonusingtheFERETdatabase[22]. Justaswith thePIE

database,weselectedthegalleryposeasoneof the9 FERETposesandtheprobeposeasany other

of theremaining8 FERETposes.For eachdisjoint pair of galleryandprobeposes,we compute

the averagerecognitionrateover all subjectsin the probeandgallery sets,andthenaveragethe
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Figure10: Several ªcross-sectionsºthroughtheconfusionmatricesin Figure9. In each®gurewe ®x the
poseof thegalleryandonly vary theposeof theprobe.Weplot four curves,oneeachfor eigenlight-®elds
with the3-pointnormalization,eigenlight-®eldswith themulti-pointnormalization,eigenfaces,andFaceIt.
Theperformanceof eigenlight-®eldsis superiorto thatfor theothertwo algorithms,particularlywhenthe
poseof thegalleryandprobeareradicallydifferent.Eigenlight-®eldsrecognizesfacesbetteracrosspose.

results.Theresultsarevery similar to thosefor thePIE databaseandaresummarizedin Table4.

Again,eigenlight-�elds performssigni�cantly betterthanbothFaceItandeigenfaces.

Overall, the performanceimprovementof eigenlight-�elds over the other two algorithmsis

moresigni�cant onthePIEdatabasethanontheFERETdatabase.Thisis becausethePIEdatabase

containsmorevariationin posethantheFERETdatabase.SeeFigures6 and7.
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Table3: A comparisonof eigenlight-®eldswith FaceItandeigenfacesfor facerecognitionacrosspose
on thePIE database.The tablecontainstheaveragerecognitionratecomputedacrossall disjoint pairsof
galleryandprobeposes;i.e. this tablesummarizestheaverageperformancein Figure9.

Eigenfaces FaceIt EigenLight-Fields EigenLight-Fields
3-PointNormalization Multi-Point Normalization

AverageRecognitionAccuracy 16.6% 24.3% 52.5% 66.3%

Table4: A comparisonof eigenlight-®eldswith FaceItandeigenfacesfor facerecognitionacrossposeon
theFERETdatabase.Thetablecontainstheaveragerecognitionratecomputedacrossall disjoint pairsof
galleryandprobeposes.Again,eigenlight-®eldsoutperformsbotheigenfacesandFaceIt.

Eigenfaces FaceIt EigenLight-Fields
3-PointNormalization

AverageRecognitionAccuracy 39.4% 59.3% 75%

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-�elds with differentnumbersof imagesusingthePIEdatabase.To

computetherecognitionratewith 
 galleryimages,weselecteverypossiblesetof 
 galleryposes

and � probepose.In total thisamountsto �

	 �

� �

�

���"��� �

	��


 �

�


�� differentcombinationsof poses.

We thencomputetheaveragerecognitionratefor eachsuchcombinationandaveragetheresults.

We plot theoverallaveragerecognitionrateagainstthenumberof galleryimagesin Figure11(a).

As canbeseen,eigenlight-�elds is ableto estimateamoreaccuratelight-�eld usingmoregallery

imagesandtherebyobtainahigherrecognitionrate.

Eigenlight-�elds canalsotakeadvantageof morethanoneprobeimage.Wethereforerepeated

Experiment2 but reversedtherolesof thegalleryandprobe.Theresultsareshown in Figure11(b).

Again theperformanceincreaseswith thenumberof probeimages,however thebene�t of using

multipleprobeimagesis notasmuchasthebene�t of usingmultiplegalleryimages.With multiple

galleryimagestheaccuracy of thelight-�eld of everysubjectin thegalleryis improved.With more

probeimages,theaccuracy of thelight-�eld of just thesingleprobesubjectis improved.
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(a)VaryingtheNumberof GalleryImages (b) VaryingtheNumberof ProbeImages

Figure11: (a) The improvementin theperformanceof our algorithmwith increasingnumbersof gallery
images.Using theadditionalimages,eigenlight-®eldsis ableto estimatethe light-®eldsmoreaccurately
andtherebyobtainsa higherrecognitionrate. (b) Theperformanceof eigenlight-®eldsalsoimproveswith
thenumberof probeimages.Theperformanceincreaseis greaterwith increasednumbersof galleryimages
becausetheaccuracy of the light-®eld of every gallerysubjectis improved. On theotherhand,with more
probeimages,theaccuracy of just theoneprobesubjectis improved.

3.5.5 Experiment 3: Matching Sub-Images

Wejust illustratedhow theperformanceof eigenlight-�elds improvesif moregalleryand/orprobe

imagesareavailable. Eigenlight-�elds canuseany subsetof thelight-�eld. 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.Theresultsareshown in Figure12for avarietyof pixel percentagesrangingfrom

1% to 100%(the completeimage). Theseresultswereobtainedusingthe 3-point normalization

andso the performancewith 100%is 52.5%,asper Table3. The �gure demonstratesgraceful

degradationof the recognitionperformancewhensubsetsof the imagesareused.Thealgorithm

achieves remarkablerecognitionrateswith just 1% of the imageinformation. In this casethe

light-�eld containsan averageof 206 pixels (3-point normalization)and548 pixels (multi-point

normalization),respectively.
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Figure12: Theperformanceof eigenlight-®eldswith asubsetof theimagesusingthe3-pointnormalization
andthePIE database.Theaveragerecognitionrateis plottedagainstthepercentageof pixels in theprobe
andgalleryimages.A subsetof theimagescanbeusedwithoutany signi®cantreductionin therecognition
rate.

3.5.6 Experiment 4: Division of the Input ImagesbetweenGallery and Probe

In Experiment2 weexaminedthebene�tsof usingmorethanonegalleryor probeimage.Suppose

that 
 galleryandprobeimagesareavailablein total. Is it betterto use 


�

� galleryand � probe

imagesor 


�

� gallery and 


�

� probeimages? In order to answerthis question,we conducted

Experiment4. Given 
 images,we generatedeverypossiblecombinationof 


�

� galleryimages

and � probeimage(as in Experiment2) andevery possiblecombinationof 


�

� gallery images

and 


�

� probeimages.Wethencomputedtheaveragerecognitionratefor eachcase.Similarly we

switchedtherolesof galleryandprobe.Theresultsareshown in Figure13. Theconclusionis clear.

It is betterto divide theimagesequallybetweengalleryandproberatherthanasymmetrically.

Onepossibleconclusionfrom thisresultis thataddingmorethatoneimageto eachof theprobe

andgalleryallows a betterestimateof thelight-�eld. Having two moreaccurateestimatesresults

in betterperformancethanhaving oneveryaccurateestimateandonenot soaccurateestimate.

3.5.7 Experiment 5: In�uence of EigenspaceParameters

Thecomputationof eigenlight-�elds is in�uencedprimarily by thenumberof subjectsusedduring

training andthe numberof eigenvectorsretainedfrom PrincipalComponentsAnalysis. In order

to quantify theeffect that theseparametershave on recognitionperformancewe repeatedExper-
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Figure13: (a)Theperformanceof using � �

�

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-®eldsresultsin
betterperformancethanhaving oneveryaccurateestimateandonenotsoaccurateestimate.

iment 1 on the FERETdatabaseandsystematicallychangedtheir values.The recognitionaccu-

raciesfor FaceItstayconstantacrossthedifferentparametersettingssincewe did not (andcould

not) retrainthesystem.Figure14(a)showsrecognitionaccuraciesof eigenlight-�elds, eigenfaces

andFaceItfor varying numbersof training subjectsin the training set. For eachexperimentthe

samesetof 100gallery/probesubjectswasused.It canbeseenthateigenlight-�elds outperform

FaceItwhenmorethan40 subjectsareusedin the trainingset. In a similar fashionFigure14(b)

shows recognitionaccuraciesfor the threealgorithmsfor changingpercentagesof variancere-

tainedfrom Principal ComponentAnalysis using 100 subjectsin the training set. Here, eigen

light-�elds surpasstheFaceItperformancewhenmorethan80%of thevariance(correspondingto

eighteigenvectors)is retained.Again, theperformanceof eigenlight-�elds degradesgracefully.

3.5.8 Experiment 6: Recognitionacrossdatabases

For all experimentsshown sofar thetrainingandgallery/probesubjectsweretakenfrom thesame

database.In Figure 15 we show recognitionaccuraciesfor round-robintestswith seven poses

of the PIE database.Training for both eigenlight-�elds andeigenfaceswasdoneusingall 200

subjectsof theFERETdatabase.CorrespondencebetweenFERETandPIEposeswasdetermined
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Figure14: Comparative performanceof thethreealgorithmson theFERETdatabase:(a) varyingnumber
of subjectsin thegenerictrainingdataand(b) varyingthepercentageof varianceretainedin theeigenspace
(using100subjects).Therecognitionaccuraciesareaveragesof round-robinexperimentsusingeachposein
turn asgalleryposeandall otherposesasprobeposes.Theperformanceof theeigenlight-®eldssurpasses
FaceItperformanceat comparatively low valuesof theparametersettings.The recognitionaccuraciesfor
FaceIt stay constantacrossthe different parametersettingssincewe did not (and could not) retrain the
system.

bb bc bd ba bg bh bi mean
0

20

40

60

80

100

A
cc

ur
ac

y 
[%

]

Gallery Pose

ELF
FaceIt
Eigenfaces

Figure15: Recognitionaccuraciesof eigenlight-®elds,eigenfacesandFaceItfor round-robintestsover
sevenPIEposes.Eigenlight-®eldsandeigenfacesweretrainedusingonly FERETsubjectsandtestedusing
only PIEsubjects.Theposesvary from � ��� � (bb) to full frontal (ba)andon to ������� (bi). SeeFigure7 for
exampleimages.

manually. Note that thereis a considerablemismatchbetweenthe FERET andPIE poses(see

Figures6 and7). While low overall, the performanceof eigenlight-�elds comparesreasonably

with theFaceItperformanceon thesametask.
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Figure 16: The processingtime (on a 2.8 GHz Pentium4) to solve the linear systemto computethe
eigenspacecoef®cientsfor a singeprobeimage(using100gallerysubjectsof theFERETdatabase.)The
resultsareaveragesfor round-robintestswhereeachposeis usedin turnasgalleryposewith all otherposes
asprobeposes.Typically ����� of thevarianceshouldberetainedfor maximumperformance.

3.5.9 Experiment 7: Computational Complexity

Sincethecomputationof theeigenlight-�elds andtheeigenspacecoef�cient for thegalleryimages

canbedoneof�ine, theonlinecomplexity is dominatedby thecostof solvingtheoverdetermined

linear systemsfor the probecoef�cients. Figure16 shows the processingtimesfor this stepper

probesubjecton a 2.8 GHz Pentium4 processorfor differentamountsof varianceretainedfrom

PrincipalComponentAnalysis,correspondingtobetween1 (for �

���

variance)and99eigenvectors

(for �

� ���

variance).TheexperimentwasconductedusingtheFERETdatabasewith 100training

subjects. The resultsareaveragesfor round-robintestswhereeachposeis usedin turn as the

galleryposewith all otherposesasprobeposes.As shown in Figure14(b) typically ���

�

of the

varianceshouldberetainedfor maximumperformance.

4 Conclusion

4.1 Summary

Appearance-basedobjectrecognitionusespixelsor measurementsof light in thesceneasits fea-

tures.In theultimatelimit, thesetof all suchmeasurementsis theplenopticfunctionor light-�eld.

In this paperwe have exploredappearance-basedobject recognitionfrom light-�elds. We �rst

analyzedthe theoreticaldistinguishabilityof objectsfrom their imagesandlight-�elds. We pre-
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senteda numberof resultswhich show thattheoreticallyobjectscanbedistinguishablefrom their

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

motivatestrying to build appearance-basedobjectrecognitionalgorithmsthatuseasmuchof the

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

In thesecondhalf of this paperwe proposedanappearance-basedalgorithmfor facerecogni-

tion acrossposebasedonanalgorithmto estimatetheeigenlight-�eld from acollectionof images.

Thisalgorithmcanuseany numberof galleryimagescapturedform arbitraryposesandany num-

berof probeimagesalsocapturedfrom arbitraryposes.Thegalleryandprobeposesdonotneedto

overlap.We showedthatour algorithmcanreliably recognizefacesacrossposeandalsotake ad-

vantageof theadditionalinformationcontainedin widely separatedviews to improverecognition

performanceif morethanonegalleryor probeimageis available.NotethattheEigenLight-Fields

Algorithm canbeextendedto recognizefacesacrossposeandilluminationsimultaneouslyby gen-

eralizingeigenlight-�elds [14] to Fisherlight-�elds [15], analogouslyto how eigenfaces[28] can

be generalizedto Fisherfaces[3]. (Note,however, that caremustbe taken becauseEquation(3)

assumesthatthebasisvectors( � � ) areableto reconstructtheimage � ��� � 
 � well. This is not the

casefor Fisherlight-�elds andsoa two-stepalgorithmis requiredthat�rst reconstructstheeigen

light-�eld andthenconstructsaFisherlight-�eld from that.)

4.2 Light-Fields, Vectorization, and Appearance-BasedFaceRecognition

Onecommonreactionto thealgorithmdescribedin thispaperis to questionwhatit hasto dowith

Light-Fields.On onelevel this is valid. Thealgorithmcouldbedescribedwithout mentionof the

term. It couldbedescribedasfacerecognitionacrosspose,the technicalmeatconsistingsimply

of usinga eigenspacecomputedon pairs (or n-tuples)of views and the (standard)approachto

dealingwith occlusionsin theeigenspaceapproach[16]. Sucha papercouldhave beenpublished

right after[21] asasimpleextensionto theview-basedapproachdescribedthereto avoid theneed

for galleryimagesof eachsubjectfrom eachpose.

Thereis anotherreasonwe usedthe term. Appearance-basedfacerecognitionusespixels in

imagesas features. The reasonfor using the term light-�eld was to highlight the relationship

betweenthesetwo quantitiesand the implicationsfor appearance-basedobject recognition. In
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our “appearance-based”algorithmwe includea step(vectorization)to convert the light-�eld into

a vector of pixels that is usedas the input to our appearance-basedalgorithm (PCA followed

by nearestneighbor.) Vectorizationconverts measurementsof light into featuresfor a pattern

recognitionalgorithm. Whendescribedfor light-�elds this stepseemssomewhat ad-hoc,andit

is questionablewhetherit couldever be reliably performedin a fully automaticfacerecognition

system. Thereis an equivalentstepin eigenfacesor any otherappearance-basedalgorithm,but

becausethisstepis essentiallya “null step”it is oftenoverlooked.Any facerecognitionalgorithm

must, eitherexplicitly or implicitly, convert measurementsof light (the light �eld, or pixels in

images)into measurementsof the facethat can thenbe passedto a classi�cation algorithm. In

frontal appearance-basedfacerecognition,this conversionreducesto a null step.Fortunately(or

perhapsunfortunately)goodresultsareoften obtainedeven with this choice. By presentingan

appearance-basedalgorithmin termsof a light-�eld we hopeto illustratethe importanceof this

step,ratherthanglossingover it asappearance-basedapproacheshaveencouragedpeopleto do.

4.3 Comparisonwith Model-BasedAlgorithms

How shouldthe conversionfrom measurementsof light to measurementsof the object(face)be

performed?Perhapsthemostpromisingapproachat this time is themodel-basedapproach,best

exempli�ed by Active AppearanceModels[10] and3D MorphableModels[9,24]. Fitting a face

modelcanbe regardedasconverting measurementsof light into measurementsof the face(i.e.

themodelparameters).Empirically thereis considerableevidenceto backup this approach.One

exampleis thesuperiorperformanceweobtainedusingthemulti-point (ActiveAppearanceModel

like) normalizationover the simple3-point (appearance-basedlike) normalization. Anotherex-

ampleis the excellent resultsobtainedby Vetteret al. [9, 24]. Concurrentwith the researchin

this paper, we providedthePIE databaseto Vetteret al. [9,24] to provide a comparisonbetween

theappearance-basedapproach(this paper)andthemodelbasedapproach( [9,24]). The results

presentedin [9,24] areconsiderablybetterthanthosein this paper, in our opinionclearlydemon-

stratingthatthemodel-basedapproachis preferableto theappearance-basedapproach.It mightbe

arguedthat this conclusionis only valid for the(largely 3D) taskof facerecognitionacrosspose.

We believe otherwise.Although the taskof �tting the facemodel(a taskwe have beenactively
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working on [18]) currentlymakesthemodel-basedapproachlessrobust,we believe theapproach

is inherentlysuperiorfor both(2D) frontal facerecognitionaswell asfacerecognitionacrosspose.

The reasonis that the model-basedapproachexplicitly addressesthequestionof how to convert

measurementsof light (thelight-�eld) into measurementsof theface(a vectorof parameters.)
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