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Abstract

Arguablythe mostimportantdecisionto be madewhendevelopingan objectrecog-
nition algorithmis selectingthe scenemeasurementsr featureson which to basethe

algorithm. In appearance-basatbjectrecognitionthe featuresare chosento be the

pixel intensityvaluesin animageof the object. Thesepixel intensitiescorrespondii-

rectly to theradianceof light emittedfrom the objectalongcertainraysin space.The

setof all suchradiancevaluesoverall possibleraysis known asthe plenopticfunction
or light- eld . In this paperwe develop a theoryof appearance-basedbjectrecogni-
tion from light- elds. This theoryleadsdirectly to analgorithmfor facerecognition
acrosgposethatusesasmary imagesof the faceasareavailable,from oneupwards.
All of the pixels, whicherer imagethey comefrom, aretreatedequally and usedto

estimatethe (eigen)light- eld of the object. The eigenlight- eld is thenusedasthe
setof featureson which to baserecognition,analogouslyto how the pixel intensities
areusedin appearance-baséaceandobjectrecognition.

Keywords: Appearance-baseaabjectrecognition facerecognition light- elds, eigen
light- elds, facerecognitionacrosgose.






1 Intr oduction

Arguably the mostimportantdecisionto be madewhen developing an objectrecognitionalgo-
rithm is selectingthe scenemeasurementsr featueson which to basethe algorithm. Oneof the
most successfubnd well-studiedapproaches$o objectrecognitionis the appeaance-basedp-
proach.Althoughthe expression‘appearance-basedvasintroducedby MuraseandNayar([19],
theapproachtself datesbackto Turk andPentlands Eigenface$28] andperhapsefore[27]. The
de ning characteristiof appearance-basadiyorithmsis thatthey directly usethe pixel intensity
valuesin animageof the objectasthe featureson which to basetherecognitiondecision.

The pixel intensitiesthat are usedasfeaturesin appearance-basedgorithmscorrespondli-
rectly to theradianceof light emittedfrom the objectalongcertainraysin space.Althoughthere
may be variousnon-linearitiescausedy the optics(e.g.vignetting),the CCD sensoiitself, or by
gammecorrectionin thecamerathepixel intensitiescanbethoughtof asapproximatelyequialent
to theradianceof light emittedfrom the objectin thedirectionof the pixel.

Theplenopticfunction[1] or light- eld [13,17] speci estheradianceof light alongall raysin
the scene.Hence thelight- eld of anobjectis the setof all possiblefeatureshat could be used
by anappearance-basethjectrecognitionalgorithm. It is natural,therefore to investigateusing
light- elds (asanintermediatgepresentationfpr appearance-basethjectrecognition.In the rst
partof this paperwe developatheoryof appearance-basetjectrecognitionfrom light- elds. In
thesecondartwe proposeanalgorithmfor facerecognitionacrosgposebasedn analgorithmto

estimatethe (eigen)light- eld of afacefrom asetof images.

1.1 Theoretical Propertiesof Light-Fields for Recognition

Therearea numberof importanttheoreticalquestiongpertainingto objectrecognitionfrom light-

elds. Someexamplesare:

1. The fundamentalquestion“what is the setof imagesof an objectunderall possibleillu-
minationconditions?” wasrecentlyposedandansweredn [5]. Becauseanimagesimply
consistf a subsebf measurementisom thelight- eld, it is naturalto askthe sameques-

tion aboutthe setof all light- elds of anobject. Answeringthis secondgquestionmay also



helpunderstandhe variationin appearancef objectsacrossoth poseandillumination.

2. "When cantwo objectsbe distinguishedrom theirimages?”is perhapghe mostimportant
theoreticalquestionin objectrecognition.Variousattemptshave beenmadeto answerit in
oneform or another For example,it wasshown in [4] that, givena pair of imagesthereis
alwaysanobjectthatcould have generatedhosetwo imagegunderdifferentilluminations.)

Similarly onemight ask“when cantwo objectsbedistinguishedrom their light- elds?”

In the rst partof this papemwe derive anumberof fundamentapropertieof objectlight- elds. In
particular we rst investigatehe setof all possibldight- elds of anobjectundervaryingillumi-
nation. Amongstotherthingswe show thatthe setof all light- elds is a convex cone,analogously
to theresultsin [5] for singleimages.Afterwardswe investigatethe degreeto which objectsare
distinguishabldrom their light- elds. We show that, underarbitraryillumination conditions,if
two objectshave the sameshapehey cannotbedistinguishedevengiventheirlight- eld. Thesit-
uationfor objectswith differentshapess differenthowever. We show thattwo objectscanalmost

alwaysbedistinguishedrom their light- elds if they have differentshapes.

1.2 FaceRecognitionUsing Light-Fields

Oneimplication of this theoryis that “appearance-basedbjectrecognitionfrom light- elds is
theoreticallymorepowerful thanobjectrecognitionfrom singleimages.Capturinganentirelight-
eld is normally not appropriatefor objectrecognitionhowever; it requireseitheralarge number
of camerasagreatdealof time, or both. Thisdoesnot meanthatit is impossibleto uselight- elds
in practicalobjectrecognitionalgorithms.In thesecondoartof this papemwe developanalgorithm
for facerecognitionacrossposethatis basedon an algorithmto estimatethe (eigen)light- eld
of anobjectfrom an arbitrary collectionof images[14]. (This algorithmis closelyrelatedto an
algorithmfor dealingwith occlusiondn the eigen-spacapproacht7, 16].) The eigenlight- eld,
onceit hasbeenestimatedjs thenusedasan enlagedsetof featureson which to basethe face

recognitiondecision.Someof the advantageougropertiesof this algorithmareasfollows:

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

test(probe)sets.Moreover, noneof thetrainingimageseedto have beencapturedrom the
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sameposeasary of thetestimages.For example,theremight be two testimagesfor each
personafull frontal view andafull pro le, andonly onetrainingimage,a half pro le. In

thisway, our algorithmcanperform“f acerecognitionacrosose’

2. If only onetestor trainingimageis available,our algorithmbehaes“reasonably’whenes-
timatingthelight- eld. In particular we provethatthelight- eld estimatedy ouralgorithm
correctlyre-rendersmagesacrosgpose(undersuitableassumptionsiboutthe objects.)We

alsovalidatethis re-renderingempirically.

3. If morethanonetestor training imageis available, the extra information (including the
implicit shapeinformation)is incorporatednto a betterestimateof thelight- eld. The nal

facerecognitionalgorithmthereforeperformsbetterwith moreinputimages.

4. It is straightforvard to extendour algorithmto perform*“f acerecognitionacrossboth pose

andillumination; aswe shovedin [15].

1.3 Paper Overview

We beggin in Section2 by introducingobjectlight- elds andderiving someof their fundamental
propertiesWe continuein Section3 by describingeigenlight- elds andtheirusein ouralgorithm
for facerecognitionacrosspose. In extensve evaluationswe comparethe performanceof eigen
light- elds to standardacerecognitionalgorithmson boththe FERET[22] andCMU PIE [26]

databasesdNe concludein Section4 with asummaryanda discussion.

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 usuallyassumedo be a 5D function of position (3D) and orientation(2D).
In addition, it is also sometimesnodeledas a function of time, wavelength,and polarization,
dependingon the applicationin mind. Assumingthatthereis no absorptionor scatteringof light

throughtheair [20], thelight- eld is actuallyonly a4D function,a 2D functionof positionde ned
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Figurel: Anillustrationof the 2D light-®eld [17] of a 2D object. The objectis conceptuallyplacedwithin
acircle. The angleto the viewpoint aroundthe circle is measuredy the angle andthe directionthat
the viewing ray makeswith the radiusof thecircle by . For eachpair of angles and , the radianceof
light reachingtheviewpointis denoted , thelight-®eld [17]. Althoughthelight-®eld of a 3D object
is actually4D, we will continueto usethe 2D 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. SeeFigurel for anillustrationof the2D light- eld of a2D object.

2.2 The Setof All Light-Fields of an Object Under Varying Illlumination

The fundamentafjuestion‘what is the setof imagesof an objectunderall possibleillumination
conditions?” wasrecentlyposedand answeredy Belhumeurand Kriegman[5]. We begin our
analysisby askingthe analogougjuestionfor light- elds. Sinceanimagejust consistf a subset

of theraysin thelight- eld, it is not surprisingthatthe sameresultalsoholdsfor light- elds:

Theorem 1 Thesetof -pixellight- elds of anyobject,seerunderall possibldighting conditions,
is a cornvex conein

This resultholdsfor arny object,evenif theobjectis non-corvex andnon-LambertianAs pointed
outin [5], the proof is essentiallya trivial combinationof the additive propertyof light andthe
factthatthe setof all illumination conditionsis itself a corvex cone For this reasonthe same
resultholdsfor ary subsetof illumination conditionsthatis a corvex cone. One exampleis an
arbitrarynumberof pointlight sourcesatin nity . It is straightforvardto show thatthis subsebf

illumination conditionsis a corvex coneandthereforethatthe following theoremalsoholds:
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Tablel1: A comparisorof imageillumination conesandlight-®eld illumination cones.The main point to
noteis thatin threeof the four casesthe light-®eld illumination coneis a 2smallersubsebf the setof all
light-®eldsthanthe correspondingmageillumination coneis a subsebf thesetof all images.

\ ImagellluminationCone | Light-®eld lllumination Cone

Arbitrary lllumination Conditions| Alwaysexactlyequals Cansometimebe
Any Corvex Object thesetof all images thesetof all light-®elds
Arbitrary lllumination Conditions| Alwaysexactlyequals Neveris
Corvex LambertianObject thesetof all images thesetof all light-®elds
PointLight Sourcest In®nity Cansometimesbe Cansometimebe
Any Corvex Object full-dimensional full-dimensional
PointLight Sourcest In®nity Cansometimesbe Neveris
Corvex LambertianObject full-dimensional full-dimensional

Theorem 2 Thesetof -pixel light- elds of any object,illuminated by an arbitrary numberof
pointlight souicesat in nity, is a corvex conein

Theseesultsareanalogouso thosein [5]. Moreover, sinceTheoremsl and2 clearlyalsohold for
ary subsebf raysin thelight- eld, theanalogousesultsin [5] arespecialcase®f theseheorems.
Whenwe investigatethe natureof the illumination conesin more detail, however, we nd
several differencesdbetweenmagesandlight- elds. Someof the differencesare summarizedn
Tablel. If we considerarbitraryillumination conditionsandary corvex object,the imageillu-
minationconealwaysexactly equalsthe setof all imagesbecausevery point on the objectcan
beilluminatedindependentlyandsetto radiateary intensity This resultholdsfor ary re ectance
function. Theonly minor requirements thatno point onthe objecthaszerore ectance.
Thesituationis differentfor light- elds. It is possibleo choosee ectancefunctionsfor which
thelight- eld illumination coneis equalto thesetof all light- elds. Onesimpleexampleis to usea
“mirrored” object. However, for mostre ectancefunctionsthelight- eld illumination coneis not
equalto the setof all light- elds. Oneexampleis Lambertianre ectance.In this case thelight-
eld coneneverequalsthesetof all light- elds becausary two pixelsin thelight- eld thatimage
thesamepointontheobjectwill alwayshavethesameantensity For Lambertiarobjectstheimage
illumination coneacrossarbitraryillumination conditionsstill exactly equalsthe setof all images

becausehe pixelscanstill all be setindependentliyoy choosingtheillumination appropriately



For pointlight sourcesatin nity (ratherthanfor arbitraryillumination conditions) theresults
aresimilar. Theimageillumination conecansometimesefull-dimensional.For corvex 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 corvex Lambertianobjectwith point
light sourcesat in nity is never full dimensionalbecauseary two pixelsin the light- eld that
imagethe samepointon the surfacewill alwayshave the samentensity

Thetrendin Table 1 is clear Objectrecognitionin the presenceof illumination changess
“theoretically” easierusinglight- elds thanwith images.Using eithermodel(arbitraryillumina-
tion or point light sourcesatin nity) thelight- eld illumination coneis a “smaller” subsebf the

setof all light- elds thantheimageillumination coneis a subsebf the setof all images.

2.3 Distinguishability of Objectsfrom Their Imagesand Light-Fields

As mentionedn [5] the corvex conepropertyis potentiallyvery importantfor objectrecognition
becauset impliesthatif theillumination conesof two objectsaredisjoint, they canbe separated
by a linear discriminantfunction. This propertymakesclassi cationmucheasierbecausapply-
ing alinearclassi eris in generafar easiethandeterminingwhich illumination coneanimageor
light- eld lies closestto. However, to take advantageof this property the two illumination cones
mustbedisjoint. If they arenotthetwo objectswill notalwaysbedistinguishablenyway. These
argumentspf course apply equallyto bothimageandlight- eld illumination cones.In this sec-
tion we studythe distinguishability(intersection)of illumination conesandshow thatthe taskis

theoreticallyeasieffor light- elds thanfor images.We begin with imageillumination cones.

2.3.1 Distinguishability of Objectsfrom Their Images

An immediatecorollaryof thefactthattheimageillumination conesof corvex objectsunderarbi-
trary lighting areexactly equalto the setof all images(seeTablel) is thatno two corvex objects

(Lambertianor not) canever bedistinguishedvithout someassumptiongabouttheillumination:

Corollary 1 Theimageillumination conesof anytwo corvex objectsseerunderall possibldight-
ing conditionsare exactlyequal.lt is therefore never possibleto saywhich corvex objectanimage



camefrom. It is notevenpossibleto eliminateany convex objectsaspossibilities.

Perhap®neof themostimportantresultsof [5] is to shaw that,if theillumination consistf point
sourcestin nity thesituationis morefavorable;empiricallythevolumeof theimageillumination
coneis muchlessthanthe spaceof all images.lIt is alsopossibleto shawv thatthereare pairsof

objectsthataredistinguishablainderthis smallersetof lighting conditions:

Theorem 3 Thek exist pairs of objectsfor which theintersectionof their illumination conegover
the setof illumination conditionsconsistingof arbitrary numbes of pointlight sourcesat in nity)
only consistsof the bladk (all zew) image; i.e. there are pairs of objectsthat are alwaysdistin-
guishable(over the setof illumination conditionswhich consistof pointlight sourcesat in nity .)

Proof: (Sketch)Oneexampleis to considetwo Lambertianspherespnewith analbedofunction
that has multiple stepdiscontinuities(which appeatrin every image), one that variessmoothly
everywhere All of theimagesof the objectwith the stepdiscontinuityin thealbedomapwill also
have a stepdiscontinuityin theimage,whereasioneof theimagesof the otherobjectwill.
Althoughwe have shavn thattherearepairsof objectsfor which theimageillumination cones
(for point light sourcesatin nity) only intersectat the all blackimage,thereare pairsof objects

for which theirimageillumination conesdo intersect.

Theorem 4 Thee existpairs of objectsfor which theintersectionof their illumination conegover
the setof point light sourcesat in nity) consistsof more thanjust the bladk (all zeo) image; i.e.
there are pairs of objectsthat are sometimendistinguishablgover pointlight souicesat in nity .)

Proof: Considertwo corvex Lambertianobjectsin differentilluminations. If eachobjecthas
albedovariation proportionalto the foreshortenedncomingillumination of the otherobject,the

two objectswill generatehe samemage.(The constant®f proportionalitymustbethesame.)

2.3.2 Distinguishability of Same-Shapébjects from Their Light-Fields

In the previous sectionwe shaved that distinguishingobjectsfrom their imagesundervarying
illumination is often very dif cult, andin mary cases‘theoretically” impossible. If the objects
are the sameshape,corvex, and Lambertian,intuitively the light- eld should not containary
additionalinformation. It is no surprise then,thatit is fairly straight-forvardto prove ananalogy

of Corollary1 for (corvex Lambertian)objectsof the sameshape:

7



Theorem5 Thelight- eld illumination conesoverall possibldighting conditionsof anytwo con-
vex, Lambertianobjectsof the sameshapeare exactlyequal.

Proof: Givenarbitrarylighting, it is possibleto generateary incomingradiancedistribution over
the surfaceof the (corvex) objectusinglasers.lt is thereforepossibleto generateary light- eld
for any convex object(subjectto thenecessargndsufcient constrainthatraysimagingthesame
pointonthe surfaceof the objecthave the sameintensity)

Distinguishing(convex Lambertian)objectsof the sameshapefrom their light- elds is there-
fore impossiblewithout any assumptiongn theillumination. If assumptionsire madeaboutthe
illumination, the situationis different. As in Theorems3 and4 above, if theillumination consists

of pointlight sourcesatin nity two objectsof the sameshapemayor maynotbedistinguishable.

Theorem 6 Thek exist pairs of same-shapeorvex, Lambertianobjectsfor which theintersection
of their light- eld illumination cones(over the setof point light sourcesat in nity) only consists
of theblack (all ze) light- eld; i.e. there are pairs of same-shapebjectsthat are alwaysdistin-

guishable(overthe setof pointlight souicesat in nity .)

Proof: Essentiallythe sameasthe proof of Theorems3.

Theorem 7 Theee exist pairs of corvex, Lambertianobjectswith the sameshapefor which the
intersectionof their light- eld illumination cones(over the setof point light souicesat in nity)
consistof morethanjustthebladk (all zeo) image; i.e. there are pairs of same-shapebjectsthat
are sometimendistinguishableavengiventheir light- elds.

Proof: Essentiallythe sameasthe proof of Theoremd.

2.3.3 Distinguishability of Differ ently-ShapedObjects from Their Light-Fields

Intuitively the situationfor differently shapedobjectsis different. The light- eld containscon-
siderableinformationaboutthe shapeof the objects. In fact, we recentlyshavedin [2] that, so
long asthelight- eld doesnotcontainary extendedconstanintensityregions,it uniquelyde nes
the shapeof a Lambertianobject. This meanghattheintersectiorof the light- eld conesof two

differently shapedbjectsmustonly containlight- elds thathave constanintensityregions.

Theorem 8 Theintersectionof the light- eld illumination conesover all possiblelighting con-
ditions of any two Lambertianobjectsthat havedifferent shapesnly consistsof light- elds that
haveconstanintensityregions.



Table 2: The distinguishabilityof objectsfrom their imagesand light-®elds. The main point to noteis
thatif two objectshave the sameshape the light-®eld addsnothing to the easewith which they canbe
distinguishedcomparedo just asingleimage.Onthe otherhand,if thetwo objectshave differentshapes,
it is theoreticallyfar easierto distinguishthemfrom their light-®eldsthanit is from singleimages.

Arbitrary lllumination PointLight Sources
Conditions at In®nity
Imagesof Two Never Distinguishable Sometime®Distinguishablg Thm. 3)
Corvex LambertianObjects (Corollary1) SometimdndistinguishabléThm. 4)
Light-®eldsof Two SameShape Never Distinguishable Sometime®Distinguishablgd Thm. 6)
Corvex LambertianObjects (Theoremb) SometimdndistinguishabléThm. 7)
Light-®eldsof Two Differently Distinguishabléf No AlwaysDistinguishablaf No
Shaped.ambertianObjects | Constanintensity(Thm.8) Constantintensity(Thm. 8)

This theoremimpliesthattwo differently shaped_ambertianobjectscanalwaysbe distinguished

from ary light- eld thatdoesnot containconstanintensityregions.

2.3.4 Summary

We have describedrariousconditionsunderwhich pairsof objectsaredistinguishabldrom their
imagesor light- elds. SeeTable2 for asummary Whennothingis assumeaboutthe incoming
illumination, it is impossibleto distinguishbetweenary pair of objectsfrom theirimages.If the
illumination consistsf a collectionof pointlight sourcesatin nity , the situationis alittle better
Somepairsof objectscanalwaysbedistinguishedbut otherpairsaresometimesndistinguishable.
If the objectshave the sameshapethe situationis the samewith light- elds. Light- eld don't
addto the discriminatorypower of a singleimage. If the objectshave differentshapeghe light-
eld addsalot of discriminatorypower. Solongasthelight- eld hasno constantntensityregions,

ary pair of differentlyshapedbjectscanbedistinguishedunderary illumination conditions.

2.4 Implications

The implication of thesetheoreticalresultsis asfollows. The light- eld providesconsiderable
information aboutthe shapeof objectsthat can help distinguishbetweenthemin unknowvn, ar

bitrary illumination conditionsunderwhich they would be indistinguishabldrom singleimages.



Althoughit is practicallyimpossibleto capturethe entirelight- eld for mostobjectrecognition
tasks,sometimest maybe possibleto capture2-3images.ldeally we would like anobjectrecog-
nition algorithmthatcanuseary subsebf thelight- eld; asingleimage,apairof imagesmultiple
images,or eventhe entirelight- eld. Suchanalgorithmshouldbe ableto take advantageof the
implicit shapeinformationin the light- eld. In the remainderof this paperwe describeexactly

suchanalgorithm,the rst stepof whichis to estimatethelight- eld from theinputimage(s).

3 EigenLight-Fields for FaceRecognition AcrossPose

In mary facerecognitionapplicationscenarioshe poseof the probeandgalleryimagesarediffer-
ent. Thegalleryimagemight be a frontal “mug-shot”andthe probemight be a 3/4 view captured
from asunweillancecameran thecornerof theroom. Thenumberof galleryandprobeimagesnay
alsovary. Thegallerymay consistof a pair of imagesof eachsubject,perhapsa frontal mug-shot
andfull pro le view, like theimagestypically capturedoy police departmentsThe probemaybe
asimilar pair of imagesasingle3/4 view, or evena collectionof views from randomposes.

Until recentlyfacerecognitionacrosspose(i.e. when the gallery and probe have different
poses)hasreceved very little attentionin the literaturewith a few exceptions[6]. Algorithms
have beenproposedwvhich canrecognizefaces[21] or more generalobjects[19] at a variety of
poses.In arecentgeneralizatiorof eigenficesmulti-linear algebrais usedto computea repre-
sentatiorthatseparatethe differentmodesunderlyingthe formationof faceimagessuchaspose,
illuminationandexpressiorf29]. In limited experimentsanalgorithmbasednthis representation
performsbetterthaneigentices. Most of thesealgorithmsrequiregallery imagesat every pose,
however. Algorithmshave beenproposedvhich do generalizeacrosspose,for example[12], but
this algorithmcomputes3D headmodelsusinga gallery containinga large numberof imagesper
subjectcapturedwith controlledillumination variation. It cannotbe usedwith arbitrarygalleries
and probes. Note, however, that concurrentwith this papertherehasbeena growing interestin
facerecognitionacrosspose. For example,Vetteret al. have developedan algorithmbasedon
tting a 3D morphablemodel[9, 24].

Onatechnicalevel (althoughnotonanapplicationevel), thework mostcloselyrelatedo ours
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is by VetterandPoggio[30]. In their paperVetterandPoggiointroducedan algorithmfor there-
renderingof facesacrosgpose.Our algorithm(describedn Section3.2) is a strict generalization
of this algorithm. Our algorithmis formulatedin termsof light- elds, and so works with ary
collectionof inputimages,or eveninput rays. Whenwe reduceour algorithmto only two views
it is (essentiallyXhe sameasthe algorithmin [30]. Anothermajor differencebetweerthis paper
and[30] is thatthe algorithmin [30] is never actuallyusedto performfacerecognition.

In this sectionwe proposeanalgorithmfor facerecognitionacrosgoseusinglight- elds. Our
algorithmcanuseary numberof gallery imagescapturedat arbitrary poses,andany numberof
probeimagesalsocapturedwith arbitraryposes.A minimumof 1 galleryandl probeimageare
neededbut if moreimagesareavailablethe performancef our algorithmgenerallygetsbetter

Ouralgorithmoperatedy estimating(a representationf) thelight- eld of the subjects head.
First, generictraining datais usedto computean eigen-spacef headlight- elds, similar to the
constructionof eigen-aces[28]. Light- elds aresimply usedratherthanimages. Given a col-
lection of gallery or probeimages the projectioninto the eigen-spacés performedby settingup
a least-squareproblemand solving for the projectioncoefcients similarly to approachesised
to dealwith occlusionsin the eigenspacapproach7, 16]. This simplelinear algorithmcanbe
appliedto ary numberof images,capturedfrom ary poses. Finally, matchingis performedby
comparingthe probeandgallerylight- elds usinga nearesheighboralgorithm.

Theremaindeiof this sectionis organizedasfollows. We begin in Section3.1 by introducing
theconcepf eigenlight- elds beforepresentinghealgorithmto estimatehemfrom a collection
of imagesin Section3.2. After describingsomeof the propertiesof this algorithmin Section3.3,
we thendescribehow the algorithmcanbe usedto performfacerecognitionacrossposein Sec-

tion 3.4. Finally, we presenbur experimentaresultsin Section3.5.

3.1 EigenLight-Fields

Supposewe are given a collection of light- elds where . SeeFigurel
for the de nition of this notation. If we (vectorizethe light- elds andthen) performan eigen-
decompositiorof the vectorsusing Principal ComponentsAnalysis (PCA), we obtain

eigenlight- elds where . Assumingthe eigen-spacef light- elds is a good
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Figure2: The 1D imageof a 2D objectcorrespondso a curve (surfacefor a 2D imageof a 3D object)in

thelight-®eld. Eachpixel correspondso aray in spacethroughthe cameragpinholeandthelocationof the
pixel in theimage. In generathis ray intersectghelight-®eld circle at a differentpoint for eachpixel. As
the pixel consideredmoves®in theimage,the pointonthelight-®eld circletracesoutacurein - space.
This curwe is astraightverticalline iff the2efective pinhole®lies onthecircle usedto de®nethelight-®eld.

representationf the setof light- elds underconsiderationywe canapproximateary light- eld:

(1)

where is the inner (or dot) productbetween and . This
decompositiorns analogouso thatusedin faceandobjectrecognition[19,28]; it is just performed
on the entirelight- eld ratherthanon singleimages.(The meanlight- eld canbeincludedasa
constantadditive termin Equation(1) andsubtractedrom thelight- eld in thede nition of if

sopreferred.Thereis verylittle differencein doingthis however.)

3.2 Estimating Light-Fields from Images

Capturingthe completelight- eld of an objectis a dif cult task, primarily becausat requiresa
hugenumberof imageq13,17]. In mostobjectrecognitionscenariost is unreasonable expect
morethanafew imagesof the object;oftenjustone.As shavnin Figure2, however, any imageof
the objectcorrespondso a curve (for 3D objects,a surface)in thelight- eld. Oneway to look at

this cune is asa highly occludedight- eld; only avery smallpartof thelight- eld is visible.
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Canthecoefcients  beestimatedrom this highly occludedview? Althoughthis mayseem
hopelesshotethatlight- elds arehighly redundantespeciallyfor objectswith simplere ectance
propertiessuchasLambertian.An algorithmis presentedn [16] to solve for the unknovn  for
eigenimages A similar algorithmwasusedin [7]. Ratherthanusingthe inner product

, LeonardisandBischof[16] solvefor astheleastsquaresolutionof:

2)
wherethereis onesuchequatiorfor eachpairof and thatareun-occludedn . Assuming
that lies completelywithin the eigen-spaceindthatenoughpixelsareun-occludedthenit

is well-known thatthe solutionof Equation(2) will be exactly the sameasthatobtainedusingthe

innerproduct:
Theorem9 Assumingthat is in the linear spanof , then
is alwaysan exactminimumsolutionof Equation(2).
Sincethereare unknowns ( ) in Equation(2), atleast un-occludedight- eld pixels

areneededo over-constrainthe problem,but more may be requireddueto linear dependencies
betweenthe equations. In practice, times as mary equationsas unknowvns are typically
requiredto get a reasonablesolution [16]. Given animage , the following is then an

algorithmfor estimatingthe eigenlight- eld coefcients

EigenLight-Field Estimation Algorithm

1. Foreachpixel in computehecorrespondindgight- eld angles and
(This stepassumeshatthe cameraintrinsicsareknown, aswell asthe relative orientation
betweerthe cameraandobject.In Section3.4.1we will describenow to avoid this stepand

insteadusea simple“normalization”to corverttheinputimagesnto light- eld vectors.)

2. Findtheleast-squaresolution(for ) to the setof equations:

3)
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where and rangeovertheir allowedvalues.(In generalthe eigenlight- elds  need
to be interpolatedo estimate . Also, all of the equationgor which the pixel

doesnotimagethe objectshouldbe excludedfrom the computation.)

Although we have describedhis algorithm for a single image , any numberof images
canobviously be used. The extra pixels from the otherimagesare simply addedin asadditional

constraintontheunknown coefcients  in Equation(3).

3.3 Propertiesof the Eigen Light-Field Estimation Algorithm

TheEigenLight-Field EstimationAlgorithm canbeusedto estimatea light- eld from acollection
of images. Oncethe light- eld hasbeenestimatedjt canthen,theoreticallyat least,be usedto
rendernew imagesof the sameobjectunderdifferentposes.See[30] for a relatedalgorithm. In
this sectionwe shaw thatif the objectsusedto createthe eigen-spacef light- elds all have the
sameshapeasthe objectimagedto createtheinputto thealgorithm,thenthis re-renderingprocess
is in somesensé‘correct; assuminghatall the objectsareLambertian.As a rst step,we shov

thattheeigenlight- elds capturethe shapeof the objectsin 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 the samepoint on the surfaceof any of the objectsthen:

(4)

Proof: Thepropertyin Equation(4) holdsfor all of thelight- elds used
in the PCA becaus¢hey areLambertian.Hencejt alsoholdsfor any linearcombinatiorof the
Thereforeit holdsfor the eigen-\ectorsbecausehey arelinearcombinationf the

The propertyin Equation(4) alsoholdsfor all linearcombinationsof the eigenlight- elds. It
thereforeholdsfor the light- eld recoreredin Equation(3) in the Light-Field EstimationAlgo-
rithm, assuminghatthelight- eld from whichtheinputimageis derivedliesin theeigen-spaceo
thatTheoren® applies.This meanghatthe Light-Field EstimationAlgorithm estimateshelight-

eld in awaythatis consistentvith the objectbeingLambertianandof the appropriateshape:

Corollary 2 Suppose are the eigen light- elds of a setof Lambertian
objectswith the sameshapeand is animage of anotherLambertianobjectwith the same

14



shape If thelight- eld fromwhich is derivedlies in thelight- eld eigen-spacethenthe

light- eld recoveredby the Light-Feld EstimationAlgorithm hasthe propertythat if is
ary pair of angleswhich image the samepointin the sceneasthe pixel then:

(5)
wheee is thelight- eld estimatedby the Light-Feld EstimationAlgorithm; i.e. the

algorithmcorrectlyre-rendes the objectunderthe Lambertianre ectancemodel.

Theoren® impliesthatthealgorithmis actingreasonablyn estimatinghelight- eld, ataskwhich
is impossiblefrom a singleimagewithouta prior modelon the shapeof the object.Unlike in [30],
herethe shapemodelis implicitly containedn the eigenlight- elds. Theorem2 assumeshatall
of the objectsareapproximatelythe sameshape put thatis a commonassumptiorfor faces[23].
Evenif thereis someshapevariationin faces,it is reasonabléo assumethat the eigenlight-
elds will capturethis information. Theorem2 alsoassumeshat facesare Lambertianandthat
thelight- eld eigenspacaccuratelyapproximatesry facelight- eld. The extentto which these
assumptionsrevalid areillustratedin Figure3 wherewe presentresultsof usingour algorithm
to re-renderfacesacrosspose. In eachcasethe algorithmreceved the left-most(frontal) image
asinput andcreatedhe rotatedview in the middle. For comparisonthe original rotatedview is
includedastheright-mostimage.There-renderedmagefor the rst subjectis very similarto the
original. While theimagecreatedor the secondsubjectstill shovs a facein the correctpose the
identity of thesubjectis notasaccuratelyrecreatedWe concludethatoverall our algorithmworks
fairly well, but that moretraining datais neededso that the eigenlight- eld of facescanmore

accuratelyrepresenary givenfacelight- eld.

3.4 Application to FaceRecognition AcrossPose

TheEigenLight-Field EstimationAlgorithm describedabove is somavhatabstractin orderto be

ableto useit for facerecognitionacrosgposewe needto do thefollowing things:

Vectorization: Theinputto afacerecognitionalgorithmconsistsof acollectionof imagegpossi-
bly just one)capturedrom a varietyof poses.The EigenLight-Field EstimationAlgorithm
operate®n light- eld vectors(light- elds representedsvectors).Vectorizationconsistof

cornvertingtheinputimagesinto alight- eld vector(with missingelementsasappropriate.)
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Input Rerendered Original

Figure3: An illustration of usingour eigenlight-®eld estimationalgorithmfor re-renderinga faceacross
pose.Thealgorithmis giventheleft-most(frontal) imageasinput from which it estimateghe eigenlight-
®eld andthencreateghe rotatedview shavn in the middle. For comparisonthe original rotatedview is
shawvn in theright-mostcolumn. In the ®gurewe shav oneof the betterresults(top) andoneof the worst
(bottom.)Althoughin bothcasegheoutputlookslike aface theidentityis corruptedn the secondcase.

Classi cation: Giventheeigencoefcients for acollectionof gallery(training)facesand

for aprobe(test)face,we needto classifywhich galleryfaceis themostlikely match.

SelectingTraining and Testing Sets: To evaluateouralgorithmwe haveto dividethedatabase(s)

usedinto (disjoint) subsetdor trainingandtesting.

We now describeeachof thesetasksin turn.

3.4.1 Vectorization by Normalization

Vectorizationis the procesf convertinga collectionof imagesof afaceinto a light- eld vector
Beforewe candothiswe rst have to decidehow to discretizethelight- eld into pixels. Perhaps
the mostnaturalway to do this is to uniformly samplethe light- eld angles, and in the2D
caseof Figure2. Thisis notthe only way to discretizethe light- eld. Any sampling,uniform or
non-uniform,could be used. All thatis neededs a way of specifyingwhatis the allowed setof
light- eld pixels. For eachsuchpixel, thereis a correspondingndex in thelight- eld vector;i.e.
if thelight- eld issampledat pixels,thelight- eld vectorsare dimensionalectors.

We specifythesetof light- eld pixelsin thefollowing manner We assumehatthereareonly a
nite setof poses in whichthefacecanoccur Eachfaceimageis rst classi edinto the

nearespose. (Althoughthis assumptiorns clearly an approximationjts validity is demonstrated
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Figure4: Vectorizationby normalization.Vectorizationis the procesof converting a setof imagesof a
faceinto alight-®eld vector Vectorizationis performedby ®rst classifyingeachinputimageinto oneof a
®nite numberof posesFor eachpose anormalizations thenappliedto corverttheimageinto asub-vector
of thelight-®eld vector If posesaremissing,thecorrespondingartof thelight-®eld vectoris missing.

by the empiricalresultsin Section3.5.3. In boththe FERET[22] andPIE [26] databaseghere
is considerablevariationin the poseof the faces. Although the subjectsare asked to placetheir
facein a x ed pose,they rarely do this perfectly Both databasethereforecontainconsiderable
variationaway from the nite setof poses.Sinceour algorithmperformswell on both databases,

theapproximatiorof classifyingfacesinto a nite setof poseds validated.)

Eachpose is thenallocateda x ed numberof pixels . The total numberof
pixelsin alight- eld vectoris therefore . If we have imagesfrom pose and , for
example,we know ofthe pixelsin thelight- eld vector Theremaining

areunknowvn, missingdata.This vectorizationprocesss illustratedin Figure4.

We still needto specify how to samplethe  pixels of a facein pose . This processis
analogougo thatneededn appearance-bas@thjectrecognitionandusually performedby “nor-
malization” In eigenficeq28], the standardapproachisto nd the positionsof severalcanonical
points,typically theeyesandthenose andto warptheinputimageontoa coordinatédramewhere
thesepointsarein x edlocations. The resultingimageis thenmasled. To generalizesigenfice
normalizationto eigenlight- elds, we just needto de ne suchanormalizationfor eachpose.

In this paperwe experimentedvith two differentnormalizations.The rst one,illustratedin

Figure5(a)for threeposesis asimpleonebasednthelocationof theeyesandthenose.Justasin
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Figure5: (a) The®rst, simplernormalizationfor threeposesin the setin Figure4, onefrontal, onea 3/4
view, the ®nal a full pro®le. Justasin eigenfices,we assumehatthe eye andnoselocationsareknown,
warpthefaceinto a coordinatédramein whichthesecanonicapointsarein a ®xedlocationand®nally crop
theimagewith a (posedependentinask.(b) The secondmorecomplex normalization.n this casealarge

number(39-54dependingn the pose)of pointsonthefaceareusedto performthe normalization.

eigenhceswe assumehatthe eye andnoselocationsareknown, warpthefaceinto a coordinate
framein which thesecanonicalpointsarein a x edlocationand nally crop theimagewith a
(posedependentinaskto yield the  pixels. For this simple3-pointnormalization the resulting
masledimagesvaryin sizebetween7200and12600pixels.

The secondhormalizationis morecomplex andis motivatedby the succes®f Active Appear
anceModels[10]. Thisnormalizations basednthelocationof alargenumbern(39-54depending
on the pose)of pointson the face. Thesecanonicalpointsaretriangulatedandthe imagewarped
with apiecaviseaf ne warpontoa coordinatéramein which thecanonicapointsarein x edlo-
cations.SeeFigure5(b) for anillustrationof this multi-pointnormalization.Theresultingmasled
imagedfor this multi-point normalizationvary in sizebetweer20800and36000pixels. Although
currently the multi-point normalizationis performedusing hand-markd points, it could be per
formedby tting an Active AppearanceModel [10] andthenusingthe implied canonicalpoint

locations.Furtherdiscussiorof this way of automatingour algorithmis containedn Sectior4.2.

18



3.4.2 Classi cation using NearestNeighbor

The EigenLight-Field EstimationAlgorithm outputsa vector of eigencoefcients

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

where is anindex over the setof gallery faces. Similarly, given a probe (or test) face,we
obtaina vector of eigencoefcients for thatface. To completethe facerecognition
algorithmwe needanalgorithmwhich classi es with theindex  whichis the most
likely match. Many differentclassi cationalgorithmscould be usedfor this task. For simplicity,

we usethenearesneighboralgorithmwhich classi esthe vector with theindex:

(6)

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

distancdunctions,suchasthe Mahalanobislistancegcouldbe usedinsteadf sodesired.

3.4.3 Selectingthe Gallery, Probe,and Generic Training Data

In eachof our experimentsve dividedthe database(ghto threedisjoint subsets:

Generic Training Data: Many facerecognitionalgorithmssuchaseigenticesandincludingour
algorithm,require“generictraining data” to build a genericfacemodel. In eigenfices for
example,generictraining datais neededo computethe eigenspaceSimilarly, in our algo-

rithm genericdatais neededo constructheeigenlight- eld.

Gallery: Thegalleryis thesetof “training” imagesof the peopleto berecognizedi.e.theimages

givento thealgorithmasexamplesof eachpersonthatmight needto berecognized.

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

the systenthatshouldbe classi ed with theidentity of the personin theimage.

Thedivisioninto thesethreesubsetss performedasfollows. Firstwe randomlyselecthalf of the
subjectsasthegenerictrainingdata. Theimagesof theremainingsubjectsareusedfor thegallery

andprobe. Thereis thereforenever ary overlapbetweernthe generictraining dataandthe gallery

19



c25 c09 c31

(a2 (00 (47°)
c27
c22 c02 c37 c05 c29 cll cla c34
62) @4 319 (16) (-179) (-329 (-46°) (-66°)
07
%oo“)

Figure6: An illustration of the posevariationin the CMU PIE databas¢26]. The posevariesfrom full
right pro®le (c22)to full frontal (c27)andonto full left pro®le (c34). The9 camerasn thehorizontalsweep
areeachseparatethy about . The4 othercamerasncludel abore (c09)andl belowv (cO07)thecentral
cameraand?2 in thecornersof theroom (c25andc31),typical locationsfor suneillancecameras.

andprobe. (Note thatit is often a goodideafor the gallery and generictraining datato be the
same.Thereis nothingin our algorithmthatprecludeshis. We justrequirethegalleryandgeneric
training datato be disjoint for fairnessandto avoid arny biasin our results. In orderto include
gallerysubjectgduringtraining,analgorithmperformingP CA with missingdatawould have to be
usedto computethe eigenlight- elds [11,25])

After thegenerictrainingdatahasbeenremoved,theremainderof thedatabases(gredivided
into probeandgallery setsbasedn the poseof theimages.For example,we might setthe gallery
to bethefrontalimagesandthe probesetto betheleft pro les. In this casewe evaluatehow well
ouralgorithmis ableto recognizepeoplefrom their pro les giventhatthealgorithmhasonly seen
themfrom thefront. In theexperimentglescribedelov we choosehegalleryandprobeposesn

variousdifferentways. The galleryandprobearealwayscompletelydisjoint however.

3.5 Experimental Results
3.5.1 Databases

We usedtwo databasem our facerecognitionacrosgposeexperimentsthe CMU Pose Jllumina-
tion, and Expression(PIE) databas¢26] andthe FERET databas¢22]. Eachof thesedatabases
containssubstantiaposevariation. In the posesubsetf the CMU PIE databaséseeFigure6),
the 68 subjectsareimagedsimultaneouslyunder13 differentposestotaling 884 images. In the

FERET databasethe subjectsareimagednon-simultaneouslin 9 differentposes.SeeFigure7
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for an example. We used200 subjectsdrom the FERET posesubsetgiving 1800imagesin total.
(In bothcasesye usedgreyscaleimagesevenif the databasactuallycontainscolorimages.).If
not statedotherwisewe usedhalf of the available subjectsfor training of the genericeigenspace
(34 subjectdor PIE, 100subjectdor FERET)andtheremainingsubjectdor testing.In all experi-
ments(if not statedotherwise)we retaina numberof eigervectorssufcient to explain 95%of the

variancen theinput data.

bb bc bd be ba bf bg bh bi

Figure7: Anillustrationof the posevariationin the FERETdatabas§22]. Theposesof the9 imagesvary
from (bb)to full frontal (ba)andonto (bi). Overall,thevariationin poseis someavhatlessthan
in the CMU PIE databaseSeeFigure6 for anillustrationof the posevariationin the PIE database.

3.5.2 Example Eigen Light-Field

Figure8 illustratesanexampleeigenlight- eld for the PIE databaseTo bestillustratetheappear
ancevariation,we actuallydisplaythe meanvectorplusa multiple of eacheigervector Thatway
the eigervectorsactuallylook lik e realfacesthat aretypical of the appearanceariationmodeled

by theeigenspaceAs canbe seentheeigervectorsmostlyencoddadentity information.

3.5.3 Experiment 1: Comparisonwith Other Algorithms

We rst conductedanexperimentto compareour algorithmwith two others.In particularwe com-
paredour algorithmwith eigenficeq28] andFacelt,thecommerciafacerecognitionsystenmfrom
Identix (formerly Visionics).Eigenfaceds thedefactobaselinestandardy which facerecognition
algorithmsarecomparedFacelt nished top overallin the FaceRecognitionvendorTest2000[8].
We rst performeda comparisorusingthe PIE databasg26]. After randomlyselectingthe
generictraining data,we selectedhe gallery poseasoneof the 13 PIE posesandthe probepose

asary otherof theremainingl2 PIE poses.For eachdisjoint pair of galleryandprobeposeswe
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Figure8: The meanvectorandthe ®rst threeeigenlight-®eld vectorsfor 6 posesof the PIE databaseTo
bestillustratethe eigewvectors,we displaythe meanvectorplus a multiple of eacheigewector Thatway
the eigewvectorsactuallylook like realfacesandaretypical of theappearanceariationin theeigenspace.

computethe averagerecognitionrateover all subjectsn the probeandgallerysets.The detailsof
theresultsareincludedin Figures9—10anda summaryis includedin Table3.

In Figure9 we plot color-coded “confusionmatrices’of theresults.Therow denotes
the poseof the gallery, the columnthe poseof the probe,andthe displayedintensitythe average
recognitionrate. A lighter color denotesa higherrecognitionrate. (On the diagonalshe gallery
andprobeimagesarethe sameandsoall threealgorithmsobtaina 100%recognitionrate.) Eigen
light- elds performsfarbetterthantheotheralgorithms asis witnessedy thelighter color of Fig-
ures9(a—b)comparedo Figures9(c—d).Notehow eigenlight- elds is far betterableto generalize
acrosswide variationsin pose,andin particularto andfrom nearpro le views.

Several“cross-sectionsthroughthe confusionmatricesin Figure9 areshovn in Figure10. In
eachcross-sectionyje x theposeof the galleryimagesandvary the poseof the probeimage.In
eachgraphwe plot four curves,onefor eigenfices onefor Facelt,onefor eigenlight- elds with
the 3-point normalization,and onefor eigenlight- elds with the multi-point normalization. As
canbeseengigenlight- elds outperformghe othertwo algorithms.In particular it is betterable
to recognizehefacewhenthegalleryandprobeposesarevery different. This is withessedy the

eigenlight- eld curvesin Figure10 beinghigheratthe extremitiesof the probeposerange.
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Figure9: A comparisorwith Faceltandeigenficesfor facerecognitionacrossposeon the PIE database.
For eachpair of galleryandprobeposesye plot the colorcodedaveragerecognitionrate. Thefactthatthe
imagesn (a) and(b) arelighterin colorthanthosein (c) and(d) impliesthatour algorithmperformsbetter

Theresultsin Figures9 and10 aresummarizedn Table3. In thistablewe includethe average
recognitionratecomputedover all disjoint gallery-probgposes.As canbe seengigenlight- elds
outperformsboth the standardceigenticesalgorithm andthe commercialFaceltsystem. (In [24]
betterrecognitionresultsacrossposeon the PIE databasere reported. SeeSection4.3 for a
detailedcomparisorof our algorithmwith the model-basednein [24].)

We next performeda similar comparisorusingthe FERETdatabas¢22]. Justaswith the PIE
databaseye selectedhegalleryposeasoneof the9 FERETposesandthe probeposeasary other
of the remaining8 FERET poses.For eachdisjoint pair of gallery andprobeposeswe compute

the averagerecognitionrate over all subjectan the probeandgallery sets,andthenaveragethe

23



T T T T T T T T T T T T
w—ELF 3 Point w—ELF 3 Point
= = ELF Complex = = ELF Complex
1001 : : : : - Facelt H 100 : : : : =1 Facelt

111 Eigenfaces 111 _Eigenfaces

90k B B . . . : B

8ol . . . . : : 4

Accuracy [%]
Accuracy (%]

0 ,
c22 c02 c25 €37 c05 c07 c09 c29 cll cla c31 c34 c02 c25 c37 €05 c07 c27 c09 c29 cll cla c31 c34
Probe Pose Probe Pose

(a) Gallery Posec27 (b) GalleryPosec22

T T T T T T T T T T T T
w—ELF 3 Point w—ELF 3 Point
= = ELF Complex = = ELF Complex

100~ = Facelt n 100~ = Facelt n
111 Eigenfaces 111 _Eigenfaces

90— b

90

80

70

60

Accuracy (%]
Accuracy (%]

50
40
30
20

10

0 I I
c22 c02 c25 €05 c07 c27 c09 €29 cll cl4 c31 c34 c22 c02 c25 €37 €05 c07 c27 €09 c29 cl1 cl4 c34
Probe Pose Probe Pose

(c) GalleryPosec37 (d) GalleryPosec31

Figure 10: Several2cross-sectionghroughthe confusionmatricesin Figure9. In each®gurewe ®x the
poseof the galleryandonly vary the poseof the probe.We plot four curves,oneeachfor eigenlight-®elds
with the 3-pointnormalizationgigenlight-®eldswith the multi-pointnormalizationgigentices andFacelt.
The performancef eigenlight-®eldsis superiorto thatfor the othertwo algorithms particularlywhenthe
poseof thegalleryandprobeareradically different. Eigenlight-®eldsrecognizeg$acesbetteracrosgpose.

results. Theresultsarevery similar to thosefor the PIE databasendaresummarizedn Table4.
Again, eigenlight- elds performssigni cantly betterthanboth Faceltandeigentces.

Overall, the performancamprovementof eigenlight- elds over the othertwo algorithmsis
moresigni cant onthe PIE databas¢éhanontheFERETdatabaseThisis becaus¢éhe PIE database

containsmorevariationin posethanthe FERETdatabaseSeeFigures6 and7.
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Table 3: A comparisorof eigenlight-®eldswith Faceltand eigenficesfor facerecognitionacrosspose
on the PIE databaseThe table containsthe averagerecognitionrate computedacrossall disjoint pairsof
galleryandprobeposesj.e. thistablesummarizeshe averageperformancen Figure9.

Eigenfices

Facelt

EigenLight-Fields EigenLight-Fields
3-PointNormalization| Multi-Point Normalization

| AverageRecognitionAccuray |  16.6% | 24.3% |

52.5% 66.3%

Table4: A comparisorof eigenlight-®eldswith Faceltandeigenficesfor facerecognitionacrosgposeon
the FERET databaseThe table containsthe averagerecognitionrate computedacrossall disjoint pairsof
galleryandprobeposes Again, eigenlight-®eldsoutperformsotheigenacesandFacelt.

Eigenfces

Facelt

EigenLight-Fields
3-PointNormalization

| AverageRecognitionAccuray |

39.4% |59.3%|

75%

3.5.4 Experiment 2: Impr ovementwith the Number of Input Images

Sofarwe have assumedhatjust a singlegallery andprobeimageareavailableto the algorithm.

Whathappensf moregalleryand/orprobeimagesareavailable?In Experiment2 we investigate

the performancef eigenlight- elds with differenthumbersof imagesusingthe PIE databaseTo

computetherecognitionratewith  galleryimageswe selectevery possiblesetof galleryposes

and probepose.In totalthisamountgo

differentcombination®f poses.

We thencomputethe averagerecognitionratefor eachsuchcombinationandaveragetheresults.

We plot the overall averagerecognitionrateagainsthe numberof galleryimagesin Figure11(a).

As canbeseengigenlight- elds is ableto estimatea moreaccuratdight- eld usingmoregallery

imagesandtherebyobtaina higherrecognitionrate.

Eigenlight- elds canalsotake advantageof morethanoneprobeimage.Wethereforerepeated

Experimen® but reversedherolesof thegalleryandprobe.Theresultsareshonvnin Figure11(b).

Again the performancencreasesvith the numberof probeimages however the bene t of using

multiple probeimageds notasmuchasthebene t of usingmultiple galleryimages With multiple

galleryimagegheaccuray of thelight- eld of everysubjeciin thegalleryisimproved. With more

probeimagestheaccurayg of thelight- eld of justthesingleprobesubjectis improved.
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Figure11l: (a) Theimprovementin the performanceof our algorithmwith increasingnumbersof gallery
images.Usingthe additionalimages eigenlight-®eldsis ableto estimatethe light-®elds moreaccurately
andtherebyobtainsa higherrecognitionrate. (b) The performancef eigenlight-®eldsalsoimproveswith
thenumberof probeimages.The performancéncreases greatemwith increasechumbersof galleryimages
because¢he accurag of the light-®eld of every gallery subjectis improved. On the otherhand,with more
probeimagestheaccurag of justthe oneprobesubjectis improved.

3
Number of Gallery Images

3.5.5 Experiment 3. Matching Sub-Images

We justillustratedhow the performancef eigenlight- elds improvesif moregalleryand/orprobe
imagesareavailable. Eigenlight- elds canuseary subsebf thelight- eld. In particular it does
not evenneeda completeimage. To validatethis property we ranthe following experiment. We
repeatedExperimentl, but for eachpair of galleryandprobeposeswe randomlyselected certain
percentag®f the pixelsin the maslked image. We thencomputethe averagerecognitionratejust
usingthis subsebf the pixels. This processs repeatedor 100 randomsamplesof pixelsandthe
resultsaveraged.Theresultsareshovn in Figurel2for avarietyof pixel percentagesangingfrom

1% to 100% (the completeimage). Theseresultswere obtainedusingthe 3-point normalization
and so the performancewith 100%is 52.5%,asper Table 3. The gure demonstrategraceful
degradationof the recognitionperformancevhensubsetof the imagesareused. The algorithm
achiezes remarkablerecognitionrateswith just 1% of the imageinformation. In this casethe
light- eld containsan averageof 206 pixels (3-point normalization)and 548 pixels (multi-point

normalization) respectiely.
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Figurel2: Theperformancef eigenlight-®eldswith asubsebf theimagesusingthe3-pointnormalization
andthe PIE databaseThe averagerecognitionrateis plottedagainstthe percentagef pixelsin the probe
andgalleryimages.A subsebf theimagescanbe usedwithoutary signi®cantreductionin therecognition
rate.

3.5.6 Experiment 4: Division of the Input ImagesbetweenGallery and Probe

In Experimen® we examinedthebene tsof usingmorethanonegalleryor probeimage.Suppose
that galleryandprobeimagesareavailablein total. Is it betterto use galleryand probe
imagesor gallery and probeimages?In orderto answerthis question,we conducted
Experiment. Given imageswe generateavery possiblecombinationof galleryimages
and probeimage(asin Experiment2) and every possiblecombinationof galleryimages
and probeimages.Wethencomputedhe averagerecognitionratefor eachcase . Similarly we
switchedtherolesof galleryandprobe.Theresultsareshovn in Figurel3. Theconclusions clear
It is betterto divide theimagesequallybetweergalleryandproberatherthanasymmetrically
Onepossibleconclusiorfrom thisresultis thataddingmorethatoneimageto eachof theprobe
andgalleryallows a betterestimateof thelight- eld. Having two moreaccurateestimatesesults

in betterperformancehanhaving onevery accuratesstimateandonenot soaccuratesstimate.

3.5.7 Experiment5: In uence of EigenspaceParameters

Thecomputatiorof eigenlight- elds isin uencedprimarily by thenumberof subjectsisedduring
training andthe numberof eigervectorsretainedfrom Principal Component#nalysis. In order

to quantify the effect that theseparametersiave on recognitionperformanceve repeatedExper
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Figurel3: (a) Theperformance®f using galleryimagesand probeimageversususing of each.
The empiricalevidencesuggestso split up theimagesevenly into galleryandprobe.(b) The performance
of using galleryimageand probeimagesversususing of each.Again splitting up theimages
evenly achiezes higherrecognitionrates. Having two more accurateestimatef the light-®eldsresultsin

betterperformancehanhaving onevery accurateestimateandonenot soaccuratesstimate.

iment 1 on the FERET databasend systematicallychangedheir values. The recognitionaccu-
raciesfor Faceltstayconstantacrosshe differentparametesettingssincewe did not (andcould
not) retrainthe system.Figure14(a)showns recognitionaccuracie®f eigenlight- elds, eigenfices
andFaceltfor varying numbersof training subjectsin the training set. For eachexperimentthe
samesetof 100gallery/probesubjectsvasused.It canbe seenthateigenlight- elds outperform
Faceltwhenmorethan40 subjectsareusedin the training set. In a similar fashionFigure 14(b)
shows recognitionaccuraciedor the threealgorithmsfor changingpercentagesf variancere-
tainedfrom Principal ComponentAnalysis using 100 subjectsin the training set. Here, eigen
light- elds surpasshe Faceltperformancevhenmorethan80% of thevariance(correspondingo

eighteigervectors)is retained. Again, the performancef eigenlight- elds degradeggracefully

3.5.8 Experiment 6: Recognitionacrossdatabases

For all experimentsshowvn sofar thetrainingandgallery/probesubjectsveretakenfrom the same
database.In Figure 15 we showv recognitionaccuraciedor round-robintestswith seven poses
of the PIE database.Training for both eigenlight- elds andeigentceswasdoneusingall 200

subjectof the FERETdatabaseCorrespondenceetweenFERETandPIE posesvasdetermined
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Figure14: Comparatre performanceof the threealgorithmson the FERETdatabase(a) varyingnumber
of subjectsn thegenerictrainingdataand(b) varyingthe percentagef varianceretainedn theeigenspace
(using100subjects) Therecognitionaccuracieareaverage®f round-robinexperimentaisingeachposein
turn asgallery poseandall otherposesasprobeposes.The performancef the eigenlight-®eldssurpasses
Faceltperformanceat comparairely low valuesof the parametesettings. The recognitionaccuraciegor

Faceltstay constantacrossthe different parametersettingssincewe did not (and could not) retrainthe
system.
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Figure 15: Recognitionaccuracie®f eigenlight-®elds, eigenficesand Faceltfor round-robintestsover
se/enPIE poses Eigenlight-®eldsandeigenficesweretrainedusingonly FERETsubjectsaandtestedusing

only PIE subjects.Theposesvary from (bb)to full frontal (ba)andonto (bi). SeeFigure7 for
exampleimages.

manually Note that thereis a considerablemismatchbetweenthe FERET and PIE poses(see
Figures6 and7). While low overall, the performanceof eigenlight- elds comparegeasonably
with the Faceltperformancen the sametask.
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Figure 16: The processingime (on a 2.8 GHz Pentium4) to solwe the linear systemto computethe
eigenspaceoef®cientsfor a singeprobeimage(using 100 gallery subjectsof the FERET database.)The
resultsareaveragedor round-robintestswhereeachposeis usedin turnasgalleryposewith all otherposes
asprobeposes.Typically of thevarianceshouldberetainedfor maximumperformance.

3.5.9 Experiment 7: Computational Complexity

Sincethecomputatiorof theeigenlight- elds andtheeigenspaceoefcient for thegalleryimages
canbedoneof ine, theonlinecompleity is dominatedoy the costof solvingthe overdetermined
linear systemdor the probecoefcients. Figure 16 shavs the processingimesfor this stepper
probesubjecton a 2.8 GHz Pentium4 processofor differentamountsof varianceretainedfrom
PrincipalComponenAnalysis,correspondingo betweerl (for varianceand99eigervectors
(for variance).The experimentwasconductedisingthe FERET databaseavith 100training
subjects. The resultsare averagesfor round-robintestswhere eachposeis usedin turn asthe
gallery posewith all otherposesasprobeposes.As shavn in Figure 14(b) typically of the

varianceshouldberetainedfor maximumperformance.

4 Conclusion

4.1 Summary

Appearance-basaabjectrecognitionusespixels or measurementsf light in the sceneasits fea-
tures.In theultimatelimit, the setof all suchmeasurements the plenopticfunctionor light- eld.

In this paperwe have explored appearance-baseaabjectrecognitionfrom light- elds. We rst

analyzedthe theoreticaldistinguishabilityof objectsfrom theirimagesandlight- elds. We pre-
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senteda numberof resultswhich shawv thattheoreticallyobjectscanbe distinguishabldrom their
light- elds in caseghatthey are ambiguoudrom just a singleimage. This theoreticalanalysis
motivatestrying to build appearance-bas@idbjectrecognitionalgorithmsthatuseasmuchof the
light- eld asis available,beit a singleimage,a pair of imagesor multipleimages.

In the seconcdhalf of this paperwe proposecan appearance-basadjorithmfor facerecogni-
tion acrosgposebasednanalgorithmto estimateheeigenlight- eld from acollectionof images.
This algorithmcanusearny numberof galleryimagescapturedorm arbitraryposesandany num-
berof probeimagesalsocapturedrom arbitraryposes.Thegalleryandprobeposesio notneedio
overlap. We shovedthatour algorithmcanreliably recognizefacesacrosgposeandalsotake ad-
vantageof the additionalinformationcontainedn widely separatediews to improve recognition
performanceaf morethanonegalleryor probeimageis available.Notethatthe EigenLight-Fields
Algorithm canbeextendedo recognizdacesacrosgposeandillumination simultaneouslyy gen-
eralizingeigenlight- elds [14] to Fisherlight- elds [15], analogouslyto how eigenfaceq28] can
be generalizedo Fisherfices[3]. (Note, however, that caremustbe taken becausdequation(3)
assumeshatthe basisvectors( ) areableto reconstructheimage well. Thisis notthe
casefor Fisherlight- elds andsoatwo-stepalgorithmis requiredthat rst reconstructshe eigen

light- eld andthenconstructsa Fisherlight- eld from that.)

4.2 Light-Fields, Vectorization, and Appearance-Based-aceRecognition

Onecommonreactionto thealgorithmdescribedn this paperis to questiorwhatit hasto do with
Light-Fields. On onelevel thisis valid. The algorithmcould be describedvithout mentionof the
term. It could be describedasfacerecognitionacrosspose the technicalmeatconsistingsimply
of using a eigenspaceomputedon pairs (or n-tuples)of views andthe (standard)approachto
dealingwith occlusionsan the eigenspacapproacH16]. Sucha papercouldhave beenpublished
right after[21] asa simpleextensionto theview-basedapproactdescribedhereto avoid theneed
for galleryimagesof eachsubjectfrom eachpose.

Thereis anotherreasonwe usedthe term. Appearance-basd@cerecognitionusespixelsin
imagesas features. The reasonfor using the term light- eld wasto highlight the relationship

betweenthesetwo quantitiesand the implicationsfor appearance-basebject recognition. In
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our “appearance-basedilgorithmwe includea step(vectorization)to corvertthe light- eld into
a vector of pixelsthatis usedas the input to our appearance-basedgorithm (PCA followed
by nearesteighbor) Vectorizationcorverts measurementsf light into featuresfor a pattern
recognitionalgorithm. Whendescribedor light- elds this stepseemssomeavhatad-hoc,andit
is questionablavhetherit could ever be reliably performedin a fully automaticfacerecognition
system. Thereis an equialentstepin eigenfticesor ary otherappearance-basedgorithm, but
becausehis stepis essentiallya“null step”it is oftenoverlooked. Any facerecognitionalgorithm
must, either explicitly or implicitly, convert measurementsf light (the light eld, or pixelsin
images)into measurementsf the facethat canthenbe passedo a classi cation algorithm. In
frontal appearance-basédcerecognition,this corversionreducedo a null step. Fortunately(or
perhapsunfortunately)good resultsare often obtainedeven with this choice. By presentingan
appearance-basedgorithmin termsof alight- eld we hopeto illustrate the importanceof this

step,ratherthanglossingover it asappearance-basegproachebase encouragegeopleto do.

4.3 Comparisonwith Model-BasedAlgorithms

How shouldthe corversionfrom measurementsf light to measurementsf the object(face)be
performed?Perhapshe mostpromisingapproachat this time is the model-base@pproachpest
exempli ed by Active AppearancéModels[10] and3D MorphableModels[9, 24]. Fitting aface
model can be regardedas corverting measurementsf light into measurementsf the face(i.e.
themodelparameters)Empirically thereis considerablevidenceto backup this approachOne
exampleis the superiomperformanceve obtainedusingthe multi-point (Active Appearancé/odel
like) normalizationover the simple 3-point (appearance-basédiét e) normalization. Another ex-
ampleis the excellentresultsobtainedby Vetteret al. [9, 24]. Concurrentwith the researchn
this paper we providedthe PIE database¢o Vetteretal. [9, 24] to provide a comparisorbetween
the appearance-basegbproach(this paper)andthe modelbasedapproach [9, 24]). Theresults
presentedh [9, 24] areconsiderablybetterthanthosein this paperin our opinionclearlydemon-
stratingthatthemodel-basea@pproachs preferablao theappearance-basagproachlt mightbe
arguedthatthis conclusionis only valid for the (largely 3D) taskof facerecognitionacrospose.

We believe otherwise. Althoughthetaskof tting the facemodel(ataskwe have beenactively
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working on [18]) currentlymakesthe model-base@pproacHessrobust, we believe the approach
isinherentlysuperiorfor both(2D) frontal facerecognitionaswell asfacerecognitionacrosgose.
Thereasonis thatthe model-base@pproachexplicitly addressethe questionof how to corvert

measurementsf light (thelight- eld) into measurementsf theface(avectorof parameters.)
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