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Abstract

Arguablythe mostimportantdecisionto be madewhendevelopingan objectrecognition
algorithmis selectingthe scenemeasurementer features on which to basethe algorithm. In
appearance-baseitbjectrecognitionthe featuresarechoserto bethe pixel intensityvaluesin an
imageof the object. Thesepixel intensitiescorrespondlirectly to the radianceof light emitted
from the objectalongcertainraysin space.The setof all suchradiancevaluesover all possible
raysis known as the plenopticfunction or light-field. In this paperwe develop the theory of
appearance-basebjectrecognitionfrom light-fields. Thistheoryleadsdirectlyto apose-ivariant
facerecognitionalgorithmthatusesasmary imagesof thefaceasareavailable,from oneupwards.
All of the pixels, whichever imagethey comefrom, aretreatedequallyandusedto estimatethe
(eigen)light-field of the object. The eigenlight-field is thenusedasthe setof featureson which
to baserecognition,analogouslyto how the pixel intensitiesareusedin appearance-baseitbject
recognition.We alsoshonv how our algorithmcanbe extendedto recognizefacesacrosgposeand

illumination by usingFisherlight-fields.



1 Intr oduction

Arguably the mostimportantdecisionto be madewhen developing an objectrecognitionalgo-
rithm is selectingthe scenemeasurementsr featuleson which to basethe algorithm. Oneof the
most successfubnd well-studiedapproacheso objectrecognitionis the appeaance-basedp-
proach.Althoughthe expression‘appearance-basedVasintroducedby MuraseandNayar([17],
theapproachtself datesbackto Turk andPentlands Eigenfaceg§25] andperhapsefore[24]. The
definingcharacteristiof appearance-baseadgorithmsis thatthey directly usethe pixel intensity

valuesin animageof the objectasthefeatureson which to basetherecognitiondecision.

The pixel intensitiesthat are usedasfeaturesin appearance-basedgorithmscorrespond
directly to the radianceof light emittedfrom the objectalong certainraysin space. Although
theremay be variousnon-linearitiescauseddy the optics(e.g.vignetting),the CCD sensoiitself,
or by gammacorrectionin the camerathe pixel intensitiescan be thoughtof asapproximately

equialentto theradianceof light emittedfrom the objectin thedirectionof the pixel.

The plenopticfunction[1] or light-field [12, 16] specifiesthe radianceof light alongall
raysin thescene Hence thelight-field of anobjectis the setof all possiblefeatureshatcouldbe
usedby an appearance-basedtbjectrecognitionalgorithm. It is natural,therefore to investigate
usinglight-fields (asanintermediataepresentationfor appearance-basatjectrecognition.In
thefirst partof this papemwe developthetheoryof appearance-basetjectrecognitionfrom light-
fields. In the secondpartwe proposeanalgorithmfor pose-ivariantfacerecognitionbasedon an
algorithmto estimatethe (eigen)light-field of a facefrom a setof images.Finally, we extendour

algorithmto performfacerecognitionacrossoth poseandillumination usingFisherlight-fields.

1.1 Theoretical Propertiesof Light-Fields for Recognition

Therearea numberof importanttheoreticalquestiongertainingto objectrecognitionfrom light-

fields. Someexamplesare:



1. The fundamentaljuestion“what is the setof imagesof an objectunderall possibleillu-
minationconditions?” wasrecentlyposedandansweredn [5]. Becauseanimagesimply
consistf a subsebf measurementisom thelight-field, it is naturalto askthe sameques-
tion aboutthe setof all light-fields of anobject. Answeringthis secondquestionmay also

helpunderstandhe variationin appearancef objectsacrossothposeandillumination.

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 imagesunderdifferentilluminations.)

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

In thefirst partof this papemwe derive anumberof fundamentapropertieof objectlight-fields. In
particular we first investigatethe setof all possiblelight-fields of an objectundervaryingillumi-
nation. Amongstotherthingswe show thatthe setof all light-fieldsis a corvex cone,analogously
to theresultsin [5] for singleimages. Afterwardswe investigatethe degreeto which objectsare
distinguishabldrom their light-fields. We shaw that, underarbitraryillumination conditions,if
two objectshave the sameshapeahey cannotbedistinguishedgvengiventheirlight-field. Thesit-
uationfor objectswith differentshapess differenthowever. We shaw thattwo objectscanalmost

alwaysbedistinguishedrom their light-fieldsif they have differentshapes.

1.2 FaceRecognitionUsing Light-Fields

Oneimplication of this theoryis that “appearance-basedbjectrecognitionfrom light-fields is
theoreticallymorepowerful thanobjectrecognitionfrom singleimages.Capturinganentirelight-
field is normally not appropriatefor objectrecognitionhowever; it requireseithera large number
of camerasagreatdealof time, or both. This doesnotmeanthatit is impossibleto uselight-fields
in practicalobjectrecognitionalgorithms. In the secondpart of this paperwe develop a pose-

invariantfacerecognitionalgorithmthatis basedn analgorithmto estimatethe (eigen)light-field
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of anobjectfrom anarbitrarycollectionof images[13]. This algorithmis basedon analgorithm
for dealingwith occlusiondn the eigen-spacapproach6, 15]. The eigenlight-field, onceit has
beenestimatedjs thenusedasan enlagedsetof featureson which to basethe facerecognition

decision.Someof theadwantageougropertiesof this algorithmareasfollows:

1. Any numberof imagescanbeusedfrom oneupwards,in boththetraining(gallery)andthe
test(probe)sets.Moreover, noneof thetrainingimagesneedto have beencapturedrom the
sameposeasary of thetestimages.For example,theremight be two testimagesfor each
personafull frontal view anda full profile, andonly onetrainingimage,a half profile. In

this way, our algorithmcanperform“f acerecognitionacrosos€.

2. If only onetestor trainingimageis available,our algorithmbehaes“reasonably’'whenes-
timatingthelight-field. In particular we prove thatthelight-field estimatedy ouralgorithm

correctlyre-rendersmagesacrosgpose(undersuitableassumptiongsboutthe objects.)

3. If morethanonetestor training imageis available, the extra information (including the
implicit shapenformation)is incorporatednto a betterestimateof thelight-field. Thefinal

facerecognitionalgorithmthereforeperformsdemonstrablyetterwith moreinputimages.

4. 1t is straightforvard to extendour algorithmto perform*“f acerecognitionacrossboth pose
andillumination” [14]. We generalizesigenlight-fieldsto FisherLight-fieldsanalogouslyo

how eigenficesweregeneralizedo Fisherficesn [3].

1.3 Overview

Theremainderof this paperis organizedasfollows. We begin in Section2 by introducingobject
light-fieldsandderiving someof theirkey propertiesWe continuein Section3 by describingeigen
light-fieldsandtheir usein our algorithmfor facerecognitionacrospose.Iln Section4 we extend
our algorithmto useFisherlight-fields andto recognizefacesacrossboth poseandillumination.

We concludein Section5 with asummaryandsuggestion$or futurework.
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Figurel: Anillustrationof the 2D light-field [16] of a 2D object. The objectis conceptuallyplacedwithin
acircle. Theangleto the viewpoint v aroundthe circle is measuredy the angled andthe directionthat
the viewing ray makeswith the radiusof the circle by ¢. For eachpair of anglesd and¢, the radianceof
light reachingthe viewpointis denotedL(8, ¢), thelight-field [16]. Althoughthelight-field of a 3D object

is actually4D, we will continueto usethe 2D notationof this figurefor easeof explanation.

2 Object Light-Fields and Their Propertiesfor Recognition

2.1 Object Light-Fields

The plenopticfunction[1] or light-field [16] is a function which specifiesthe radianceof light
in free space. It is 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 [18], thelight-field is actuallyonly a4D function,a 2D functionof positiondefined
overa 2D surface,anda 2D functionof direction[12, 16]. In 2D, thelight-field of a 2D objectis
only 2D. SeeFigurel for anillustrationof the 2D light-field of a 2D object.

4



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

The fundamentabuestion‘what is the setof imagesof an objectunderall possibleillumination
conditions?” wasrecentlyposedand answeredoy BelhumeurandKriegman[5]. We begin our
analysisby askingthe analogougjuestionfor light-fields. Sinceanimagejust consistsf a subset

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

Theorem 1 Thesetof n-pixellight-fieldsof anyobject,seerunderall possibldighting conditions,

is a corvex conein R™.

This resultholdsfor any object,evenif the objectis non-cowvex 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 sourcesatinfinity. It is straightforvardto shaw thatthis subsef

illumination conditionsis a corvex coneandthereforethatthefollowing theoremalsoholds:

Theorem 2 The setof n-pixel light-fields of any object, illuminated by an arbitrary numberof

pointlight souicesat infinity, is a corvex conein R™.

Theseesultsareanalogougo thosein [5]. Moreover, sinceTheoremsl and?2 clearlyalsohold for

ary subsebf raysin thelight-field, theanalogousesultsin [5] arespecialcaseof thesetheorems.

Whenwe investigatethe natureof theillumination conesin moredetail, however, we find
several differencedetweenimagesandlight-fields. Someof the differencesare summarizedn
Table 1. If we considerarbitraryillumination conditionsandary corvex object,the imageillu-
minationconealwaysexactly equalsthe setof all imagesbecausevery point on the objectcan
beilluminatedindependenthandsetto radiateary intensity This resultholdsfor ary reflectance

function. Theonly minor requirements thatno pointonthe objecthaszeroreflectance.

The situationis differentfor light-fields. It is possibleto choosereflectancdunctionsfor

which the light-field illumination coneis equalto the setof all light-fields. One simpleexample
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Tablel1: A comparisorof imageillumination conesandlight-field illumination cones.The main point to
noteis thatin threeof the four casesthelight-field illumination coneis a “smaller” subsef the setof all
light-fieldsthanthe correspondingmageillumination coneis a subsebf the setof all images.

Imagelllumination Cone | Light-field lllumination Cone
Arbitrary lllumination Conditions| Alwaysexactlyequals Cansometimebe
Any Corvex Object thesetof all images thesetof all light-fields
Arbitrary lllumination Conditions| Alwaysexactlyequals Neveris
Corvex LambertianObject thesetof all images thesetof all light-fields
PointLight Sourcesat Infinity Cansometimese Cansometimese
Any Corvex Object full-dimensional full-dimensional
PointLight Sourcesat Infinity Cansometimese Neveris
Corvex LambertianObject full-dimensional full-dimensional

is to usea “mirrored” object. However, for mostreflectancdunctionsthe light-field illumination
coneis not equalto the setof all light-fields. One exampleis Lambertianreflectance.In this
casethelight-field conenever equalsthe setof all light-fieldsbecauserny two pixelsin thelight-
field thatimagethe samepoint on the objectwill alwayshave the sameintensity For Lambertian
objectstheimageillumination coneacrossarbitraryillumination conditionsstill exactlyequalsthe
setof all imagesbecauséehe pixelscanstill all be setindependentlypy choosingtheillumination

appropriately

For point light sourcesat infinity (ratherthanfor arbitraryillumination conditions),the
resultsaresimilar. Theimageillumination conecansometimese full-dimensional. For cornvex
Lambertianobjectsthe dimensionalityequalsthe numberof distinct surfacenormals. (See[5]
Propositiorb.) If eachsurfacenormalis different,theimageillumination coneis full-dimensional.
For light-fields,however, thelight-field illumination coneof acornvex Lambertiarobjectwith point
light sourcestinfinity is neverfull dimensionabecausary two pixelsin thelight-field thatimage

thesamepoint on the surfacewill alwayshave the sameintensity
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Thetrendin Tablel is clear Objectrecognitionin the presencef illumination changess
“theoretically” easierusinglight-fields thanwith images.Using eithermodel(arbitraryillumina-
tion or point light sourcest infinity) thelight-field illumination coneis a “smaller” subsef the

setof all light-fieldsthantheimageillumination 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 propertymakesclassificatiormucheasierbecausapply-
ing alinearclassifiers in generafar easietthandeterminingwhichillumination coneanimageor
light-field lies closestto. However, to take advantageof this property the two illumination cones
mustbedisjoint. If they arenotthetwo objectswill notalwaysbe distinguishablearnyway. These
argumentspf course apply equallyto bothimageandlight-field illumination cones.In this sec-
tion we studythe distinguishability(intersection)of illumination conesandshaw thatthe taskis

theoreticallyeasieffor light-fieldsthanfor 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 be distinguishedvithout someassumptionabouttheillumination:

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

camefrom. It is notevenpossibleto eliminateany cornvex objectsaspossibilities.

Perhap®neof themostimportantresultsof [5] is to shaw that,if theillumination consistsof point

sourcestinfinity thesituationis morefavorable;empiricallythevolumeof theimageillumination
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coneis muchlessthanthe spaceof all images.It is alsostraight-forvard to show thatthereare

pairsof objectsthataredistinguishableinderthis smallersetof lighting conditions:

Theorem 3 Thele exist pairs of objectsfor which theintersectionof their illumination conegover
the setof illumination conditionsconsistingof arbitrary numbes of pointlight sourcesat infinity)
only consistsof the bladk (all zelo) image; i.e. there are pairs of objectsthat are alwaysdistin-

guishable(overthe setof illumination conditionswhich consistof pointlight souicesat infinity.)

Proof: (Sketch)Oneexampleis to considertwo Lambertianspherespnewith analbedofunction
that has multiple stepdiscontinuities(which appearin every image), one that varies smoothly
everywhere All of theimagesof the objectwith the stepdiscontinuityin thealbedomapwill also

have a stepdiscontinuityin theimage,whereasioneof theimagesof the otherobjectwill. a

Although we have shown thatthereare pairsof objectsfor which the imageillumination
cones(for point light sourcesat infinity) only intersectat the all blackimage,thereare pairs of

objectsfor which theirimageillumination conesdo intersect.

Theorem 4 Thele exist pairs of objectsfor which theintersectionof their illumination conegover
the setof point light sourcesat infinity) consistsof more thanjust the bladk (all zewo) image; i.e.

there are pairs of objectsthat are sometimendistinguishablgover point light sourcesat infinity.)

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

two objectswill generatéhe sameimage.(The constant®f proportionalitymustbethe same.)O

2.3.2 Distinguishability of Same-ShapeObjects from Their Light-Fields

In the previous sectionwe showved that distinguishingobjectsfrom their imagesundervarying
illumination is often very difficult, andin mary cases'theoretically” impossible. If the objects

are the sameshape,corvex, and Lambertian,intuitively the light-field should not containary

8



additionalinformation. It is no surprise then,thatit is fairly straight-forvardto prove ananalogy

of Corollary1 for (corvex Lambertian)objectsof the sameshape:

Theorem5 Thelight-fieldilluminationconesoverall possibldighting conditionsof anytwo con-

vex, Lambertianobjectsof the sameshapeare exactly equal.

Proof: Givenarbitrarylighting, it is possibleto generatearny incomingradiancedistribution over
the surfaceof the (corvex) objectusinglasers.lt is thereforepossibleto generateary light-field
for any corvex object(subjectto the necessargndsufficientconstrainthatraysimagingthe same

point on the surfaceof the objecthave the samentensity) O

Distinguishing(corvex Lambertian)objectsof the sameshapefrom their light-fields is
thereforempossiblewithout any assumptionsn theillumination. If assumptionaremadeabout
the illumination, the situationis different. As in Theorems3 and 4 above, if the illumination
consistof pointlight sourcesat infinity two objectsof the sameshapemay or may not be distin-

guishable.

Theorem 6 Thele exist pairs of same-shapeorvex, Lambertianobjectsfor which theintersection
of their light-field illumination cones(over the setof point light sourcesat infinity) only consists
of theblack (all zem) light-field; i.e. there are pairs of same-shapebjectsthat are alwaysdistin-

guishable(over the setof pointlight sourcesat infinity.)

Proof: Essentiallythe sameasthe proof of Theorem3. O

Theorem 7 Thele exist pairs of corvex, Lambertianobjectswith the sameshapefor which the
intersectionof their light-field illumination cones(over the setof point light souicesat infinity)
consistof morethanjustthebladk (all zewo) image; i.e. there are pairs of same-shapebjectsthat

are sometimendistinguishableavengiventheir light-fields.

Proof: Essentiallythe sameasthe proof of Theorem. O
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2.3.3 Distinguishability of Differ ently-ShapedObjects from Their Light-Fields

Intuitively the situationfor differently shapedobjectsis different. The light-field containscon-
siderableinformationaboutthe shapeof the objects. In fact, we recentlyshavedin [2] that, so
long asthelight-field doesnot containary extendedconstanintensityregions,it uniquelydefines
the shapeof a Lambertianobject. This meanghatthe intersectionof the light-field conesof two

differently shapedbjectsmustonly containlight-fieldsthathave constanintensityregions.

Theorem 8 The intersectionof the light-field illumination conesover all possiblelighting con-
ditions of any two Lambertianobjectsthat havedifferent shapesonly consistsof light-fieldsthat

haveconstantintensityregions.

This theoremimpliesthattwo differently shaped_ambertianobjectscanalwaysbe distinguished

from ary light-field thatdoesnot containconstanintensityregions.

2.3.4 Summary

We have describedvariousconditionsunderwhich pairsof objectsaredistinguishabldrom their
imagesor light-fields. SeeTable2 for asummary Whennothingis assumedboutthe incoming
illumination, it is impossibleto distinguishbetweenary pair of objectsfrom their images.If the
illumination consistsof a collectionof pointlight sourcesatinfinity, the situationis alittle better

Somepairsof objectscanalwaysbedistinguishedbut otherpairsaresometimesndistinguishable.

If the objectshave the sameshapethe situationis the samewith light-fields. Light-field
don't addto the discriminatorypower of a singleimage. If the objectshave differentshapeghe
light-field addsa lot of discriminatorypower. So long asthe light-field hasno constantinten-
sity regions, ary pair of differently shapedobjectscan be distinguishedunderary illumination

conditions.
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Table 2: The distinguishabilityof objectsfrom their imagesand light-fields. The main point to noteis
thatif two objectshave the sameshape the light-field addsnothingto the easewith which they canbe
distinguishedcomparedo just a singleimage.On the otherhand,if thetwo objectshave differentshapes,
it is theoreticallyfar easietto distinguishthemfrom their light-fieldsthanit is from singleimages.

Arbitrary lllumination PointLight Sources
Conditions atInfinity
Imagesof Two Never Distinguishable Sometime®Distinguishablg Thm. 3)
Corvex LambertianObjects (Corollary1) SometimdndistinguishabldThm. 4)

Light-fields of Two SameShape Never Distinguishable Sometime®Distinguishablg Thm. 6)

Corvex LambertianObjects (Theoremb) SometimdndistinguishabldThm. 7)
Light-fields of Two Differently Distinguishablaf No AlwaysDistinguishabléf No
Shaped.ambertianObjects | Constantintensity(Thm.8) Constantntensity(Thm. 8)

2.4 Implications

The implication of thesetheoreticalresultsis asfollows. The light-field provides considerable
information aboutthe shapeof objectsthat can help distinguishbetweenthemin unknawvn, ar
bitrary illumination conditionsunderwhich they would be indistinguishabldrom singleimages.
Althoughit is practicallyimpossibleto capturethe entirelight-field for mostobjectrecognition
tasks,sometimest maybepossibleto capture2-3images.ldeally we would lik e anobjectrecog-
nition algorithmthatcanuseary subsebf thelight-field; asingleimage,a pair of imagesmultiple
images,or eventhe entirelight-field. Suchanalgorithmshouldbe ableto take advantageof the
implicit shapeinformationin the light-field. In the remainderof this paperwe describeexactly

suchanalgorithm,thefirst stepof which s to estimatehelight-field from theinputimage(s).
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3 Eigen Light-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 asurweillancecameran thecornerof theroom. Thenumberof galleryandprobeimagesmay
alsovary. The gallerymay consistof a pair of imagesof eachsubject perhapsa frontal mug-shot
andfull profile view, like theimagestypically capturedoy police departmentsThe probemaybe

asimilar pair of imagesasingle3/4 view, or evena collectionof views from randomposes.

Until recentlyfacerecognitionacrosgpose(i.e. whenthe gallery andprobehave different
poseshasrecevedverylittle attentionin theliterature.Algorithmshave beenproposedvhich can
recognizefaces[19] or moregeneralobjects[17] at a variety of poses.Most of thesealgorithms
requiregalleryimagesat every pose,however. Algorithms have beenproposedvhich do gener
alize acrosspose,for example[11], but this algorithmcomputes3D headmodelsusinga gallery
containingalarge numberof imagespersubjectcapturedvith controlledillumination variation. It
cannotbe usedwith arbitrarygalleriesandprobes.Note, however, thatconcurrenwith this work
therehasbeena growing interestin facerecognitionacrosgpose. For example,Vetteret al have

developedanalgorithmbasedn fitting a 3D morphablemodel[8, 22].

In this sectionwe proposeanalgorithmfor facerecognitionacrosgposeusinglight-fields.
Our algorithmcanusearny numberof galleryimagescapturedat arbitraryposesandarny number
of probeimagesalsocapturedvith arbitraryposes A minimumof 1 galleryandl probeimageare

neededbut if moreimagesareavailablethe performancef our algorithmgenerallygetsbetter

Our algorithm operatedy estimating(a representatiorf) the light-field of the subjects
head. First, generictraining datais usedto computean eigen-spacef headlight-fields, similar
to the constructionof eigen-tceg[25]. Light-fields aresimply usedratherthanimages.Givena
collectionof gallery or probeimages the projectioninto the eigen-spacés performedby setting
up aleast-squaregroblemandsolvingfor the projectioncoeficientssimilarly to approachessed

to dealwith occlusionsin the eigenspacapproach15, 6]. This simplelinear algorithmcanbe
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appliedto ary numberof images,capturedfrom ary poses. Finally, matchingis performedby

comparingthe probeandgallerylight-fieldsusinga nearesheighboralgorithm.

The remainderof this sectionis organizedasfollows. We begin in Section3.1 by intro-
ducingthe conceptof eigen light-fields beforepresentinghe algorithmto estimatethemfrom a
collectionof imagesin Section3.2. After describingsomeof the propertiesof this algorithmin
Section3.3,wethedescribehow thealgorithmcanbeusedo performfacerecognitionacrosgpose

in Section3.4. Finally, we presenexperimentafacerecognitionacrosgoseresultsin Section3.5.

3.1 EigenLight-Fields

Supposeve aregivenacollectionof light-fields L; (8, ¢) wherei = 1, ..., N. SeeFigurel for the
definition of this notation.If we performaneigen-decompositioaf thesevectorsusingPrincipal
ComponentAnalysis (PCA), we obtaind < N eigenlight-fields E;(6, ¢) where: = 1,...,d.
Then,assuminghattheeigen-spacef light-fieldsis agoodrepresentatioof the setof light-fields

underconsiderationye canapproximateary light-field L(0, ¢) as:

d

where); = (L(6, ¢), E;(6, ¢)) is theinner (or dot) productbetweenL (6, ¢) and E;(6, ¢). This
decompositions analogougo thatusedin faceandobjectrecognition[25, 17]; it is just performed
on the entirelight-field ratherthanon singleimages. (The meanlight-field canbe includedasa
constantadditive termin Equation(1) andsubtractedrom the light-field in the definition of ); if

sopreferred.Thereis very little differencein doingthis however.)

3.2 Estimating Light-Fields from Images

Capturingthe completelight-field of an objectis a difficult task, primarily becauset requiresa
hugenumberof imageq12, 16]. In mostobjectrecognitionscenariost is unreasonabl& expect

morethanafew imagesof the object;oftenjustone.As shovn in Figure2, however, ary imageof
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Figure2: The 1D imageof a 2D objectcorrespond$o a curve (surfacefor a 2D imageof a 3D object)in
thelight-field. Eachpixel correspondso aray in spacehroughthe camergpinholeandthe locationof the
pixel in theimage. In generalthis ray intersectghe light-field circle at a differentpoint for eachpixel. As
thepixel consideredmoves”in theimage,thepointonthelight-field circle tracesoutacurwe in 8-¢ space.

This curwe is a straightverticalline iff the “effective pinhole”lies onthecircle usedto definethelight-field.

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

this curveis asa highly occludedight-field; only avery smallpartof thelight-field is visible.

Canthe coeficients \; be estimatedrom this highly occludedview? Although this may
seemhopelessnote that light-fields are highly redundantgespeciallyfor objectswith simplere-
flectancepropertiesuchasLambertian. An algorithmis presentedh [15] to solvefor theunknavn
A; for eigenimages A similar algorithmwasusedin [6]. Ratherthanusingthe inner product

Xi = (L(6, ¢), E;(0, ¢)), LeonardisandBischof[15] solve for )\; astheleastsquaresolutionof:

d
L(#, ¢)_Z/\iEi(07¢) =0 (2)

wherethereis onesuchequatiorfor eachpairof  and¢ thatareun-occludedn L(6, ¢). Assuming
that L (6, ¢) lies completelywithin the eigen-spaceandthat enoughpixels areun-occludedthen

the solutionof Equation(2) will be exactly the sameasthatobtainedusingtheinnerproduct:
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Theorem9 Assumingthat L(6, ¢) is in the linear spanof {E;(6,¢)|i = 1,...d}, then); =

(L(6, ¢), E;(0, ¢)) is alwaysan exactminimumsolutionof Equation(2).

Sincethereared unknowvns (A; ... Ag) in Equation(2), at leastd un-occludedight-field pixels
areneededo over-constrainthe problem,but more may be requireddueto linear dependencies
betweenthe equations. In practice,2 — 3 timesas mary equationsas unknowns are typically
requiredto get a reasonablesolution [15]. Given animage I(m,n), the following is thenan

algorithmfor estimatingthe eigenlight-field coeficients;:

EigenLight-Field Estimation Algorithm

1. Foreachpixel (m, n) in I(m, n) computethecorrespondingjght-field angles,, , andg,, ,,.
(This stepassumeshatthe cameraintrinsicsareknown, aswell asthe relative orientation
betweerthe cameraandobject.In Section3.4.1we will describehow to avoid this stepand

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

2. Findtheleast-squaresolution(for A; ... A\4) to thesetof equations:

d
I(m’ ?’L) - Z )‘zEz(gm,na Cbm,n) =0 (3)

=1
wherem andn rangeover their allowed values. (In general the eigenlight-fields F; need
to beinterpolatedo estimateF;(6,, », #mn). Also, all of the equationgor which the pixel

I(m,n) doesnotimagethe objectshouldbe excludedfrom the computation.)

Although we have describedthis algorithm for a singleimage I(m, n), ary numberof images
canoblviously be used. The extra pixels from the otherimagesare simply addedin asadditional

constrainton the unknavn coeficients A; in Equation(3).

3.3 Propertiesof the Eigen Light-Field Estimation Algorithm

TheEigenLight-Field EstimationAlgorithm canbeusedto estimatealight-field from a collection

of images. Oncethe light-field hasbeenestimatedjt canthen,theoreticallyat least,be usedto
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rendernew imagesof the sameobjectunderdifferentposes.See[26] for arelatedalgorithm. In
this sectionwe shaw thatif the objectsusedto createthe eigen-spacef light-fields all have the
sameshapeasthe objectimagedto createtheinputto thealgorithm,thenthisre-renderingrocess
is in somesensé‘correct; assuminghatall the objectsareLambertian.As afirst step,we shav

thatthe eigenlight-fields E; (6, ¢) capturethe shapeof the objectsin thefollowing sense:

Lemmal If {L;(6,¢)|i=1,..., N} isacollectionof light-fieldsof Lambertianobjectswith the
sameshapethenall of theeigenlight-fields E; (0, ¢) havethe propertythatif (6, ¢,) and(6s, ¢2)

definetwo rayswhich image the samepoint on the surfaceof any of the objectsthen:

Ei(91,¢1) = Ei(02a¢2) Vi=1...d. 4)

Proof: The propertyin Equation(4) holdsfor all of thelight-fields{L;(6, ¢)|i = 1,..., N} used
in thePCAbecausehey areLambertian.Hence,jt alsoholdsfor ary linearcombinationof the L;.

Thereforeit holdsfor theeigen-ectorsbecauséhey arelinearcombinationf the L;. a

Thepropertyin Equation(4) alsoholdsfor all linearcombinationf the eigenlight-fields.
It thereforeholdsfor thelight-field recoveredin Equation(3) in the Light-Field EstimationAlgo-
rithm, assuminghatthelight-field from which theinputimageis derivedliesin theeigen-spacso
thatTheorend applies.This meanghatthe Light-Field EstimationAlgorithm estimateshelight-

field in away thatis consistentvith the objectbeingLambertianandof theappropriateshape:

Theorem 10 Suppos€ E;(0,4)|i = 1,...,d} are the eigen light-fields of a setof Lambertian
objectswith the sameshapeand I(m, n) is animage of anotherLambertianobjectwith the same
shape If thelight-field fromwhich I(m, n) is derivedlies in the light-field eigen-spacethenthe
light-field recorered by the Light-Feld EstimationAlgorithmhasthe propertythatif 6,, ., ¢m n IS

ary pair of angleswhich image the samepointin the sceneasthe pixel (m, n) then:
I(mv Tl) = E(em,na ¢m,n) (5)

whee E (0., ., dm.n) is the light-field estimatedoy the Light-Field EstimationAlgorithm; i.e. the

algorithmcorrectlyre-rendes the objectunderthe Lambertianreflectancenodel.
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Theorem10 implies that the algorithmis acting reasonablyin estimatingthe light-field, a task
which is impossiblefrom a singleimagewithout a prior modelon the shapeof the object. Here,
theshapemodelis implicitly containedn theeigenlight-fields. TheoremlOassumeshatall of the
objectsareapproximatelythe sameshapeput thatis acommonassumptiorior faceq21]. Evenif
thereis someshapevariationin facesijt is reasonabléo assumehatthe eigenlight-fieldswill cap-
turethis information. Theorem10 alsoassumeshatfacesareLambertianandthatthe light-field
eigenspaceaccuratelyapproximatesry facelight-field. The extentto which theseassumptions

arevalid will bedemonstratetly theempiricalresultsobtainedby our facerecognitionalgorithm.

(Note: We arenot proposingthe EigenLight-Field EstimationAlgorithm asanalgorithm
for renderingacrosgose.lt is only correctin averyidealizedscenarioHowever, thefactthatit is

correctin thisidealizedscenariayivesus confidencen its usefor facerecognitionacrosgpose.)

3.4 Application to FaceRecognition AcrossPose

TheEigenLight-Field EstimationAlgorithm describedabore is somavhatabstractin orderto be

ableto useit for facerecognitionacrosgposewe needto beableto do two things:

Vectorization: Theinputto afacerecognitionalgorithmconsistof acollectionof imageqpossi-
bly justone)capturedrom a variety of poses.The EigenLight-Field EstimationAlgorithm
operate®n light-field vectors(light-fieldsrepresentedsvectors).Vectorizationconsistsof

cornvertingtheinputimagesnto alight-field vector(with missingelementsasappropriate.)

Classification: Giventhe eigencoeficients ); ... \; for a collection of gallery (training) faces

andfor a probe(test)face ,we needto classifywhich galleryfaceis the mostlik ely match.

We now describesachof thesetasksin turn.
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3.4.1 Vectorization by Normalization

Vectorizationis the processf convertinga collectionof imagesof afaceinto a light-field vector
Beforewe cando this, we first have to decidehow to discretizethe light-field into pixels. Perhaps
the mostnaturalway to do this is to uniformly samplethe light-field angles,# and ¢ in the 2D
caseof Figure2. Thisis notthe only way to discretizethe light-field. Any sampling,uniform or
non-uniform,could be used. All thatis neededs a way of specifyingwhatis the allowed setof
light-field pixels. For eachsuchpixel, thereis a correspondingndex in the light-field vector;i.e.

if thelight-field is sampledat IV pixels,thelight-field vectorsare N dimensionalectors.

We specify the set of light-field pixels in the following manner We assumethat there
are only a finite setof posesl, 2, ... P in which the facecanoccur Eachfaceimageis first
classifiednto the nearespose.(Althoughthis assumptions clearlyanapproximationits validity
is demonstratedby the empiricalresultsin Section3.5.3. In boththe FERET [20] and PIE [23]
databaseghereis considerablevariationin the poseof the faces.Althoughthe subjectsareaslked
to placetheir facein afixed pose,they rarely do this perfectly Both databasethereforecontain
considerableariationaway from thefinite setof poses Sinceour algorithmperformswell on both

databasegsheapproximatiorof classifyingfacesnto afinite setof poseds validated.)

Eachposei = 1, ..., P is thenallocateda fixed numberof pixels N;. Thetotal numberof
pixelsin alight-field vectoris thereforeN = Zf:l N;. If we have imagesfrom pose3 and?7, for
example,we know N3 + N7 of the NV pixelsin thelight-field vector TheremainingV — N3 — N;

areunknowvn, missingdata. This vectorizationprocesss illustratedin Figure3.

We still needto specifyhow to samplethe V; pixelsof a facein posei. This processs
analogougo thatneededn appearance-basetjectrecognitionandusually performedby “nor-
malization” In eigenficeq25], the standardapproachs to find the positionsof severalcanonical
points,typically theeyesandthenose,andto warptheinputimageontoa coordinatéramewhere
thesepointsarein fixed locations. The resultingimageis thenmasled. To generalizesigentice

normalizationto eigenlight-fields, we just needto definesucha normalizationfor eachpose.
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Figure 3: Vectorizationby normalization.Vectorizationis the procesf converting a setof imagesof a
faceinto alight-field vector Vectorizationis performedby first classifyingeachinput imageinto oneof a
finite numberof posesFor eachpose anormalizationis thenappliedto convert theimageinto a sub-\ector
of thelight-field vector If posesaremissing,the correspondingpartof thelight-field vectoris missing.

In this paperwe experimentedvith two differentnormalizations.Thefirst one,illustrated
in Figure 4(a) for threeposes,is a simple one basedon the location of the eyes andthe nose.
Justasin eigenfices we assumehatthe eye andnoselocationsareknown, warp the faceinto a
coordinateéframein which thesecanonicalpointsarein afixedlocationandfinally croptheimage
with a (posedependentjnaskto yield the N; pixels. For this simple 3-point normalization,the

resultingmasledimagesvaryin sizebetween7200and12600pixels.

The secondhormalizationis morecomplex andis motivatedby the succes®f Active Ap-
pearanceModels[9]. This normalizationis basedon the locationof a large number(39-54de-
pendingon the pose)of pointson theface. Thesecanonicalpointsaretriangulatedandtheimage
warpedwith a piecavise affine warp onto a coordinateframein which the canonicalpointsarein
fixedlocations.SeeFigure4(b) for anillustration of this multi-point normalization.Theresulting
masled imagesfor this multi-point normalizationvary in size between20800and 36000pixels.
Althoughcurrentlythe multi-point normalizationis performedusinghand-markdpoints,it could
beperformedoy fitting anActive Appearancélodel [9] andthenusingtheimplied canonicapoint

locations.Furtherdiscussiorof this way of automatingour algorithmis containedn Section5.2.
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Figure4: (a) Thefirst, simplernormalizationfor threeposesn thefinite setin Figure3, onefrontal, onea
3/4view, thefinal afull profile. Justasin eigenficeswe assumehatthe eye andnoselocationsareknown,
warpthefaceinto a coordinatdramein which thesecanonicabpointsarein afixedlocationandfinally crop
theimagewith a (posedependentinask.(b) Thesecondmorecomple normalization.In this casealarge
number(39-54dependingon the pose)of pointson the faceareusedto performthe normalization.

3.4.2 Classificationusing NearestNeighbor

The Eigen Light-Field EstimationAlgorithm outputsa vector of eigencoeficients (i, ..., Ag).
Given a setof gallery (training) faces,we obtain a correspondingsetof vectors(Ay,. .., Aid),
whereid is an index over the setof gallery faces. Similarly, given a probe (or test) face, we
obtainavector(\y, ..., A;) of eigencoeficientsfor thatface. To completethe facerecognition
algorithmwe needanalgorithmwhich classifieg Ay, . . ., A4) with theindex id whichis the most
likely match. Many differentclassificatioralgorithmscould be usedfor this task. For simplicity,

we usethenearesheighboralgorithmwhich classifieghevector(\4, . . ., A4) with theindex:
d 2
s s id idy) _ : C_hid
arg min dist ((Ar, ..., Aa), AT, ..., AY)) = arg min ;_1 (N — A9, (6)

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

distancdunctions,suchasthe Mahalanobislistancecould be usedinsteadf sodesired.
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Figure5: An illustration of the posevariationin the CMU PIE databasg23]. The posevariesfrom full

right profile (c02)to full frontal (c27)andonto full left profile (c34). The9 camerasn the horizontalsweep
areeachseparatety about22.5°. The4 othercamerasncludel abore (c09)andl belav (c07)thecentral

cameraand?2 in thecornersof theroom(c25andc31),typical locationsfor surweillancecameras.

3.5 Experimental Results
3.5.1 Databases

We usedtwo databases our facerecognitionacrosgposeexperimentsthe CMU Pose|llumina-
tion, and Expression(PIE) databas¢23] andthe FERET databas¢20]. Eachof thesedatabases
containssubstantiaposevariation. In the posesubsetof the CMU PIE databasdseeFigureb),
the 68 subjectsareimagedsimultaneouslyunder13 differentposestotaling 884 images. In the
FERET databasethe subjectsareimagednon-simultaneouslyn 9 differentposes.SeeFigure 6
for anexample.We used75 subjectdrom the FERETposesubsegiving 675imagesin total. (In

bothcasesye usedgreyscaleimagesevenif the databasactuallycontainscolorimages.)

3.5.2 Selectingthe Gallery, Probe,and Generic Training Data

In eachof our experimentsve dividedthe database(shto threedisjoint subsets:

Generic Training Data: Many facerecognitionalgorithmssuchaseigenficesandincludingour

algorithm,require“generictraining data” to build a genericfacemodel. In eigenfices for
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Figure6: An illustrationof the posevariationin the FERETdatabas¢20]. Theposesof the9 imagesvary
from +-60° (bb)to full frontal (ba)andonto —60° (bi). Overall, thevariationin poseis somavhatlessthan

in the CMU PIE databaseSeeFigure5 for anillustrationof the posevariationin the PIE database.

example,generictraining datais neededo computethe eigenspaceSimilarly, in our algo-

rithm genericdatais neededo constructhe eigenlight-field.

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 classifiedwith theidentity of the personin theimage.

Thedivisioninto thesethreesubsetss performedasfollows. First we randomlyselecthalf of the
subjectsas generictraining data. The imagesof the remainingsubjectsare usedfor the gallery
andprobe.Thereis never ary overlapbetweerthe generictrainingdataandthegalleryandprobe.
For the PIE databaseve randomlyselect34 subjectdor the generictrainingdata.For the FERET

databaseve randomlyselect38 subjectdor the generictrainingdata.

After thegeneridrainingdatahasbeenremoved,theremaindef thedatabase(s$ divided
into probeandgallery setsbhasedn the poseof theimages.For example , we might setthegallery
to bethefrontalimagesandthe probesetto betheleft profiles.In this casewe evaluatehow well
ouralgorithmis ableto recognizepeoplefrom their profilesgiventhatthe algorithmhasonly seen
themfrom thefront. In theexperimentdescribedelov we choosehegalleryandprobeposesn

variousdifferentways. The galleryandprobearealwayscompletelydisjoint however.
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3.5.3 Experiment 1: Comparisonwith Other Algorithms

We first conductedanexperimento compareour algorithmwith two others.In particularwe com-
paredour algorithmwith eigenficeqg25] andFacelt,thecommerciaFacerecognitionsystenmfrom
Identix (formerly Visionics).Eigenfacess thedefactobaselinestandardy which facerecognition

algorithmsarecomparedFaceltfinishedtop overallin the FaceRecognitionvendorTest2000[7].

We first performeda comparisorusingthe PIE databas§23]. After randomlyselectinghe
generictraining data,we selectedhe gallery poseasoneof the 13 PIE posesandthe probepose
asary otherof theremainingl2 PIE poses.For eachdisjoint pair of galleryandprobeposeswe
computethe averagerecognitionrateover all subjectsn the probeandgallery sets.The detailsof

theresultsareincludedin Figures7—8anda summaryis includedin Table3.

In Figure 7 we plot color-coded13 x 13 “confusion matrices”of the results. The row
denoteghe poseof the gallery, the columnthe poseof the probe,andthe displayedintensitythe
averagerecognitionrate. A lighter color denotesa higherrecognitionrate. (On the diagonalghe
galleryandprobeimagesarethe sameandsoall threealgorithmsobtaina 100%recognitionrate.)
Eigenlight-fields performsfar betterthanthe otheralgorithms asis witnessedy thelighter color
of Figures7(a—b)comparedo Figures7(c—d). Note how eigenlight-fields is far betterableto

generalizeacrosswide variationsin pose,andin particularto andfrom nearprofile views.

Several“cross-sectionsthroughthe confusionmatricesin Figure7 areshowvn in Figure8.
In eachcross-sectionwe fix the poseof the galleryimagesandvary the poseof the probeimage.
In eachgraphwe plot four curves, onefor eigentices,onefor Facelt,onefor eigenlight-fields
with the 3-pointnormalization,andonefor eigenlight-fields with the multi-point normalization.
As canbe seengeigenlight-fields outperformsthe othertwo algorithms.In particular it is better
ableto recognizethe facewhenthe gallery and probeposesarevery different. This is witnessed

by the eigenlight-field curvesin Figure8 beinghigherat the extremitiesof the probeposerange.

The resultsin Figures7 and 8 are summarizedn Table 3. In this table we include the

averagerecognitionrate computedover all disjoint gallery-probeposes. As canbe seen,eigen
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Figure7: A comparisorwith Faceltandeigenficesfor facerecognitionacrossposeon the PIE database.
For eachpair of galleryandprobeposeswe plot the color-codedaveragerecognitionrate. Thefactthatthe
imagesn (a) and(b) arelighterin colorthanthosein (c) and(d) impliesthatour algorithmperformsbetter

light-fieldsoutperformdoththe standarceigenficesalgorithmandthecommerciaFaceltsystem.

We next performeda similar comparisorusingthe FERETdatabas¢20]. Justaswith the
PIE databasewe selectedhe gallery poseasone of the 9 FERET posesandthe probeposeas
ary otherof the remaining8 FERET poses. For eachdisjoint pair of gallery and probeposes,
we computethe averagerecognitionrate over all subjectsn the probeandgallery sets,andthen

averagetheresults.Theresultsarevery similar to thosefor the PIE databas@andaresummarized
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Figure 8: Several “cross-sectionsthroughthe confusionmatricesin Figure7. In eachfigure we fix the
poseof the galleryandonly vary the poseof the probe.We plot four curves,oneeachfor eigenlight-fields
with the 3-pointnormalization gigenlight-fieldswith themulti-pointnormalization gigenfces andFacelt.
The performancef eigenlight-fieldsis superiorto thatfor the othertwo algorithms particularlywhenthe
poseof thegalleryandprobeareradically different. Eigenlight-fieldsrecognizegacesbetteracrospose.

in Table4. Again, eigenlight-fields performssignificantlybetterthanboth Faceltandeigenfces.

Overall, the performancemprovementof eigenlight-fields over the othertwo algorithms
is more significanton the PIE database¢han on the FERET database.This is becausdhe PIE

databaseontainsmorevariationin posethanthe FERET databaseSeeFigures5 and6.
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Table 3: A comparisornof eigenlight-fields with Faceltand eigenficesfor facerecognitionacrosspose
on the PIE database The table containsthe averagerecognitionrate computedacrossall disjoint pairsof

galleryandprobeposesj.e. this tablesummarizeshe averageperformancen Figure7.

Eigenfices| Facelt| EigenLight-Fields EigenLight-Fields

3-PointNormalization| Multi-Point Normalization

AverageRecognitionRate| 16.6% | 24.3% 52.5% 66.3%

Table4: A comparisorof eigenlight-fieldswith Faceltandeigenfcesfor facerecognitionacrosgposeon
the FERET databaseThe table containsthe averagerecognitionrate computedacrossall disjoint pairsof
galleryandprobeposesAgain, eigenlight-fields outperformsoth eigenficesandFacelt.

Eigenfices| Facelt| EigenLight-Fields

3-PointNormalization

AverageRecognitionRate 53.2% | 70.8% 80.3%

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-fieldswith differentnumbersof imagesusingthe PIE databaseTo
computetherecognitionratewith n galleryimageswe selectevery possiblesetof n galleryposes
and1 probepose.In totalthisamountdo 13 x 12 x.. .. (13—n) /n! differentcombination®f poses.
We thencomputethe averagerecognitionratefor eachsuchcombinationandaveragethe results.
We plot the overall averagerecognitionrate againstthe numberof galleryimagesin Figure9(a).
As canbeseengigenlight-fieldsis ableto estimatea moreaccuratdight-field usingmoregallery

imagesandtherebyobtaina higherrecognitionrate.

Eigenlight-fields can also take advantageof more than one probeimage. We therefore
repeatedexperiment2 but reversedthe roles of the gallery and probe. The resultsare shovn

in Figure9(b). Again the performancencreasewith the numberof probeimages,however the
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Figure9: (a) The improvementin the performanceof our algorithmwith increasingnumbersof gallery
images.Using the additionalimages,eigenlight-fieldsis ableto estimatethe light-fields moreaccurately
andtherebyobtainsa higherrecognitionrate. (b) The performancef eigenlight-fields alsoimproveswith
thenumberof probeimages.Theperformancencreasas greatemwith increasechumbersof galleryimages
becauseéhe accurag of thelight-field of every gallery subjectis improved. On the otherhand,with more
probeimagestheaccurag of justthe oneprobesubjectis improved.

benefitof using multiple probeimagesis not as much as the benefitof using multiple gallery
images.With multiple galleryimagestheaccurag of thelight-field of every subjectin thegallery
isimproved. With moreprobeimagestheaccurayg of thelight-field of justthesingleprobesubject

is improved.

3.5.5 Experiment 3: Matching Sub-Images

We justillustratedhow the performancef eigenlight-fieldsimprovesif moregalleryand/orprobe
imagesareavailable. Eigenlight-fields canuseary subsebf thelight-field. In particular it does
not evenneeda completeimage. To validatethis property we ranthe following experiment.We
repeatedExperimentl, but for eachpair of galleryandprobeposeswerandomlyselectedcertain
percentag®f the pixelsin the maslkedimage. We thencomputethe averagerecognitionratejust
usingthis subsebf the pixels. This processs repeatedor 100randomsamplef pixelsandthe

resultsaveraged.Theresultsareplot in Figure10 for a variety of pixel percentagesangingfrom
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Figurel0: Theperformancef eigenlight-fieldswith asubsebf theimagesusingthe 3-pointnormalization
andthe PIE databaseThe averagerecognitionrateis plot againstthe percentagef pixelsin the probeand
galleryimages.A subsebf theimagescanbe usedwithoutary significantreductionin therecognitionrate.

10%to 100% (the completeimage). Theseresultswereobtainedusingthe 3-pointnormalization
andsothe performancevith 100%is 52.5%,asper Table3. Thefigure clearlydemonstratethat

asubsebf theimagescanbe usedwithout ary significantreductionin therecognitionrate.

3.5.6 Experiment 4: Division of the Input ImagesbetweenGallery and Probe

In Experimen® we examinedthe benefitsof usingmorethanonegalleryor probeimage.Suppose
thatn galleryandprobeimagesareavailablein total. Is it betterto usen — 1 galleryand1 probe
imagesor n/2 gallery andn/2 probeimages?In orderto answerthis question,we conducted
Experimentd. Givenn imageswe generatedvery possiblecombinationof n — 1 galleryimages
and1 probeimage(asin Experiment2) and every possiblecombinationof n/2 gallery images
andn/2 probeimages.We thencomputedhe averagerecognitionratefor eachcase.Similarly we

switchedtherolesof galleryandprobe.Theresultsareshovnin Figurell. Theconclusioris cleat

It is betterto divide theimagesequallybetweergalleryandproberatherthanasymmetrically

One possibleconclusionfrom this resultis that addingmore that one imageto eachof
the probeandgallery allows a betterestimateof the light-field. Having two more accurateesti-

mategesultsin betterperformancehanhaving onevery accurateestimateandonenotsoaccurate
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Figurell: (a) Theperformancef usingn — 1 galleryimagesandl probeimageversususingn /2 of each.
The empiricalevidencesuggests$o split up theimagesevenly into galleryandprobe.(b) The performance
of using1l galleryimageandn — 1 probeimagesversususingn/2 of each.Again splitting up theimages
evenly achiezeshigherrecognitionrates. Having two moreaccurateestimatef the light-fields resultsin
betterperformancehanhaving onevery accurateestimateandonenot soaccurateestimate.

estimate.

4 Fisher Light-Fields for FR AcrossPoseand Illumination

After posevariationthe next mostsignificantfactoraffectingthe appearancef facesis illumina-
tion. In mary facerecognitionapplicationscenariodoth the poseandillumination of the probe
and gallery imagesmay be different. The galleryimagesmay be two frontal and profile “mug-
shots”capturedn well controlledlighting. The probemay be a single 3/4 view capturedrom a

suneillancecameran thecornerof aroomwith strongoverheadighting.

Whereadacerecognitionacrossposehasreceved very little attentionin the literature,a
numberof approachebave beenproposedor facerecognitionacrossllumination. Examplesn-
clude,discardingthefirst 3 eigen-\ectorsin eigenficesusingdiscriminantanalysig 3], andusing
imageillumination cones[5]. Someof theseapproachesior exampleimageillumination cones

[5], requiremultiple gallery imagescapturedwith significantillumination variation. We would
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like analgorithmthatcanoperatewith justasinglegalleryandprobeimage.We choseto combine
Fisherficed3] with eigenlight-fields[13] to obtainFisherlight-fields[14]. After describinghow
thesetwo techniquescanbe combinedto give an algorithmfor facerecognitionacrossposeand

illumination, we completethis sectionby presentingexperimentakesultsin Sectior4.2.

4.1 Fisher Light-Fields

Supposeow thatwe aregivenasetof light-fields L; ;(8, ¢), i = 1,...,N,j = 1,..., M where
eachof N objectsO; is imagedunderM differentillumination conditions. We could proceedas
describedabore and perform Principal ComponentAnalysis on the whole setof N x M light-

fields. This approachgnoresobjectaffiliations andeffectively re-indexesthe setof light-fieldsas

Ly, k=1,..., N x M. Definethetotal scattermatrix St as:
NxM
ST = Z (Lk(ea ¢) - N)(Lk(ea ¢) - /’L)T
k=1

wherep is the meanof the completdight-field set. PCA determineshe orthogonalprojection®:
yp =0T Ly(0,4),k=1,..., Nx M (7)
thatmaximizesthe determinanbf thetotal scattermatrix of the projectedsamplesy,, . . ., yn xu:
Dot = arg;nax | TS | .

This scatterstemsfrom bothinter-classvariationsbetweerthe objects,aswell asfrom intra-class
variationwithin the objectclassesin practice,mostof the scatteris dueto illumination changes.
Consequentlf?CA encodegheillumination variationsandfails to discriminatewell betweernob-
ject classes.An alternatve approachs Fishers Linear Discriminant[10], alsoknown asLinear
DiscriminantAnalysis[27]. Fishers Linear Discriminantusesthe available classinformationto

computea projectionbettersuitedfor discriminationtasks.

Definethewithin-classscattemmatrix Sy, as:

Sw =Y (Li;j(6,6) — m:)(Li(6, 9) — )"

i=1 j=1
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wherey; is themeanof classi. Furthermoredefinethe between-classcattermatrix Sz as

Sp = Nilps — 1) (i — )"

where N; refersto the numberof samplesn classi. Fishers Linear Discriminantcomputeghe
projection¥ thatmaximizestheratio:

| TTSpV |
| TSy |

¥ ,pt = arg max
v
Theoptimalprojection¥,, is foundby solvingthegeneralizeaigervalueproblem:
Sp¥ = ASy V.

Dueto the structureof the data,the within-classscattermatrix Sy, is alwayssingular We over-
comethis problemby first usingPCA to reducethe dimensionandthenapplying Fishers Linear
Discriminant[3] in thelowerdimensionaP CA subspac&herethewithin-classscattemmatrix Sy,
is non-singular The overall projectionis givenby WL, = ¥7 &7 ..

Light-Field EstimationAlgorithm, with Fisherlight-fieldswe find the leastsquaresolutionto:

Analogouslyto the Eigen

L(6,¢) — Y \Wi(6,¢) =0 8)

whereW;,1 =1, ..., m arethegeneralizeeigervectorsof Sg andSy . Notethatthereareatmost
N — 1 nonzerogeneralizecigervectors.This extensionof eigenlight-fieldsto Fisherlight-fields

mirrorsthe stepfrom eigenticesto Fisherbicesasproposedn [3].
4.2 Experimental Results

4.2.1 Databases

For our facerecognitionacrossposeandillumination experimentswe usedthe poseandillumi-
nationsubsetof the PIE databas¢23]. In this subset 68 subjectsareimagedunder13 different

posesand21 illumination conditions. Many of the illumination directionsintroducefairly subtle
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Figure 12: An illustration of the poseandillumination variationin the CMU PIE databasg23]. The

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

illumination (flash)locationsspanthefull rangefrom right profile (f16) to left profile (f02).
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variationsin appearancandsowe selectedl.2 of the21illumination conditionswhich spantheset
widely. Thesetof 13 posevariationsand12 illumination variationsareillustratedfor onesubject
in Figure12. In total we used68 x 13 x 12 = 10, 6084 imagesin the experiments.Althoughthe

PIE databaseontainscolorimagesall of theexperimentsn this paperusegreyscaleimages.

4.2.2 Selectingthe Gallery, Probe,and Generic Training Data

We selectthe generictrainingdatajust asin Section3.5.2. We randomlyselect34 subjectsof the
PIE databaséor the generictraining dataandthenremove this datafrom the experiments.There

arethenavariety of waysof selectingthe galleryandprobeimagesfrom theremainingdata:

SamePose,Different lllumination: The galleryandprobeposesarethe same.Thegalleryand
probeilluminations are different. This scenariois like traditional facerecognitionacross

illumination, but is performedseparatelyor eachpose.

Differ ent Pose,Samelllumination: The gallery andprobeposesaredifferent. The gallery and
probeilluminations are the same. This scenariais like traditional facerecognitionacross

pose but is performedseparatelyor eachpossiblellumination.

Differ ent Pose,Differ ent lllumination: Boththe poseandillumination of the probeandgallery

aredifferent. Thisis the hardesandmostgeneralcenario.

4.2.3 Experiment 5: Comparisonwith Other Algorithms

We compareour algorithmswith Faceltunderthesethreescenariosin all casesve generatevery
possibletestscenaricandthenaveragetheresults.For “samepose differentillumination”, for ex-
ample,we considerevery possiblepose.We thengeneratevery pair of disjoint probeandgallery
illumination conditions.We thencomputethe averagerecognitionratefor eachsuchcase.For ex-
ample,we might compareprobeposec27,illumination f11 againstgallery posec27,illumination

f21. We thenaverageover every poseandevery pair of distinctillumination conditions.

33



Table5: A comparisorof the performancef eigenlight-fields andFisherlight-fieldswith Facelton three
differentfacerecognitionacrossposeandillumination scenarios.In all threecasesgigenlight-fields and

Fisherlight-fields outperformFaceltby alarge mamgin.

EigenLight-Fields | FisherLight-Fields| Facelt
Samepose Differentillumination - 81.1 41.6
Differentpose, Sameillumination 72.9 - 25.8
Differentpose Differentillumination - 36.0 18.1

Theresultsareincludedin Table5. For “same-posedlifferentillumination;” thetaskis es-
sentiallyfacerecognitionacrossllumination separatelyor eachpose.In this casejt makeslittle
senseto try eigenlight-fields sincewe know how poorly eigenficesperformswith illumination
variation. Fisherlight-fieldsbecomes-isherfacesor eachposewhichempiricallywe find outper

formsFacelt. Exampleillumination “confusionmatrices”areincludedfor two posesn Figurel13.

For “dif ferentpose samellumination,” thetaskreducego facerecognitionacrosgposebut
for avarietyof differentillumination conditions.In this casethereis nointra-classvariationandso
it makeslittle sensdo apply Fisherlight-fields. This experimentis the sameasExperimentl but
theresultsareaveragedverevery possiblellumination condition. As we foundfor Experimentl,

eigenlight-fields outperformg~aceltby alargeamount.

Finally, in the “dif ferentpose,differentillumination” taskboth algorithmsperformfairly
poorly. Thetaskis verydifficult, however, ascanbeseenn Figurel2. If theposeandillumination
arebothextreme,almostnoneof thefaceis visible. Sincethis casemightoccurin eithertheprobe
or the gallery, the chanceghat sucha difficult caseoccursis quite large. Although morework is

neededn this task,notethat Fisherlight-fields still outperformgaceltby alargeamount.
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Figure 13: Example“confusionmatrices”for the “same-posedifferentillumination” task. For a given
poseandapair of distinctprobeandgalleryillumination conditions we color-codethe averagerecognition
rate. Thesuperiomperformancef Fisherlight-fieldsis withessedy thelighter color of (a—b)over (c—d).

5 Conclusion

5.1 Summary

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

In this paperwe have explored appearance-basaibjectrecognitionfrom light-fields. We first
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analyzedthe theoreticaldistinguishabilityof objectsfrom theirimagesandlight-fields. We pre-
senteda numberof resultswhich shav thattheoreticallyobjectscanbe distinguishabldrom their
light-fields in caseghatthey are ambiguousrom just a singleimage. This theoreticalanalysis
motivatestrying to build appearance-basetjectrecognitionalgorithmsthatuseasmuchof the

light-field asis available,beit a singleimage,a pair of imagesor multiple images.

In thesecondalf of this papemwe proposedinappearance-basathorithmfor facerecog-
nition acrossposebasedon an algorithmto estimatethe (eigen)light-field from a collection of
images.This algorithmcanuseary numberof galleryimagescapturedform arbitrary posesand
arny numberof probeimagesalsocapturedrom arbitraryposes.The gallery andprobeposesdo
not needto overlap,andarny numberof gallery and probeimagescanbe used. We shaved that
our algorithmcanreliably recognizefacesacrossposeand alsotake advantageof the additional
informationcontainedn widely separatediews to improve recognitionperformancef morethan
onegalleryor probeimageis available.We extendedour algorithmto recogniz€acesacrosshoth
poseandillumination simultaneoushpby generalizingeigenlight-fields [13] to Fisherlight-fields

[14], analogouslyto how eigenfaceq25] canbegeneralizedo Fisherbiced3].

5.2 Limitations and Future Work: Normalization

Appearance-basaabjectrecognitionalgorithmsrequirethattheimagesbealigned.In eigenfices
[25] the imagesare normally warpedso that the eyes, and perhapsthe nose,are in canonical
locations. Why is this alignmentneeded?t is neededo make surethatthe featuresusedin the
training phasematchup with the featuresusedin the testingphase.As we have pointedout, the
featureausedin appearance-basathorithmsaretheradiance®f light alongcertainraysin space.
For suchalgorithmsto be meaningful,thelight radiatedfrom the cheekof oneperson,say must

correspondo the samefeaturesasthelight radiatedrom the cheekof anothemperson.

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

to registerfaces.With light-fields of 3D objects,theregistrationis a 6 DOF rigid transformation
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(rotation plus translation)in the 3D world (perhapsfollowed by a correctionfor the intrinsics
of the camera.) Although performingsucha registrationis moredifficult in 3D, in essencét is
performingthe samefunctionasthe simpletranslationor affine warpin 2D, namelyto ensurethat

the samdight rayscorrespondo the samepixels(features.)

In this paperwe usedtwo differentnormalizationdasedon manuallymarked locationsof
the eyesandnose,etc, combinedwith the known poseof the face,to performthis registration.
SeeSection3.4.1for the details. The essencef this stepis to convert the inputimageinto the
light-field coordinateramein away thatthe samdight raysfor eachsubject(trainingandtesting)
getmappedo the samepixelsin thelight-field. At presenbur algorithmis somevhatad-hocand
requiresuserinputin theform of featurepointlocation.We arecurrentlyworking onusing“active

appearancenodels”[9] to performthis registrationin a moreprincipledandautomatedvay.
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