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Abstract

In mary facerecognitiontasksthe poseof the probeand
galleryimagesaredifferent.In othercasesnultiple gallery
or probeimagesmaybeavailable,eachcapturedrom adif-
ferentpose.We proposeafacerecognitionalgorithmwhich
canuseary numberof galleryimagesper subjectcaptured
at arbitraryposesandary numberof probeimages,again
capturedat arbitrary poses. The algorithmoperatesdy es-
timatingthe eigen light-field of the subjects headfrom the
inputgalleryor probeimages.Matchingbetweerthe probe
andgallery is then performedusing the eigenlight-fields.
We presentresultson the CMU PIE andthe FERET face
databases.

Keywords: Facerecognitionacrosgose eigenlight-fields,
appearance-basethjectrecognition imagere-rendering.

1. Intr oduction

In mary facerecognitionscenarioshe poseof the probe
andgalleryimagesaredifferent. For example,the gallery
imagemight be a frontal “mug-shot” andthe probeimage
might be a 3/4 view capturedfrom a camerain the corner
of the room. The numberof gallery andprobeimagescan
alsovary. For example,the gallerymay consistof a pair of
imagesfor eachsubject,a frontal mug-shotandfull profile
view (like the imagestypically capturedby police depart-
ments).The probemaybea similar pair of imagesasingle
3/4view, or evenacollectionof views from randomposes.

Facerecognitionacrosgose(i.e.facerecognitionrwhere
the gallery and probeimagesdo not have the sameposes)
hasrecevedverylittle attention.Algorithmshave beenpro-
posedwhich canrecognizefaceq12] (or moregeneralob-
jects[10]) at a variety of poses.Most of thesealgorithms
requiregalleryimagesat every pose,however. Algorithms
have beenproposedwhich do generalizeacrosspose,for
example[6], but this algorithm computes3D headmodels
usingagallerycontainingalargenumberof imagegpersub-
jectcapturedwith substantiatontrolledillumination varia-
tion. It cannotbeusedwith arbitrarygalleryandprobesets.

We proposean algorithm for face recognition across
pose.Our algorithmcanuseary numberof galleryimages

capturedhtarbitraryposesandany numberof probeimages
alsocapturedwith arbitraryposes A minimumof 1 gallery
and1 probeimageareneededbut if moreimagesareavail-
abletheperformancef ouralgorithmgenerallygetsbetter

Our algorithm operateshy estimating(a representation
of) the light-field [9] of the subjects head. First, generic
training datais usedto computean eigen-spacef head
light-fields, similar to the constructionof eigen-iceg[16].
Light-fields are simply usedratherthanimages. Given a
collectionof galleryor probeimagestheprojectioninto the
eigen-spaces performedoy settingup aleast-squaregrob-
lem andsolving for the projectioncoeficientssimilarly to
approachesisedto dealwith occlusionsin the eigenspace
approach4, 8]. Thissimplelinearalgorithmcanbeapplied
to any numberof imagescapturedrom any posesFinally,
matchingis performedby comparingthe probeandgallery
eigenlight-fields.

We evaluate our algorithm on the pose subsetof the
CMU PIE database[15] and a subsetof the FERET
databasg13]. We demonstratehat our algorithmis able
to reliably recognizepeopleacrossposeandthat our algo-
rithm performsbetterif more gallery or probeimagesare
used. We alsoinvestigatethe variationin performanceof
our algorithmwith the posesof the gallery and probeim-
ages. Finally, we investigatewhetherit is betterto have a
large galleryanda singeprobeimageor equalsizedgallery
andprobesets.

Theremainderof this paperis organizedasfollows. We
proceedin Section2 to introducelight-fields, eigenlight-
fields,ouralgorithmfor estimatinganeigenlight-field from
ary numberof imagesandderive someof the propertiesof
thealgorithm.In Section3 we describehow thetheoretical
eigenlight-field estimationalgorithmcanbe usedfor face
recognitionacrosgpose.After presentingpur experimental
resultsin Sectiond we concludein Section5.

2. Theory
2.1 Object Light-Fields

The plenopticfunction[1] or light-field [9] is a function
which specifiesthe radianceof light in free space. It is a
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Figure 1. An illustration of the 2D light-field of a 2D
object[9]. Theobjectis conceptuallyplacedwithin acircle.
Theangleto theviewpoint v aroundthe circle is measured
by theangled, andthedirectionthattheviewing ray makes
with the radiusof thecircle is denotedp. For eachpair of
angled) andg, theradianceof light reachingthe viewpoint
from the objectis thendenotedby L(8, ¢), the light-field.
Although the light-field of a 3D objectis actually4D, we
will continueto usethe 2D notationof this figure in this
paperfor easeof explanation.

5D function of position (3D) and orientation(2D). In ad-

dition, it is alsosometimesnodeledasa function of time,

wavelength,andpolarization,dependingn the application
in mind. Assumingthatthereis no absorptioror scattering
of light throughthe air [11], the light-field is actuallyonly

a 4D function,a 2D function of positiondefinedovera 2D

surface,anda 2D function of direction[7,9]. In 2D, the

light-field of a 2D objectis actually2D rather thanthe 3D

thatmight be expected.SeeFigurel for anillustration.

2.2 Eigen Light-Fields

Supposeve aregivenacollectionof light-fields L; (6, ¢)
wherei = 1,...,N. SeeFigure 1 for the definition of
this notation. If we perform an eigen-decompositioof
thesevectorsusingPrincipal Component#nalysis(PCA),
we obtaind < N eigenlight-fields E;(0, ¢) wherei =
1,...,d. Then,assumindhattheeigen-spacef light-fields
is agoodrepresentationf the setof light-fieldsundercon-
siderationwe canapproximateary light-field L(8, ¢) as:

d
L(6,¢) ~ Y NEi(0,0) (1)
i=1

where); = (L(0, ¢), E;(0, ¢)) is theinner(or dot) product
betweenL(6, ) andE; (6, ¢). Thisdecompositions anal-
ogousto thatusedin faceand objectrecognition[10, 16];
it is just performedon the entire light-field ratherthan on
images.

2.3 Estimating Light-Fields from Images

Capturingthe completelight-field of an objectis a dif-
ficult task, primarily becauset requiresa hugenumberof
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Figure 2. The 1D imageof a 2D objectcorrespondso a
cune (surfacefor a 2D imageof a 3D object)in thelight-

field. Eachpixel in theimagecorresponds$o arayin space
throughthe camergpinholeandthelocationof the pixel on

theimageplane.ln generathisrayintersectghelight-field

circle atadifferentpointfor eachpixel. As thepixel consid-
ered‘moves”in theimageplane thepointonthelight-field

circle thereforetracesout a curve in §-¢ space.This curve

is a straightvertical line iff the “effective pinhole” of the

camerdies on the circle usedto definethelight-field.

imageq7,9]. In mostobjectrecognitionscenariost is un-
reasonabléo expectmorethanafew imagesof the object;
oftenjust one. As shown in Figure2, however, ary image
of the objectcorrespondso a curve (for 3D objects,a sur
face)in the light-field. Oneway to look at this curve is as
a highly occludedlight-field; only a very small part of the
light-field is visible.

Can the eigen coeficients \; be estimatedfrom this
highly occludedview? Although this may seemhope-
less, considerthat light-fields are highly redundantespe-
cially for objectswith simple reflectancepropertiessuch
asLambertian. An algorithmis presentedn [8] to solve
for the unknown A; for eigenimages A similar algorithm
was proposedn [4]. Ratherthanusingthe inner product
A = (L(8, ¢), E;(8, ¢)), Leonardisand Bischof [8] solve
for A; astheleastsquaresolutionof:

d

L(6,4) — > NEi(6,¢) = 0 (2)

i=1

wherethereis one suchequationfor eachpair of # and ¢
thatareun-occludedn L(6, ¢). Assumingthat (6, ¢) lies
completelywithin the eigen-spaceand that enoughpixels
are un-occludedthenthe solution of Equation(2) will be
exactly the sameasthatobtainedusingtheinner product:

Theorem1 Assuminghat L(6, ¢) is in thelinear spanof
alwaysan exactsolutionof Equation(2).

Sincethereared unknonns () ... Ag) in Equation(2), at
leastd un-occludedight-field pixels are neededto over
constrairthe problem,but moremayberequireddueto lin-
eardependenciebetweerthe equationslin practice,2 — 3



timesasmary equationsasunknavnsaretypically required
to geta reasonablesolution[8]. Givenanimagel(m,n),
thefollowing is thenan algorithmfor estimatingthe eigen
light-field coeficients\;:

Algorithm 1: Eigen Light-Field Estimation

1. For eachpixel (m,n) in I(m,n) computethe corre-
spondinglight-field anglesd,, ,, and¢,, . (This step
assumeshatthe camerantrinsicsareknown, aswell
astherelative orientationof thecamerao theobject.)

2. Findtheleast-squaresolution(for A; ... Ag) totheset
of equations:

d
I(m,n) - Z /\iEi(am,m ¢m,n) =0 3)

i=1

wherem andn rangeover their allowed values. (In

general,the eigenlight-fields E; needto be interpo-
latedto estimateE; (0, n, ¢m n)- Als0, all of theequa-
tions for which the pixel I(m, n) doesnotimagethe
objectshouldbe excludedfrom the computation.)

Althoughwe have describedhis algorithmfor a singleim-
agel(m,n), ary numberof imagescanobviously be used
(so long as the cameraintrinsics and relative orientation
to the objectare known for eachimage.) The extra pix-
elsfrom the otherimagesaresimply addedin asadditional
constrainton theunknavn coeficients; in Equation(3).

2.4. Propertiesof the Algorithm

Algorithm 1 canbe usedto estimatea light-field from
a collection of images. Oncethe light-field hasbeenes-
timated, it canthenbe usedto rendernen imagesof the
sameobjectunderdifferentposes. (See[17] for a related
algorithm.)In this sectionwe shaw that,if the objectsused
to createthe eigen-spacef light-fields all have the same
shapeasthe objectimagedto createthe input to the algo-
rithm, thenthis re-renderingprocesss in somesense‘cor-
rect; assuminghatall the objectareLambertian.As afirst
step,we shov thattheeigenlight-fields E; (6, ¢) capturethe
shapeof the objectsin thefollowing sense:

Lemmal If {L;(6,¢)|i = 1,...,N} is a collection of

light-fieldsof Lambertianobjectswith the sameshapethen
all of theeigenlight-fieldsE; (8, ¢) havethe propertythatif

(01, ¢1) and (02, ¢ ) definetwo rayswhich image thesame
point on the surfaceof any of the objectsthen:

E;(61,01) = E;i(62,¢2)

Proof: The propertyin Equation(4) holds for all of the
light-fields {L;(6, ¢)|i = 1,...,N} usedin the PCA be-
causehey areLambertian.Hence it alsoholdsfor ary lin-
earcombinationof the ;. Thereforeit holdsfor theeigen-
vectorsbecausehey arelinearcombinationof the ;. O

Vi=1...d (4

The propertyin Equation(4) clearly also holds for all
linear combinationsof the eigenlight-fields. It therefore
also holds for the light-field recoreredin Equation(3) in
Algorithm 1, assuminghat the light-field from which the
input imageis derived lies completelyin the eigen-space
andso Theoreml applies. This factmeanghat Algorithm
1 estimateghe light-field in a way thatis consistentwith
the objectbeingLambertianandof theappropriateshape:

Theorem?2 Suppose{E;(0,¢)|i = 1,...,d} are the
eigen light-fields of a set of Lambertianobjectswith the
sameshapeand I(m,n) is an image of anotherLamber
tian objectwith thesameshape If thelight-field fromwhich
I(m,n) is derivedlies in the light-field eigen-spacethen
the light-field recovered by Algorithm 1 has the property
that if 6,5, ¢m,» iS ary pair of angleswhich image the
samepointin thesceneasthepixel (m, n) then:

I(m,n) = Elmn,Pm,n)- (5)

whee E(bpm n, ¢m,n) is the light-field estimatedby Algo-
rithm 1; i.e. Algorithm 1 correctlyre-rendes the objectun-
derthe Lambertianreflectancenodel.

Theorem?2 implies that Algorithm 1 is acting reason-
ably in estimatingthe light-field, a taskwhich is in gen-
eralimpossiblewithout a prior model on the shapeof the
object. (The shapemodel hereis containedin the eigen-
space.) Theorem2 assumeghat facesare approximately
the sameshape,but that is a commonassumption14].
Theorem? alsoassumeshatfacesareLambertianandthat
thelight-field eigenspaceaccuratelyapproximatesry face
light-field. The extentto which theseassumptionsirevalid
is demonstrateddy the empiricalresultsobtainedby our al-
gorithm. SeeSection4.

3. FaceRecognition AcrossPose

We proposeto useAlgorithm 1 to performfacerecog-
nition acrosspose. Althoughthe derivationin Section2 is
in termsof theentirelight-field, theresultsalsoclearlyhold
for any subsebf rays(d, ¢) in thelight-field. We will evalu-
ateouralgorithmonasubsebf theCMU PIE databasg§l5]
anda subsebf the FERETdatabas¢13]. In the CMU PIE
databaseé8 subjectsare imagedunder 13 different poses
totalling 884 images(figure 3). We furthermorereportre-
sultson 75 subjectsfrom the FERET databasevhich are
recordedn 9 differentposes(figure 5). The remainderof
this sectiondescribeshow we mapthe abstractalgorithms
in Section2 ontothedatain Figure3.

3.1 Gallery, Probe,& Generic Training Data
Thereare68 subjectdn the PIE databaseWe randomly

selectN = 34 of thesesubjectsandusetheimagesof them
asgenerictraining datato constructthe eigenlight-fields.
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Figure 3. The posevariationin the PIE databas¢15]. The posevariesfrom full left profile (c34)to full frontal (c27)andon to

full right profile (c22). The 9 camerasn the horizontalsweepare eachseparatedyy about

. The 4 othercamerasnclude 1

above (c09)and1 below (c07)thecentralcameraand? in the cornersof theroom (c25andc31),typical locationsfor surweillance

cameras.
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Figure 4. Facenormalization.The original imagesfrom
cameraviews c27 andc37 areshavn togethemwith thenor
malizedandcropfaceregion.

Of the remaining34 subjects the imagesare divided into

completehdisjointgalleryandprobesetshasednthecam-
erathey are capturedfrom. For example,if we consider
thescenariadescribedn theintroductionwherethegallery
consistf a pair of imagesfor eachsubjecta frontal mug-

shotandfull profile view, we might usethe imagesfrom

camerasc22 and c27 for the gallery (seefigure 3). If the
probeimagesare 3/4 views, we would usetheimagesfrom

camerac37(orcll.)

3.2 Extracting the FaceRegion

We hand-labeledhe x-y positionsof both eyes(pupils)
andthetip of thenosein all 884imagesof the PIE database
andthe 675 imagesof the FERET database Within each
poseseparatelythe faceimagesare normalizedfor rota-
tion, translation,andscale. The faceregion is thentightly
croppedusingthe normalizedfeaturepoint distances Fig-
ure4 shavstheresultof faceregion extractionfor two cam-
eras(c27andc37)of the PIE database.

3.3 Constructing the Light-Field Eigenspace

Faceregionextractionis performedon everyimagefrom
every camera;generictraining data, gallery images,and
probeimages.Supposeahattheresultsaretheimages:

o (6)

where {1,2,..., }istheidentity of the subjectand
{02,0 ,0 ,0 ,11,14,22,2 ,2 ,2 ,31,34,3 }isthe
cameranumber Suppose {1,2,..., }isthe
setof generictrainingsubjects, is thesetof gallery
camerasand is the setof probecameras.We then
form the light-field eigenspacasfollows. For each
, theimages:

{ I P
arerasterscannedindconcatenated?CA is performedon
theseN = 34 vectorsto form theeigen-\ectorsE;.

3.4. Processinghe Gallery Images
ForeachE; i = 1, ,d, thedimensionof the light-
field eigenspacejve extractthe elementsorrespondingo

the galleryimagesandform a shortervector £ . For each
non-trainingsubject we rasterscantheim-

ages:
{ N— } (8)

to form avectorof the samelength. We solve Equation(3)
for theseshortenedrectors.Supposeaheresultis \; .

3.5. Processinghe Probelmages
We processhe probeimagessimilarly. For eacheigen-
vector E; we extract the elementscorrespondingo the

probeimagesandform a shortervector £ . For eachnon-
trainingsubject we rasterscantheimages:

{ S } (9)
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Figure 5. Theposevariationin the FERETdatabas§13]. The posevariesfrom +60 (bb) to full frontal (ba)andonto -60 (bi).

to form a vectorof the samelength. We solve Equation(3)
for theseshortenedrectors. Supposdheresultis ; ; i.e.
weuse astheequialentof A for the probeimages.

3.6. The Classification Algorithm

We usea nearestneighborclassificationalgorithm for
simplicity. For eachprobesubject we find the closest
matchinggalleryeigenlight-field as:

d 2
A (10)

i=1

If the nearesneighboreigenlight-field = thealgo-
rithm hascorrectlyrecognizedhe subject. If = the
algorithmhasrecognizeahe subjectincorrectly

4. Experimental Results
4.1 Comparisonwith Other Algorithms

We first compareabur algorithmwith eigenficeq16], as
implementecby Beveridgeet. al [3], andFacelt,the com-
mercialfacerecognitionsystemfrom Visionics. Faceltfin-
ishedasthe top performerin the FaceRecognitionvendor
Test2000[5]. In Figure6 we comparetherecognitionrate
of thethreealgorithmsfor thegallery E = {0 ,2 ,2 }.
We plot therecognitionratefor eachof the 10 camerasot
in thegalleryandtheoverallaverage As would beexpected
for a simple appearancéasedalgorithm, eigenticesper
forms poorly in all caseqexceptfor c07, one of the cam-
erasclosestto the gallery). Faceltperformscomparablyto
our algorithmon the 4 camerasclosestto the gallery im-
agesc07,c09,c11,andc37. For the profile views c02,c22,
€25, ¢31, and ¢34, our algorithm outperformsboth of the
otheralgorithmsby a hugemargin. On averageour algo-
rithm achievesa recognitionaccurag of vs. 42 for
Facelt(version2) and1  for eigenfices.In termsof rel-
ative performancehe eigenlight-fieldsimprove the Facelt
resultby 0. (theerrorrateimprovesfrom to31 ,
animprovementof ( —31) (( 31) 2)= 0. ).

We obsene similar results on the FERET database.

Whentrainedon frontal and nearfrontal imagesour algo-
rithm outperformsFaceltby far on the posesclosestto the
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Figure 6. A comparisonof our algorithm with eigen-
faces[3, 16] andtwo Faceltversionson the gallery

R . Faceltversionl wasavailablebeforeVision-
ics hadaccesdo the PIE database Faceltversion2 came
out after Visionics had a copy of PIE for approximately
oneyear Therecognitionrateof our algorithmandFacelt
is similar for the4 cameras , , closestto the
gallery For the profile views s sy our al-
gorithm outperformgraceltby far. In all casesgeigenfices
performspoorly.

profileviews( 2 vs. 3 ). SeeFigure7. Hereouralgo-

rithm improvesthe Faceltresultby 2 in the samesense
asabove. The similarity in the improvementsacrosstwo

databasesuggestshatour resultsaregenerain natureand
not specificto onedatabase.

4.2 Impr ovementwith the Number of Images

In Figure8(a)we plot anexampleof theimprovemenf
theperformancef ouralgorithmwith thenumberof gallery
images.We plot therecognitionrate,computedon average
over all of the otherimagesin the databasefor 5 differ-
entgalleries{2 },{2 ,2 },{2 ,2 ,34},{11,2 ,2 ,34},
and{0 ,11,2 ,2 ,34}. For eachof thesecasespnly one
probeis usedat atime. Onthe samegraphwe alsoplot the
resultsusing a single gallery image, but varying the num-
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Figure 7. A comparisorof our algorithmwith Facelton
thegallery ;o of theFERETdatabaseOur

algorithmoutperformg-aceltby far on the posesclosestto
theprofileviews |

ber of probeimages. We find thatthe performanceof our
algorithmincreasesapidly with the numberof galleryim-
agesandalsothattherole of the galleryandprobesetsare
approximatelyinterchangeable.

4.3 Variation with the Poseof the Gallery

In Figure 8(b) we compareusing a gallery contain-
ing only frontal imagesin {0 ,0 ,0 ,11,2 ,2 ,3 }
and one containing only profile views in
{02,11,14,22,2 ,31,34,3 }. We computethe recogni-
tion rate for differentgallery sizes. For eachgallery size,
we randomly generatea large numberof frontal galleries
of that size and profile galleriesof that size. We then
computethe averagerecognitionrate over all single probe
imagesotin thegallery. We thenrepeathis procesgor 99
otherrandomlychosegallery pairsandaveragethe results.
The graphsin Figure 8(b) shawv that the performanceof
the frontal galleriesis far superiorto that of the profile
galleries.

4.4, Division betweenthe Gallery and Probe

A naturalquestionwhich occursat this pointis whether
it is betterto have a large galleryanda singleprobeimage,
or a gallery anda probehalf the size of the large gallery.
We randomlygenerategbairsof galleriesandprobes.In the
firstcasewe choosealargegalleryandasingleprobe.in the
seconctasewe chooseanequalsizegalleryandprobe.We
thencomputethe averagerecognitionrate. In Figure 8(c)
we plot two curvesagainstthe total size of the galleryand
probe setscombined. The resultsclearly shav that it is
betterto divide theimagesequallybetweerthe galleryand
probesetsthanto have a large galleryandasingleprobe.

5. Discussion

5.1 Summary

We have proposedan algorithm for face recognition
acrossposebasedon an algorithm to estimatean eigen
light-field from a collectionof images. The algorithmcan
useary numberof galleryimagescapturedform arbitrary
posesandary numberof probeimagesalsocapturedrom
arbitraryposes.Thegalleryandprobeposesio not needto
overlap,andary numberof gallery and probeimagescan
be used. We have shavn that our algorithm can reliably
recognizefacesacrosspose. We have alsoshavn that our
algorithmcantake advantageof the additionalinformation
containedn widely separatediewsto improverecognition
performancef morethanl galleryor probeimageis avail-
able.

5.2 Curr ent Limitations of the Algorithm

In this first paperdescribingour facerecognitionalgo-
rithm we have concentrate@n shaving thatour algorithm
can: (1) recognizepeopleacrossposeand (2) take advan-
tageof widely spacediiewsto yield improvedfacerecogni-
tion performanceTo getpreliminaryresults,we have sim-
plified the taskin severalways: (1) the posesof the cam-
erasareknown andfixed, (2) the locationsof the eyesand
thenoseusedto extractthefaceregionaremarkedby hand,
and(3) the generictraining datais capturedwith the same
cameraghat are usedto capturethe gallery andprobeim-
ages.All of thesefactorsmale facerecognitioneasierand
arelimitations on the currentalgorithm. We arecontinuing
to developour algorithmto remove theselimitations, while
retainingthe desirablepropertiesof the algorithm.

We recentlyconductedpreliminary experiementausing
PIE imagesasgenerictraining dataand FERET imagesas
galleryandprobeimages.Our algorithmachievesa recog-
nition accuray of 1.3 , which comparesery well to the
performancef Faceltoverthesamedatase{ 4.4 ).

5.3 Future Work: lllumination

The question“what is the set of imagesof an object
underall possibleillumination conditions?” was recently
posedandansweredn [2]. Is thereananalogousesultfor
light-fields? Sinceimagesconsistof subsetf raysfrom
thelight-field, it is not surprisingthat the analogougesult
doesholdfor light-fields:

Theorem 3 Thesetof n-pixellight-fieldsof anyobject,un-
derall possibldighting conditions,is a corvexconein ™.

An illumination invariant face recognitionalgorithm was
proposedin [2] basedon the equivalent of this “convex
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cone”propertyfor images.We arecurrentlyworking on ex-
tendingour algorithmto be ableto recognizefacesacross
bothposeandillumination.
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