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Abstract
In many facerecognitiontasksthe poseof the probeand
galleryimagesaredifferent.In othercasesmultiple gallery
or probeimagesmaybeavailable,eachcapturedfrom adif-
ferentpose.Weproposeafacerecognitionalgorithmwhich
canuseany numberof gallery imagespersubjectcaptured
at arbitraryposes,andany numberof probeimages,again
capturedat arbitraryposes.The algorithmoperatesby es-
timatingtheeigenlight-field of thesubject’s headfrom the
inputgalleryor probeimages.Matchingbetweentheprobe
andgallery is thenperformedusing the eigenlight-fields.
We presentresultson the CMU PIE and the FERETface
databases.

Keywords: Facerecognitionacrosspose,eigenlight-fields,
appearance-basedobjectrecognition,imagere-rendering.

1. Intr oduction

In many facerecognitionscenariostheposeof theprobe
andgallery imagesaredifferent. 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. Thenumberof galleryandprobeimagescan
alsovary. For example,thegallerymayconsistof a pair of
imagesfor eachsubject,a frontal mug-shotandfull profile
view (like the imagestypically capturedby police depart-
ments).Theprobemaybeasimilarpairof images,asingle
3/4view, or evenacollectionof views from randomposes.

Facerecognitionacrosspose(i.e. facerecognitionwhere
the galleryandprobeimagesdo not have the sameposes)
hasreceivedverylittle attention.Algorithmshavebeenpro-
posedwhich canrecognizefaces[12] (or moregeneralob-
jects[10]) at a variety of poses.Most of thesealgorithms
requiregallery imagesat every pose,however. Algorithms
have beenproposedwhich do generalizeacrosspose,for
example[6], but this algorithmcomputes3D headmodels
usingagallerycontainingalargenumberof imagespersub-
jectcapturedwith substantialcontrolledillumination varia-
tion. It cannotbeusedwith arbitrarygalleryandprobesets.

We proposean algorithm for face recognition across
pose.Our algorithmcanuseany numberof gallery images

capturedatarbitraryposes,andany numberof probeimages
alsocapturedwith arbitraryposes.A minimumof 1 gallery
and1 probeimageareneeded,but if moreimagesareavail-
abletheperformanceof ouralgorithmgenerallygetsbetter.

Our algorithmoperatesby estimating(a representation
of) the light-field [9] of the subject’s head. First, generic
training data is usedto computean eigen-spaceof head
light-fields,similar to the constructionof eigen-faces[16].
Light-fields are simply usedratherthan images. Given a
collectionof galleryor probeimages,theprojectioninto the
eigen-spaceis performedby settingupaleast-squaresprob-
lem andsolving for the projectioncoefficientssimilarly to
approachesusedto dealwith occlusionsin the eigenspace
approach[4,8]. Thissimplelinearalgorithmcanbeapplied
to any numberof images,capturedfrom any poses.Finally,
matchingis performedby comparingtheprobeandgallery
eigenlight-fields.

We evaluateour algorithm on the posesubsetof the
CMU PIE database[15] and a subset of the FERET
database[13]. We demonstratethat our algorithmis able
to reliably recognizepeopleacrossposeandthatour algo-
rithm performsbetterif moregallery or probeimagesare
used. We also investigatethe variation in performanceof
our algorithmwith the posesof the gallery andprobeim-
ages.Finally, we investigatewhetherit is betterto have a
largegalleryandasingeprobeimageor equalsizedgallery
andprobesets.

Theremainderof this paperis organizedasfollows. We
proceedin Section2 to introducelight-fields, eigenlight-
fields,ouralgorithmfor estimatinganeigenlight-field from
any numberof images,andderivesomeof thepropertiesof
thealgorithm.In Section3 we describehow thetheoretical
eigenlight-field estimationalgorithmcanbe usedfor face
recognitionacrosspose.After presentingour experimental
resultsin Section4 weconcludein Section5.

2. Theory

2.1. Object Light-Fields

Theplenopticfunction[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 � aroundthecircle is measured
by theangle� , andthedirectionthattheviewing raymakes
with theradiusof thecircle is denoted� . For eachpair of
angles� and � , theradianceof light reachingtheviewpoint
from theobjectis thendenotedby �����
	��
� , the light-field.
Although the light-field of a 3D object is actually4D, we
will continueto usethe 2D notationof this figure in this
paperfor easeof explanation.

5D function of position (3D) andorientation(2D). In ad-
dition, it is alsosometimesmodeledasa functionof time,
wavelength,andpolarization,dependingon theapplication
in mind. Assumingthat thereis no absorptionor scattering
of light throughtheair [11], the light-field is actuallyonly
a 4D function,a 2D functionof positiondefinedover a 2D
surface,anda 2D function of direction [7, 9]. In 2D, the
light-field of a 2D objectis actually2D rather, thanthe3D
thatmightbeexpected.SeeFigure1 for anillustration.

2.2. EigenLight-Fields

Supposewearegivenacollectionof light-fields �������������
where �����
� �!� �!��" . SeeFigure 1 for the definition of
this notation. If we perform an eigen-decompositionof
thesevectorsusingPrincipalComponentsAnalysis(PCA),
we obtain #%$&" eigenlight-fields ' � �������(� where �)��
� �!� �*�+# . Then,assumingthattheeigen-spaceof light-fields
is a goodrepresentationof thesetof light-fieldsundercon-
sideration,we canapproximateany light-field �,���
�+��� as:

�-�������(��.
/0

�214365 � ' � �7���+��� (1)

where5 �4�98:�,�7���+���;�+'<�+�������(��= is theinner(or dot)product
between�-�������(� and '<�+�������(� . This decompositionis anal-
ogousto that usedin faceandobjectrecognition[10,16];
it is just performedon the entire light-field ratherthanon
images.

2.3. Estimating Light-Fields fr om Images

Capturingthe completelight-field of an object is a dif-
ficult task,primarily becauseit requiresa hugenumberof
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Figure 2. The1D imageof a 2D objectcorrespondsto a
curve (surfacefor a 2D imageof a 3D object)in the light-
field. Eachpixel in theimagecorrespondsto a ray in space
throughthecamerapinholeandthelocationof thepixel on
theimageplane.In generalthis ray intersectsthelight-field
circleatadifferentpointfor eachpixel. As thepixel consid-
ered“moves” in theimageplane,thepointon thelight-field
circle thereforetracesout a curve in � - � space.This curve
is a straightvertical line iff the “effective pinhole” of the
cameralieson thecircleusedto definethelight-field.

images[7,9]. In mostobjectrecognitionscenariosit is un-
reasonableto expectmorethana few imagesof theobject;
often just one. As shown in Figure2, however, any image
of theobjectcorrespondsto 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 coefficients 5 � be estimatedfrom this
highly occludedview? Although this may seemhope-
less,considerthat light-fields are highly redundant,espe-
cially for objectswith simple reflectancepropertiessuch
asLambertian. An algorithm is presentedin [8] to solve
for theunknown 5 � for eigen-images. A similar algorithm
wasproposedin [4]. Ratherthanusing the inner product

5 �,�>87�-�������(�*��'<���7���+���?= , LeonardisandBischof [8] solve
for 5 � astheleastsquaressolutionof:

�-�������(�A@
/0

�B14365 � ' � ���
�+�����DC (2)

wherethereis onesuchequationfor eachpair of � and �
thatareun-occludedin �,���
�+��� . Assumingthat �,���
�+��� lies
completelywithin the eigen-spaceand that enoughpixels
areun-occluded,thenthe solutionof Equation(2) will be
exactly thesameasthatobtainedusingtheinnerproduct:

Theorem1 Assumingthat �-�������(� is in the linear spanofE ' � ���������GFH�I�J�
�!� �!�?#�K , then 5 � �&8:�,�7���+���;�+' � ���������?= is
alwaysan exactsolutionof Equation(2).

Sincethereare # unknowns( 5 3L� � � 5 / ) in Equation(2), at
least # un-occludedlight-field pixels are neededto over-
constraintheproblem,but moremayberequireddueto lin-
eardependenciesbetweentheequations.In practice,MN@PO
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timesasmany equationsasunknownsaretypically required
to get a reasonablesolution[8]. Given an image Q �7R���ST� ,
the following is thenanalgorithmfor estimatingtheeigen
light-field coefficients 5 � :
Algorithm 1: Eigen Light-Field Estimation

1. For eachpixel �7R���ST� in Q ��RU�?ST� computethe corre-
spondinglight-field angles�WV-X Y and �(V-X Y . (This step
assumesthat thecameraintrinsicsareknown, aswell
astherelativeorientationof thecamerato theobject.)

2. Findtheleast-squaressolution(for 5 3 � � � 5 / ) to theset
of equations:

Q ��RU�?ST�6@
/0

�B143 5 � ' � ��� V-X Y �+� V-X Y �Z�[C (3)

where R and S rangeover their allowed values. (In
general,the eigenlight-fields ' � needto be interpo-
latedto estimate'<�+���WV-X Y��+�(V-X Y�� . Also,all of theequa-
tions for which the pixel Q ��RU�?ST� doesnot imagethe
objectshouldbeexcludedfrom thecomputation.)

Althoughwe havedescribedthis algorithmfor a singleim-
age Q ��RU�?ST� , any numberof imagescanobviously beused
(so long as the cameraintrinsics and relative orientation
to the object are known for eachimage.) The extra pix-
elsfrom theotherimagesaresimply addedin asadditional
constraintson theunknown coefficients 5 � 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 can then be usedto rendernew imagesof the
sameobjectunderdifferentposes.(See[17] for a related
algorithm.)In this sectionwe show that,if theobjectsused
to createthe eigen-spaceof light-fields all have the same
shapeasthe object imagedto createthe input to the algo-
rithm, thenthis re-renderingprocessis in somesense“cor-
rect,” assumingthatall theobjectareLambertian.As afirst
step,weshow thattheeigenlight-fields ' � ���
�+��� capturethe
shapeof theobjectsin thefollowing sense:

Lemma 1 If
E � � �7���+���GF��\�]�^� � �!�*��"PK is a collection of

light-fieldsof Lambertianobjectswith thesameshape, then
all of theeigenlight-fields ' � �7���+��� havethepropertythat if��� 3 ��� 3 � and ���W_`���a_b� definetwo rayswhich image thesame
pointon thesurfaceof anyof theobjectsthen:

' � ��� 3 �+� 3 ���D' � �7�b_
�+�(_b� c(�4�9���!� �?#a� (4)

Proof: The property in Equation(4) holds for all of the
light-fields

E �����7���+��� F �d�J�
�!� �!�*��"eK usedin the PCA be-
causethey areLambertian.Hence,it alsoholdsfor any lin-
earcombinationof the � � . Thereforeit holdsfor theeigen-
vectorsbecausethey arelinearcombinationsof the � � . f

The property in Equation(4) clearly also holds for all
linear combinationsof the eigenlight-fields. It therefore
also holds for the light-field recoveredin Equation(3) in
Algorithm 1, assumingthat the light-field from which the
input imageis derived lies completelyin the eigen-space
andsoTheorem1 applies.This factmeansthatAlgorithm
1 estimatesthe light-field in a way that is consistentwith
theobjectbeingLambertianandof theappropriateshape:

Theorem2 Suppose
E ' � �7���+���GF��g� �
�!� �!�*��#
K are the

eigen light-fields of a set of Lambertianobjectswith the
sameshapeand Q ��RU�?ST� is an image of anotherLamber-
tian objectwith thesameshape. If thelight-fieldfromwhichQ �7R���ST� is derivedlies in the light-field eigen-space, then
the light-field recovered by Algorithm 1 has the property
that if � V,X Y ��� V,X Y is any pair of angleswhich image the
samepoint in thesceneasthepixel ��RU�?ST� then:

Q ��RU�?ST�Z�D'd��� V-X Y ��� V-X Y �*� (5)

where 'd���WV-X Y��+�(V-X Y�� is the light-field estimatedby Algo-
rithm 1; i.e. Algorithm1 correctlyre-renders theobjectun-
der theLambertianreflectancemodel.

Theorem2 implies that Algorithm 1 is acting reason-
ably in estimatingthe light-field, a task which is in gen-
eral impossiblewithout a prior modelon the shapeof the
object. (The shapemodel hereis containedin the eigen-
space.) Theorem2 assumesthat facesare approximately
the sameshape,but that is a commonassumption[14].
Theorem2 alsoassumesthatfacesareLambertianandthat
thelight-field eigenspaceaccuratelyapproximatesany face
light-field. Theextentto which theseassumptionsarevalid
is demonstratedby theempiricalresultsobtainedby oural-
gorithm.SeeSection4.

3. FaceRecognitionAcrossPose

We proposeto useAlgorithm 1 to performfacerecog-
nition acrosspose.Although thederivation in Section2 is
in termsof theentirelight-field, theresultsalsoclearlyhold
for any subsetof rays �7���+��� in thelight-field. Wewill evalu-
ateouralgorithmonasubsetof theCMU PIEdatabase[15]
anda subsetof theFERETdatabase[13]. In theCMU PIE
database68 subjectsare imagedunder13 different poses
totalling 884 images(figure 3). We furthermorereportre-
sults on 75 subjectsfrom the FERET databasewhich are
recordedin 9 differentposes(figure 5). The remainderof
this sectiondescribeshow we mapthe abstractalgorithms
in Section2 ontothedatain Figure3.

3.1. Gallery, Probe,& GenericTraining Data

Thereare68 subjectsin thePIE database.We randomly
select"h�iO`j of thesesubjectsandusetheimagesof them
asgenerictraining datato constructthe eigenlight-fields.
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Figure 3. Theposevariationin thePIE database[15]. Theposevariesfrom full left profile (c34) to full frontal (c27)andon to
full right profile (c22). The9 camerasin thehorizontalsweepareeachseparatedby about klkWm nlo . The4 othercamerasinclude1
above (c09)and1 below (c07)thecentralcamera,and2 in thecornersof theroom(c25andc31),typical locationsfor surveillance
cameras.
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Figure 4. Facenormalization.Theoriginal imagesfrom
cameraviews c27andc37areshown togetherwith thenor-
malizedandcropfaceregion.

Of the remaining34 subjects,the imagesaredivided into
completelydisjointgalleryandprobesetsbasedonthecam-
era they are capturedfrom. For example, if we consider
thescenariodescribedin theintroductionwherethegallery
consistsof a pairof imagesfor eachsubject,a frontalmug-
shotand full profile view, we might usethe imagesfrom
camerasc22 andc27 for the gallery (seefigure 3). If the
probeimagesare3/4 views,we would usetheimagesfrom
camerac37(or c11.)

3.2. Extracting the FaceRegion

We hand-labeledthex-y positionsof botheyes(pupils)
andthetip of thenosein all 884imagesof thePIEdatabase
andthe 675 imagesof the FERETdatabase.Within each
poseseparatelythe face imagesare normalizedfor rota-
tion, translation,andscale.The faceregion is thentightly
croppedusingthenormalizedfeaturepoint distances.Fig-
ure4 showstheresultof faceregionextractionfor two cam-
eras(c27andc37)of thePIE database.

3.3. Constructing the Light-Field Eigenspace

Faceregionextractionis performedoneveryimagefrom
every camera;generictraining data, gallery images,and
probeimages.Supposethattheresultsaretheimages:

p q�r^s�satlu v7w
p t xyu p (6)

where xBu�z E �
��M{� �!� �;�+|
}{K is theidentity of thesubjectandp~z E C�M{�+C^�{�+C��{��C
�
� �^�
� � j
�+M
M{�+M
�{��M�����M
�{��O
�`��O
j���O��^K is the
cameranumber. Suppose� q�w`xB��xB����� E �^�+M{�!� �!�;��|
}�K is the
setof generictrainingsubjects,� w
�2�Bt q+� is thesetof gallery
cameras,and � q�r^�at is the setof probecameras.We then
form the light-field eigenspaceasfollows. For each xyu�z
� q�w`xB��xB��� , theimages:E p q�r^s�s(t!u v7w
p t xyu p F pNz � w`�B�2t!q���� � q+r
�(t K (7)

areraster-scannedandconcatenated.PCA is performedon
these">�iO
j vectorsto form theeigen-vectors' � .
3.4. Processingthe Gallery Images

For each ' � ( ���J�
�!� �!�*��# , the dimensionof the light-
field eigenspace)we extract theelementscorrespondingto
thegallery imagesandform a shortervector '�� . For each
non-trainingsubjectxyui�z � q+w
x2��xB��� we raster-scanthe im-
ages: E p*q+r
s�s(t!u v7w^p*t x p F pNz � w`�B�Bt q+� K (8)

to form a vectorof thesamelength.We solve Equation(3)
for theseshortenedvectors.Supposetheresultis 5

� �� .

3.5. Processingthe ProbeImages

We processtheprobeimagessimilarly. For eacheigen-
vector '<� we extract the elementscorrespondingto the
probeimagesandform a shortervector '�� . For eachnon-
trainingsubjectxBu��z � q�w`xB��xB��� we raster-scantheimages:E p*q+r
s
satlu v7w
p*t x p F pNz � q�r^�at K (9)
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Figure 5. Theposevariationin theFERETdatabase[13]. Theposevariesfrom +60(bb) to full frontal (ba)andon to -60 (bi).

to form a vectorof thesamelength.We solve Equation(3)
for theseshortenedvectors. Supposethe result is � � �� ; i.e.
weuse� astheequivalentof 5 for theprobeimages.

3.6. The ClassificationAlgorithm

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

w
q��A��xB�� �W�
/0
�B143

� � � �� @ 5
� �b���� _ � (10)

If the nearestneighboreigenlight-field xyua� � xyu thealgo-
rithm hascorrectlyrecognizedthesubject.If xBu(�Z�� xyu the
algorithmhasrecognizedthesubjectincorrectly.

4. Experimental Results

4.1. Comparisonwith Other Algorithms

Wefirst comparedouralgorithmwith eigenfaces[16], as
implementedby Beveridgeet. al [3], andFaceIt,thecom-
mercialfacerecognitionsystemfrom Visionics.FaceItfin-
ishedasthe top performerin theFaceRecognitionVendor
Test2000[5]. In Figure6 we comparetherecognitionrate
of the threealgorithmsfor thegallery ' ��� E C��{��M^����M`��K .
We plot therecognitionratefor eachof the10 camerasnot
in thegalleryandtheoverallaverage.As wouldbeexpected
for a simple appearancebasedalgorithm, eigenfacesper-
forms poorly in all cases(exceptfor c07, oneof the cam-
erasclosestto thegallery). FaceItperformscomparablyto
our algorithm on the 4 camerasclosestto the gallery im-
agesc07,c09,c11,andc37.For theprofile viewsc02,c22,
c25, c31, andc34, our algorithm outperformsboth of the
otheralgorithmsby a hugemargin. On averageour algo-
rithm achievesa recognitionaccuracy of |
��¡ vs. j�M^¡ for
FaceIt(version2) and �!}�¡ for eigenfaces.In termsof rel-
ative performancetheeigenlight-fields improve theFaceIt
resultby |^C��¢�
¡ (theerrorrateimprovesfrom �`}�¡ to O��b¡ ,
animprovementof �:�`}£@eO��b��¤{���:�
}¦¥§O��b��¤
M
�A�i|^C��¢� ).

We observe similar results on the FERET database.
Whentrainedon frontal andnearfrontal imagesour algo-
rithm outperformsFaceItby far on theposesclosestto the
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Figure 6. A comparisonof our algorithm with eigen-
faces[3,16] andtwo FaceItversionson thegallery ¨,©eª«*¬ n 	 k!­ 	 k ®W¯ . FaceItversion1 wasavailablebeforeVision-
ics hadaccessto the PIE database.FaceItversion2 came
out after Visionics had a copy of PIE for approximately
oneyear. Therecognitionrateof our algorithmandFaceIt
is similar for the 4 cameras

«*¬ ­ 	 ¬ ® 	;°!°l	?± ­b¯ closestto the
gallery. For the profile views

«*¬ k 	 klk 	 k!n 	?±`°l	?±!² ¯ our al-
gorithmoutperformsFaceItby far. In all cases,eigenfaces
performspoorly.

profile views ( �^M�¡ vs. }
O�¡ ). SeeFigure7. Hereour algo-
rithm improvestheFaceItresultby �`M^¡ in thesamesense
asabove. The similarity in the improvementsacrosstwo
databasessuggeststhatour resultsaregeneralin natureand
not specificto onedatabase.

4.2. Impr ovementwith the Number of Images

In Figure8(a)weplot anexampleof theimprovementof
theperformanceof ouralgorithmwith thenumberof gallery
images.We plot therecognitionrate,computedon average
over all of the other imagesin the database,for 5 differ-
entgalleries

E M^��K�� E M
�{��M^��K^� E M
���+M�����O
j�K�� E �^�
�+M^�{��M^���+O`j
K^�
and

E C��{�!�
�
��M
���+M^�{��O
j�K^� For eachof thesecases,only one
probeis usedat a time. On thesamegraphwe alsoplot the
resultsusinga singlegallery image,but varying the num-
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Figure 7. A comparisonof our algorithmwith FaceIton
thegallery ¨ © ª «;³+´ 	 ³�µ 	 ³�¶ ¯ of theFERETdatabase.Our
algorithmoutperformsFaceItby far on theposesclosestto
theprofile views

«*³+³ 	 ³+· ¯ .
ber of probeimages.We find that the performanceof our
algorithmincreasesrapidly with thenumberof gallery im-
agesandalsothat therole of thegalleryandprobesetsare
approximatelyinterchangeable.

4.3. Variation with the Poseof the Gallery

In Figure 8(b) we compareusing a gallery contain-
ing only frontal images in

E C^�{�+C��{��C
�
� �^�
�+M�����MW���+O^��K
and one containing only profile views inE C^M�� �^�
� �!j
��M
M{��M
����O{�^��OWja�?O��^K . We computethe recogni-
tion rate for differentgallery sizes. For eachgallery size,
we randomlygeneratea large numberof frontal galleries
of that size and profile galleriesof that size. We then
computethe averagerecognitionrateover all singleprobe
imagesnot in thegallery. Wethenrepeatthisprocessfor 99
otherrandomlychosegallerypairsandaveragetheresults.
The graphsin Figure 8(b) show that the performanceof
the frontal galleries is far superior to that of the profile
galleries.

4.4. Division betweenthe Gallery and Probe

A naturalquestionwhich occursat this point is whether
it is betterto have a largegalleryanda singleprobeimage,
or a gallery anda probehalf the sizeof the large gallery.
Werandomlygeneratedpairsof galleriesandprobes.In the
first casewechoosealargegalleryandasingleprobe.In the
secondcasewe chooseanequalsizegalleryandprobe.We
thencomputethe averagerecognitionrate. In Figure8(c)
we plot two curvesagainstthe total sizeof thegalleryand
probesetscombined. The resultsclearly show that it is
betterto divide theimagesequallybetweenthegalleryand
probesetsthanto havea largegalleryandasingleprobe.

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
useany numberof gallery imagescapturedform arbitrary
posesandany numberof probeimagesalsocapturedfrom
arbitraryposes.Thegalleryandprobeposesdo not needto
overlap,andany numberof gallery andprobeimagescan
be used. We have shown that our algorithm can reliably
recognizefacesacrosspose.We have alsoshown that our
algorithmcantake advantageof theadditionalinformation
containedin widely separatedviewsto improverecognition
performanceif morethan1 galleryor probeimageis avail-
able.

5.2. Curr ent Limitations of the Algorithm

In this first paperdescribingour facerecognitionalgo-
rithm we have concentratedon showing thatour algorithm
can: (1) recognizepeopleacrossposeand(2) take advan-
tageof widely spacedviewsto yield improvedfacerecogni-
tion performance.To getpreliminaryresults,we have sim-
plified the taskin several ways: (1) the posesof the cam-
erasareknown andfixed,(2) the locationsof theeyesand
thenoseusedto extractthefaceregionaremarkedby hand,
and(3) the generictrainingdatais capturedwith thesame
camerasthatareusedto capturethe galleryandprobeim-
ages.All of thesefactorsmake facerecognitioneasierand
arelimitationson thecurrentalgorithm.We arecontinuing
to developour algorithmto removetheselimitations,while
retainingthedesirablepropertiesof thealgorithm.

We recentlyconductedpreliminaryexperiementsusing
PIE imagesasgenerictrainingdataandFERETimagesas
galleryandprobeimages.Our algorithmachievesa recog-
nition accuracy of }
�
� O�¡ , which comparesvery well to the
performanceof FaceItover thesamedataset( }`ja� j{¡ ).

5.3. Futur eWork: Illumination

The question“what is the set of imagesof an object
underall possibleillumination conditions?” was recently
posedandansweredin [2]. Is thereananalogousresultfor
light-fields? Sinceimagesconsistof subsetsof raysfrom
the light-field, it is not surprisingthat the analogousresult
doeshold for light-fields:

Theorem3 Thesetof S -pixel light-fieldsof anyobject,un-
derall possiblelighting conditions,is a convex conein ¸ Y .

An illumination invariant face recognitionalgorithm was
proposedin [2] basedon the equivalent of this “convex
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Figure 8. (a) Thevariationin theperformanceof our algorithmwith thenumberof galleryandprobeimages.Thecamerasets
A ª « kl­l¯ , B ª « kln 	 kl­b¯ , C ª « kln 	 k!­ 	?± ² ¯ , D ª « °!°l	 kln 	 kl­ 	�±!² ¯ , andE ª «*¬ n 	;°l°l	 k!n 	 k!­ 	?±!² ¯ . Our algorithmtakesadvantage
of moregalleryandprobeimages.(b) Thevariationin performancebetweenfrontal andprofile galleries.Our algorithmoperates
betterwhenthegalleryimagesarefrontal ratherthanprofile. (c) A comparisonof 2 waysof dividing theimagesbetweenthegallery
andprobeset. Our algorithmoperatesbetterif the imagesaredividedequallybetweengalleryandprobesetsratherthanhaving a
largegalleryanda singleprobe.

cone”propertyfor images.Wearecurrentlyworkingonex-
tendingour algorithmto be ableto recognizefacesacross
bothposeandillumination.
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