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Abstract

Facerecognitionundervaryingilluminationremainsa chal-
lengingproblem. Much progresshasbeenmadetoward a
solution throughmethodsthat require multiple gallery im-
ages of each subjectunder varying illumination. Yet for
manyapplications,this requirementis too severe. In this
paper, weproposea novelmethodthat requiresonlya single
galleryimagepersubjecttakenunderunknownlighting. The
methodbuilds upontwo contributions. We �r st estimatethe
lighting fromits re�ection in theeyes.Thisallowsusto ex-
plicitly recover theillumination in thesinglegallery images
aswell astheprobeimage. Next, weexploit thelocal linear-
ity of faceappearancevariation acrossdifferentpeople. We
representthe gallery imagesas locally linear montagesof
imagesof manydifferentfacestakenunderthesamelighting
(bootstrap images). Then,wetransfertheestimatedcombi-
nationof bootstrap imagesto synthesizeeach subject's face
undertheprobelighting to accomplishrecognition. Finally,
we showthrough testson the CMU PIE databasethat we
canachievebetterrecognitionresultsusingour lighting esti-
mationmethodandlocally linear montagesthanthecurrent
state-of-the-art.

1. Intr oduction
The effect of illumination variation on the appearanceof
facesis known to be one of the major obstaclesfor face
recognition[17]. This is dueto the fact that lighting vari-
ation often resultsin larger intra-personalfaceappearance
variationthaninter-personalvariation[12].

Many previousapproacheshave shown thatgoodrecog-
nition rates can be achieved even under extreme light-
ing [20, 2, 6, 10, 16, 25, 24]. However, mostof thesemeth-
odsrequiremultiplegallery (or training)imagespersubject.
Eachfacehastobesampledundermany differentlight direc-
tionssuchthat thespaceof imagesunderall possiblelight-
ing can be well reconstructed.For many applicationsthis
requirementis not practical.Rather, onewould desireto ac-
complishrecognitionusingonly a singleimagepersubject.
Thiswouldnotonly allow recognitionon theexistingsingle
imagedatabasesbut alsosimplify enrollmentproceduresfor
futuredatabases.

If the single gallery imagesare all the information we

have,wewouldhave to somehow extractanillumination in-
variantfeaturefrom eachgallery imageaswell astheprobe
(or test) imageto accomplishrecognition. However, it has
beenshown that suchdiscriminative illumination invariant
featuresdo not exist [5]. Onecanalsotake an illumination
normalizationapproachby deriving intrinsic imagesof each
image[7, 26]. However, recovering intrinsic imagesfrom a
singleimageis aninherentlyill-posedproblemandrequires
restrictiveassumptions.

Alternatively, in additionto thesinglegalleryimages,one
cancollect relevant informationfrom otherpeoples'faces.
For instance,asetof 3-D laserscansof many differentfaces
canbeusedto computeastatisticalgenerativemodelof face
geometryandphotometry[4, 27, 23]. Thenthe generative
face model can be �t to the imagesto estimateidentity-
dependentparametervaluesfor recognition.However, such
an approachis computationallyexpensive and dif�cult to
scalesinceit requires3-D informationof many people.

Furthermore,while [4] reportsexcellent resultson face
recognitionundervarying illumination usingsinglegallery
images,it is only testedon imagestakenwith ambientlight-
ing in additionto a singlepoint source1. It hasbeenshown
in [10] that facerecognitionundersinglepoint light source
is signi�cantly moredif�cult comparedto having multiple
light sources2. Yet face recognitionunder a single point
sourceis alsoimportant,sincewefrequentlyencountersuch
cases,for instance,in imagestakenoutdoorsonasunny day
or in imagestakenindoorswith thesubjectcloseto a domi-
nantcompactsource.

Although it may be impracticalto capturemany images
of eachpersonwho we would like to recognize,it is easyto
preparean imagesetin which facesof many differentpeo-
plearecapturedundermany differentlighting conditions.In
fact, publicly available facedatabases,which we normally
useto testfacerecognitionalgorithms,canreadily be used
to provide generalinformationof faceappearancevariation

1NotethattheCMU PIEdatabase[22] containstwo setsof imagestaken
undervarying illumination (“illum” and“lights”). Onesetof images(“il-
lum”) aretakenwith single�asheswhile theotherset(“lights”) alsohasthe
roomlight turnedon. Werunourexperimentson the“illum” set.

2In [11] it is shown that for the samedataset we use, the error rate
almosthalveseverytimeanotherpointsourceis lit in theimageandreaches
almostzerowith 11 point light sources.Similar resultsarereportedon the
YaleFacedatabaseB [6] in [10].
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undervarying illumination. Let us refer to theseimagesas
thebootstrap images[21]. Notethat thepeoplein theboot-
strapsetarenot thesameindividualsasthosein thegallery.
In fact,weuseanentirelydifferentdatabasefor thebootstrap
set. Thus,we have to preparesucha datasetonly oncefor
any setof gallery images.

In this paper, we focuson facerecognitionundervarying
illumination usinga singlegallery imageper subjecttaken
underunknown lighting and a bootstrapset. Using these
imagesets,thetaskis to identify thepersonin theprobeim-
age taken underunknown illumination. Shashuaet al. [21]
tacklethisproblemby deriving anillumination invariantim-
agetermedthe quotient image. However, their derivation
relieson restrictive assumptionssuchasfacesexhibit pure
Lambertianre�ection anddifferent facesshareexactly the
samesurfacenormaldistribution. Zhouet al. [28] formulate
this problemasa bilinearestimationof lighting andidentity
in eachgalley andprobeimage. However, bilinear estima-
tion is proneto an inherentambiguityandthusdif�cult to
solve. To our knowledge,[28] reportsthe bestrecognition
resultsin this facerecognitionscenario.However, we will
show in this paperthat the recognitionratescanbe signi�-
cantlyimproved.

We proposea novel methodthatbuilds upontwo contri-
butions to accomplishfacerecognitionin this setup. The
�rst contribution is theuseof lighting informationre�ected
in the eyes for face recognition. Recently, it was shown
in [14] that lighting information of the scenein an image
canbe estimatedfrom the eye capturedin the image. We
show that– for imagesin which theeyesareopen– we are
able to reliably estimatethe lighting for eachof the given
single gallery imagesand the probe image. The explicit
knowledgeof lighting allows us to develop the recognition
algorithmdescribedbelow. It canalsobene�t many other
facerecognitionmethodsthatrequirethelighting to beesti-
mated[4, 27, 23].

Thesecondcontribution is asimpleyeteffective recogni-
tion algorithmwhich exploits the local linearity of faceap-
pearance.It hasbeenshown in the pastthat oneperson's
facecanbewell representedasa linearcombinationof other
peoples'faces[25, 24]. Wetakethis ideaonestepfurtherby
exploiting thespatiallylocalizedlinearity in theappearance
variation of different facestaken under the samelighting.
We show thatby simply subdividing the imageswith a reg-
ulargrid andby representingeachindividual subimagewith
thebootstrapimages,weareableto bettersynthesizetheap-
pearanceof oneperson's faceunderanovel (probe)lighting
from asingleexemplarimage.Thework of [16] exploits the
spatiallylocalizedlinearity of faceappearancevariationus-
ing modulareigenspacesin orderto accomplishfacerecog-
nition basedon facepartssuchasthe mouthandthe nose.
We, on theotherhand,exploit the local linearity in orderto
synthesizetheappearanceof theentirefacewith non-linear
photometriceffectssuchashighlightsandcast-shadows.

In particular, for eachsinglegallery image,we �rst esti-
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Figure1: Left: Oneof thefaceimagesweusedin ourexperiments.
Theimageis cropped(theoriginalsizeis 640� 480).Theestimated
eyelimbusesareoverlaidin red.Right: Theenvironmentmapcom-
putedfrom the left eye. The intensityvaluesarecolor codedwith
redindicatinghighandbluelow. Theestimatedpointsourcedirec-
tion is depictedby acyancross.

matethelighting from theeyes.Usingtheestimatedgallery
lighting, we synthesizeimagesof eachpersonin the boot-
strapset taken underthe samelighting by a simple linear
combination. Then, we representthe gallery image as a
locally linear montageof thesebootstrapimagestaken un-
der the samelighting. We do this by subdividing the im-
ageswith aregulargrid andcomputinglinearcoef�cients for
eachsubimageindividually. In the recognitionstage,given
theprobeimage,we estimatethe lighting from theeye and
alsopreparebootstrapimagestaken underthe probelight-
ing. Then,by reusingthe linear coef�cients computedfor
eachsubimageof the gallery image,we synthesizean im-
ageof eachpotentialidentity takenundertheprobelighting.
Thesereconstructedimagesarecomparedto the probeim-
agefor recognition. We refer to this methodasthe locally
linear montage method.

By exploiting thesetwo factors,namelythe lighting in-
formationrecoveredfrom theeyesandthelocal linearity of
faceappearance,we cansigni�cantly increasetheaccuracy
of facerecognitionundervarying illumination usingsingle
gallery images.We reportrecognitionresultson the CMU
PIE database[22] usingtheYaleFacedatabaseB [6] asthe
bootstrapset. Comparedto the resultof thestate-of-the-art
algorithmreportedonthesamedata[28], wereducetheerror
rateby morethan80%.

2. Estimating Lighting fr om the Eye
Recently, it wasshown in [14] that lighting informationof
thescenein animagecanbeestimatedfrom aneyecaptured
in the image. It wasshown that even from low resolution
images,suchasstandardVGA images,onecanrecover an
environmentmapof thescenewhichcoversalmosttheentire
frontal hemisphere.Thecomputedenvironmentmapcanbe
usedastheilluminationdistributionof thescene.

In general,facerecognitionrequiresdetectingthe eyes
andthemouthlocationsin theimageasapre-processingstep
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Figure2: Averageestimatesover68peopleof the12differentpoint
sourcedirectionscomputedfrom theeyes. Thesymbolf# denotes
thelight source(�ash) number.

to normalizethe sizesof the faces.In our experiments,we
assumethat this pre-processingis alreadydonewith a face
detectionalgorithmandwe areprovidedwith the roughlo-
cationsof the eyes. Using the provided eye locationasthe
initial estimateof thecenterof theeye,weusethealgorithm
describedin [15] to �t anellipseto the limbus (thecontour
of the cornea)in the image. The initial estimateof the el-
lipseparametersis setto acircleof pre-determinedradius(8
pixels)for all images.

Figure1 shows oneof thefaceimagesusedin our exper-
imentsandits estimatedenvironmentmap.In thecomputed
environmentmap, we thresholdedthe intensity valuesand
computedthe centroidof the remainingpixels which was
usedasthepoint sourcedirection(seeFigure1). In theim-
agesof the CMU PIE database,since�asheswereusedas
the point sources,the re�ection in the corneawas often a
shortline ratherthanapoint.

We evaluatedthe accuracy of the point sourcedirection
estimatesonthe68� 12 = 816imagesweusedin theCMU
PIE database.We wereableto estimatethe light sourcedi-
rectionfrom at leastoneof theeyesin 96:4% (786of 816)
of theimages.In theremaining3:6% images,theeyeswere
closedor nearlyclosed.As wediscusslater, for suchimages,
we can fall back to othermethodsto estimatethe lighting
anduseit in the algorithmwe describein Section4. Fig-
ure 2 shows the averageestimatesof the 12 differentpoint
sourcedirections.Figure3 shows thehistogramof errorsin
the estimatedpolar andazimuthanglesof the point source
directions.TheRMSerrorin polarandazimuthangleswere
2.4� and3.5� , respectively. Theerrorsin polarangleswere
larger thanthosein theazimuthangles.This is mainly due
to thefactthattheeyelidsoftenpartially occludethelimbus
andhencethe estimateof the cornealorientationbecomes
lessaccuratein thepolardirection.

Theseresultsshow that, in imageswith openeyes, we
can estimatethe lighting with very good accuracy. While
the lighting informationestimatedfrom theeyesmayprove
usefulin many differentfacerecognitionalgorithms[4, 27,
23], in this paper, we introducea new recognitionalgorithm
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Figure3: Histogramsof polarandazimuthangleerrorsof thees-
timatedpoint sourcedirections. The RMS errorsin polar andaz-
imuthangleswere2.4� and3.5� , respectively.

designedto explicitly exploit theknown lighting.

3. Linear Reconstruction
It hasbeenshown in the pastthat oneperson's facecanbe
well-representedas a linear combinationof otherpeoples'
faces[25, 24]. Sincewe have alreadyestimatedthelighting
for eachgallery imageandprobeimagefrom the eyes,we
can representeachimageas a linear combinationof other
peoples'imagesin the bootstrapset taken underthe same
lighting asfollows.

Oncewe estimatethe lighting for eachgallery imageor
the probe image from the eyes, we are able to represent
the estimatedlighting asa linear combinationof the light-
ing sampledin the bootstrapset. Let us denotethe esti-
matedpoint sourcedirection in either the gallery imageor
theprobeimagewith a3� 1 vectors. Similarly, wewill de-
notethepoint sourcedirectionssampledin thebootstrapset
with sj (j = 1; ::; K ). Thenwecancomputethelighting co-
ef�cients c = f c1; ::; cK g whicharethelinearcoef�cients of
sj for s. Sincelighting is generallyfrontal in faceimages,it
is naturalto assumecj � 0. Hencewe solve a non-negative
minimizationproblemto estimatethelighting coef�cients:

ĉ = argminc js �
KX

j

cj sj jL 2 ; (1)

subjectto ĉj � 0. If we have a complex lighting, for in-
stanceconsistingof arealight sources,we canestimateand
representit asa setof point sourcesby samplingthe envi-
ronmentmapcomputedfrom theeye. Thenwecancompute
thecorrespondinglighting coef�cients for eachpoint source
usingEq.(1).

Oncewe computethe lighting coef�cients ĉ, we canuse
them to synthesizefaceimagesof the peoplein the boot-
strapsetunderthe gallery/probelighting s. Let us denote
the bootstrapimagesby x i;j

b wherej (j = 1; ::; K ) repre-
sentsonepoint sourcedirectionsampledin thebootstrapset
andi (i = 1; ::M ) is the identity of thepersonin theboot-
strapset.In our experiments,we usetheYaleFacedatabase
B [6] as the bootstrapset in which we have M = 10 and
K = 64. Then,we cansynthesizebootstrapimagesunder
thegivenlighting s as
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x i; ŝ
b =

KX

j

ĉj x i;j
b ; (2)

whereŝ is theestimateof s usingĉ in Eq. (1). Notethatwe
havethelight directionŝ in thesuperscriptsothatit is easier
to seethattheleft handsideis a bootstrapimageof personi
takenunderthelighting ŝ.

Then,we canestimatethe linearcoef�cients ŵ to repre-
sentthegallery/probeimagex with thesebootstrapimages
by solvingasimplelinearestimationproblem:

ŵ = argminw jx �
MX

i

wi x i; ŝ
b jL 2 : (3)

Hereagain, we assumethat the linear coef�cients arenon-
negative andsolve Eq. (3) subjectto ŵi � 0(i = 1; ::; M ).
Also, we normalizeeachimagesuchthat jx j = 1 to factor
out the brightnessvariation in lighting amongimagesand
differencesin theoverall re�ectivitiesof thedifferentfaces.

Let us refer to the linearcoef�cient setŵ asthe identity
coef�cients sinceit is uniquefor eachindividual. Zhou et
al. [28] also estimatethe lighting coef�cients and identity
coef�cients to representthegallery imageandtheprobeim-
ageasa linearcombinationof bootstrapimages.However,
they simultaneouslyestimateboth coef�cients in a bilinear
formulationassumingpureLambertianre�ection. It is, how-
ever, well-known thatbilinearestimationsuffersfrom ambi-
guities[9]. It hasbeenshown that lighting estimationfrom
shadingin imagessuffer from bas-reliefambiguity[3]. Es-
peciallyfor faceimages,sinceLambertianre�ection actsas
a low-pass�lter in the frequency domain[1, 18], simulta-
neousestimationof boththe identity andlighting in Eq. (1)
and(3) is proneto local minima. In fact,aswe will demon-
stratelater, even whenthe probeimageandthe gallery im-
ageareexactlythesame,it is notguaranteedthatthebilinear
approachwill estimatethe sameidentity andlighting coef-
�cients. Note that we do not suffer from suchambiguities,
sincethe lighting is explicitly recoveredfrom the eyesand
usedto estimatethelighting coef�cients separatelyfrom the
identity coef�cients.

Sincethe identity coef�cients are independentof the il-
lumination,we canreusethe identity coef�cients ŵ k

g com-
puted from the gallery image of personk, to synthesize
his/herfaceimageundertheprobelighting sp:

x̂ k
p =

MX

i

ŵi;k
g x i; ŝp

b : (4)

Heretheprobelighting sp is computedfrom theeye andits
estimatêsp is computedusingEq. (1). Oncewe reconstruct
eachperson's faceimageunderthe probelighting (recon-
structedgallery image), we cancomparethemto theactual
probeimageto identify the person. We will describethis
methodandits relatedassumptionsin detailin thefollowing
section.

This reconstructionapproachusingEq. (4) allows us to
assessthe quality of subsequentrecognitionby looking at

Figure4: Two exampleresultsof thelinearreconstructionmethod
describedin Section3. In eachexample,theleft imageis theprobe
imageandthe right imageis the reconstructedgallery image(re-
constructedimage of the personin the gallery image under the
lighting in the probeimage). Although the overall appearanceis
similar to the probeimage,the reconstructedgallery imagedoes
not includethedetailsof theface.

how well eachindividual's faceappearanceis synthesized
undertheprobelighting. Figure4 shows two probeimages
and the samepersons'reconstructedgallery images. Al-
thoughthereconstructedgallery imagesdocapturetheover-
all appearanceof eachperson's face,they arevery smooth
andthedetailsof eachindividual's facearelacking. In order
to accomplishrecognitionwith highaccuracy, weneedto re-
constructtheimageswith �ner details– detailsthatcaptures
eachindividual's facial characteristicsaswell ascorrectil-
luminationeffectsincludingcast-shadows andhighlights.

4. Locally Linear Reconstruction

In order to seewhy the linear reconstructionmethodfails
to reconstructthe appearanceof eachindividual underthe
probelighting well, let us�rst takeageometricalview of the
method.

Eachimagein thegallery, probe,andbootstrapsetcanbe
consideredasa uniquepoint in Rn . Then,computingiden-
tity coef�cients ŵ using Eq. (3) correspondsto projecting
the gallery imageonto the hyperplaneformedby the boot-
strap imagestaken under the samelighting (gallery light-
ing) andcomputingits relative coordinateswith respectto
thebootstrapimagepointson this hyperplane.The relative
coordinatesof this gallery imageprojectionarethenusedto
reconstructa point on the hyperplaneformedby the boot-
strapimagestakenundertheprobelighting, seeEq.(4). The
underlyingclaimmadehereis thattheimagepointsof faces
takenunderthesamelightingcanbewell-approximatedwith
a linear hyperplane,andthe relative positionof oneimage
point with respectto otherimagepointson this hyperplane
is invariantto thelighting change.

Clearly, this assumptiondoes not hold for imagesof
faces. Becauseof non-linearappearancevariationsdue to
specularre�ectionsandcast-shadows,wecannotexpectthat
lighting variationswill preserve therelative coordinatesys-
tem of imagepoints of different faces. However, we can
make simplemodi�cations to theway we computetherela-
tivecoordinatessuchthatthey arewell preservedunderillu-
minationvariations.
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Figure5: Exampleresultsof varyingtheamountof subdivision of
imagesusedto reconstructthegalleryimagesundertheprobelight-
ing. Theoriginal imagesizewas100� 80andwecomparedthere-
constructionerrorsfor 6 differentlevelsof subdivision. TheRMS
errorof gray level valuesof thereconstructedimagesdecreasesas
theimagesaresubdividedinto smallersubimages.

4.1. Spatially Local Linearity

While imagesof oneperson's facetaken undervarying il-
lumination have beenshown to lie close to an extremely
low-dimensionalsubspace[6, 8, 1, 18], faceimagesof dif-
ferentpeopletaken underthe samelighting do not exhibit
the samebehavior [24, 25]. Therefore,approximatingthe
gallery/probeimageusingthehyperplaneformedby theset
of bootstrapimageswould simply not yield a goodrecon-
struction.Onceagain, considerFigure4. With only a mod-
estnumberof bootstrapimagesit is dif�cult to representthe
�ne detailsin faceimages– detailsthatarecrucialfor recog-
nition.

However, if we observe locally in the spatialdomainof
faceimages,we canexpect the intensityvariationto be of
muchlower-dimensionalcomparedto thevariationof theen-
tire image.In otherwords,while theappearancevariationof
the entire faceacrossdifferentpeopleis highly non-linear,
local imageregionsexhibit spatially localizedlinearity be-
causeof similargeometricandphotometricproperties3 [13].
In [16], thisspatiallylocal linearityof faceappearancevaria-
tion acrossdifferentpeoplehasbeenexploitedfor construct-
ing low-dimensionalsubspacesof facial partssuchas the
noseandmouth. Here,we canexploit this local linearity to
reducethedimensionalityof thesubspaceformedby all im-
agespointsin whichwecomputetherelativecoordinates.In
otherwords,we canmake thelinearhyperplaneapproxima-
tion of theimagepointof facestakenunderthesamelighting
work betterby reducingthedimensionalityof thesubspace
in which thoseimagepointslie.

3In [21], the authorsassumepure Lambertianre�ection and that the
surfacenormalsareexactly thesameamongdifferentpeopleandonly the
albedovaries.Notethatwearenotmakingsuchrestrictiveassumptions.
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Figure6: Exampleresultsof varyingthenumberof nearestneigh-
borsusedto reconstructthegalleryimagesundertheprobelighting.
TheRMSerrorof graylevel valuesof thereconstructedimagesde-
creaseswhenonly neighboringbootstrapimagesareused(10 cor-
respondsto using all images). The optimal numberof nearest
neighborswas2 for this speci�c example.

Sincethefacesarepre-aligned,we cansimply subdivide
the imagesinto rectangularsubimageswith a regular grid
andcomputeidentitycoef�cients for eachindividualsubim-
age.In otherwords,wewill �rst representthegallery image
asamontageof bootstrapimagestakenunderthesamelight-
ing. Then,we usethesamecombinationwith thebootstrap
imagestakenundertheprobelighting to reconstructa mon-
tageof the samepersonunderthe probelighting. Figure5
showsexampleresultsof varyingthedegreeto whichtheim-
agesaresubdivided to reconstructthegallery imagesunder
theprobelighting. In this example,thegallery lighting was
f8 andtheprobelighting wasf15 (seeFigure2 for lighting
directions).TheRMS errorsof graylevel valueswerecom-
putedover 68 people(note that eachimageis normalized
suchthatthetotal energy is 1). Theoriginal imagesizewas
100� 80 andwe comparedthe reconstructionerrorsfor 6
differentlevelsof subdivision. As canbeseenin theresults,
thesmallerthesubimagesbecomethebetterwe canrecon-
structtheimage.In theexampleshown in Figure5, thebest
resultwasachieved whenthe imagesweresubdivided into
2 � 2 subimages.Note that, for differentcombinationsof
lighting, the optimal sizeof subimagesmight slightly vary.
In ourexperiments,weusea �x edsize(2 � 2) for all tests.

4.2. Reconstructionfr om Neighbors
Recently, in the context of manifold embedding,Saul et
al. [19] showed that one can effectively computea low-
dimensionalembeddingof imagepointsin high-dimensional
spaceby assumingthatnearbypointsremainnearby. In our
case,we would expectthatfacesthatarecloseby in theim-
agespacewould have moresimilar shapeandphotometric
propertiesthanthosefacesthatarefar apart.As a result,we
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expectthatnearbyfacesto onefacein theimagespaceunder
onelighting would bebetterrepresentative for that faceun-
deranotherlighting. To thisend,wefollow [19] andonlyuse
neighboringimagepointsto representanimagepoint of in-
terestin Rn (or Rn̂ , wheren̂ = # of pixelsin eachsubimage).
Insteadof usingall bootstrapimagestaken underthe same
lighting to computethe identity coef�cients usingEq. (3),
we will �nd q nearestneighborsto the gallery imageand
useonly thosebootstrapimagesto computetheidentity co-
ef�cients4. Thenwe will usethe sameq people's faceim-
agestakenundertheprobelighting to reconstructthegallery
imageunderthe probelighting from the computedidentity
coef�cients usingEq.(4).

Figure6 shows exampleresultsof varyingthenumberof
nearestneighborsusedto reconstructprobeimages.In this
example,the gallery lighting wasf8 andthe probelighting
wasf15 (seeFigure2 for lighting directions). The images
weresubdivided into 2 � 2 subimages.TheRMS errorsof
graylevel valueswerecomputedover68probeimages(note
thateachimageis normalizedsuchthatthetotalenergy is 1).
Sincethebootstrapset(YaledatabaseB) has10 people,10
nearestneighborscorrespondsto usingall bootstrapimages
underthesamelighting. As canbeseen,usingonly 2 nearest
neighborsyieldsthebestreconstruction.

Theoptimalnumberof nearestneighborsdependsonhow
denselythe imagepointsaresampledaswell asthedimen-
sionalityof thesubspacethatall imagepointsform. As are-
sult, it is dif�cult to automaticallydeterminethenumberof
nearestneighborsto be used.This remainsasfuture work.
In our experiments,we useq = 3 which we found to yield
bestresults.

4.3. Locally Linear Montage
Let usnow summarizethefacerecognitionmethodwe pro-
pose. We will refer to the proposedalgorithm as the lo-
cally linear montage method,wherelocally linear refersto
bothspatiallywithin theimageandalsolocally in theimage
space.Also, rememberthat we needto �rst explicitly esti-
matethe lighting in orderto usethis method,which we do
from theeyesin theimages.

Given a set of gallery imagesx g and bootstrapimages
X b = f x i;j

b ji = 1; ::M ; j = 1; ::K g, we would like to iden-
tify thepersonin theprobeimagex p. Note that thegallery
imagesneednotbetakenunderthesamelighting.

1. For eachgallery imagex k
g

(a) Estimatethelighting sk
g from theeye.

(b) Compute the lighting coef�cients ĉk
g using

Eq.(1).

(c) Synthesizebootstrapimagestakenunderlighting

ŝk
g asX

ŝk
g

b usingEq.(2).
4We usethe Euclideandistancefor measuringdistancesbetweenthe

images.

(d) Subdivide both the gallery imageand the boot-
strap images into rectangularpatches: x k ;m

g ,

X
ŝk

g ;m
b wherem is thepatchnumber.

(e) Compute the identity coef�cients ŵ k ;m using
Eq. (3) for eachrectangularpatchm with q near-
estneighborbootstrapimages.

2. Giventheprobeimagex p

(a) Estimatethelighting sp from theeye.

(b) Computethelightingcoef�cients ĉp usingEq.(1).

(c) Synthesizebootstrapimagestakenunderlighting
ŝp asX ŝp

b .

(d) Subdivide the bootstrap images taken under
the probe lighting X ŝp

b into rectangularpatches
X ŝp ;m

b .

3. For eachpersonk in thegallery imageset,reconstruct
the imageunderthe probelighting x̂ k

p with ŵ k ;m and

X ŝp ;m
b usingEq.(4) for eachpatch.

4. Compareevery reconstructedimagex̂ k
p with theprobe

imagexp. Theidentityk thatgivesthesmallesterrorin
L 2 is theestimateof identity.

Note that step1 is an off-line procedureand the actual
recognitionprocess(step2 to 4) only involvessimplemul-
tiplications and additionswhich can potentially be imple-
mentedto run in realtime.

5. Experimental Results
In order to conducta comprehensive evaluationand a fair
comparisonwith the state-of-the-artmethod of Zhou et
al. [28], we evaluatedour algorithmon thesamesetupused
in [28]. WeusedYaleFacedatabaseB [6] whichhas10peo-
ple taken under64 different point sourcedirectionsas the
bootstrapimages.Following [28], we ran recognitiontests
on the 12 light sourcesubsetof CMU PIE databasewhich
has68 people[22]. As in [28], we testedour algorithmon
all possiblecombinationsof gallery lighting andprobelight-
ing.

We ranthreerecognitionmethodson thedataset: thebi-
linear estimationmethod[28], the global linear reconstruc-
tion methoddescribedin Section3, and the locally linear
montagemethodgiven in Section4. The table shown in
Figure7 shows therecognitionratesfor all combinationsof
galleryandprobelightings5.

5The imageswhich we could not estimatethe lighting from the eyes
(3.4%of the images)werenot usedin the experimentsshown in Figure7
for fair andclearcomparison.However, in practice,we canfall backto the
bilinearestimationin [28] to estimatethelighting for suchimagesanduse
it in our locally linearmontagemethod.Theresultsdid notchangewith this
hybrid method(92.8%)while thebilinearmethodranonall imagesalsodid
not change(67.4%).
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Figure7: Recognitionresultsof bilinear estimation[28] / global linear reconstruction(Section3) / locally linear montage.The locally
linearmontagemethodachievesover25%betterrecognitionratecomparedto thebilinearestimationmethod.

In thediagonalof theresults,onecanseethatthebilinear
estimationmethoddoesnot achieve 100%recognitionrates
while the othertwo methodsdo. Thesearethe caseswhen
exactly the sameimagesareusedfor both the gallery and
theprobe. We ran thebilinearalternatingminimizationde-
scribedin [28] with randominitial estimates,sincethereare
no legitimatereasonsto usea constantinitial value for ei-
ther the identity or lighting coef�cients. Theseresultsshow
thattheambiguitybetweenlighting andidentity in thebilin-
earestimationis dif�cult to resolve. Theothertwo methods
which explicitly estimatesthe lighting from theeyesdo not
suffer from suchambiguity.

As shown in Figure7, oncethe lighting estimatedfrom
the eyes is used (global linear reconstruction),the over-
all recognitionrate increases6% comparedto the bilinear
method. Furthermore,by exploiting the local linearity of
faceappearancetakenunderthesamelighting in thelocally
linearmontagemethod,weachieve94%recognitionrate.In
[28], theauthorsincreasethenumberof peoplein theboot-
strapimagesto 100by usingsyntheticfaceimagesrendered
from theBlanzandVetter3-D Facedatabase[4]. Thisyields
93%overall recognitionrate. This recognitionrateis about
the sameas what we can achieve with only 10 peoplein
thebootstrapset. We expectthat the locally linearmontage
methodcanscalebetter.

Figure8 shows several reconstructedgallery imagesun-
der a speci�c probelighting. By comparingthe third row
(globallinearreconstructions)with thesecondrow (bilinear
reconstructions),onecanseethattheoverall shadingon the
faceis moreaccurateoncethe lighting information recov-
eredfrom theeyesis used.This canbeobservedby looking
at thesharpnessof theshadow boundariescastby thenoses.
In thelocally linearmontages(thefourthrow), thefacialfea-
turesof eachindividual is recoveredin detail,aswell asthe
non-lineareffectof highlightsandcast-shadows.

The locally linear montagesareblocky sinceeachindi-
vidual subimageis currentlyhandledindependently. In or-
der to achieve even betterreconstructionwe would needto
exploit the spatialcorrelationof faceappearancevariation
amongdifferentpeople. For instance,insteadof subdivid-
ing theimageswith a regulargrid andhandlingeachsubim-
ageindependently, we would have to simultaneouslyesti-
mateboth theoptimalspatialpartitioning/segmentationand
the identity coef�cients suchthat the reconstructionerrors

areminimized.However, suchanoptimizationis extremely
dif�cult to solve. We arecurrentlyinvestigatingef�cient al-
gorithmswhichwill yield sub-optimalbut effectivesolutions
to circumventthisproblem.

6. Conclusion
In this paper, we �rst showed that the lighting information
recoveredfrom theeyesin faceimagescanbeof signi�cant
usefor facerecognitionundervarying illumination. Next,
we showed that the explicit informationof lighting allows
usto exploit thelocal linearityof faceappearancesof differ-
entpeopletakenunderthesamelighting. By reconstructing
the gallery imageas a locally linear montageof bootstrap
imagestaken underthe probelighting using the combina-
tionscomputedfor thesinglegallery image,we areableto
bettersynthesizeeachperson's facialdetailsandnon-linear
illuminationeffects.Weshowedthatthesetwo contributions
resultin signi�cantly betterrecognitionratesthroughacom-
prehensivetestonfacerecognitionwith varyingillumination
from singlegallery images.
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