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Abstract

Facerecanitionundervaryingillumination remainsa chal-
lenging problem. Much progresshas beenmadetoward a
solutionthrough methodsthat require multiple gallery im-
ages of ead subjectunder varying illumination. Yet for
many applications, this requirementis too severe. In this
paperweproposea novel methodhatrequiresonly a single
galleryimage persubjectakenunderunknownrlighting. The
methodbuilds upontwo contributions. We r st estimatethe
lighting fromits re ection in the eyes. Thisallows usto ex-
plicitly recover theillumination in the singlegallery images
aswell asthe probeimage. Next, weexploit thelocal linear-
ity of faceappearancevariation acrossdifferentpeople We
representthe gallery images as locally linear montages of
imagesof manydifferentfacestakenunderthe samdighting
(bootstap images). Then,we transferthe estimateccombi-
nation of bootstap imagesto synthesizead subjects face
underthe probelighting to accomplistrecaynition. Finally,
we showthroughtestson the CMU PIE databasethat we
canachievebetterrecaynitionresultsusingour lighting esti-
mationmethodandlocally linear montagesthanthecurrent
state-of-the-art.

1. Intr oduction

The effect of illumination variation on the appearancef
facesis known to be one of the major obstaclesfor face
recognition[17]. This is dueto the factthatlighting vari-
ation often resultsin larger intra-personaface appearance
variationthaninter-personalariation[12].

Many previous approachesave shavn thatgoodrecog-
nition rates can be achieved even under extreme light-
ing [20, 2, 6, 10, 16, 25, 24]. However, mostof thesemeth-
odsrequiremultiple gallery (or training)imagespersubject.
Eachfacehasto besampledindemary differentlight direc-
tions suchthatthe spaceof imagesunderall possiblelight-
ing canbe well reconstructed.For mary applicationsthis
requirements not practical. Rathey onewould desireto ac-
complishrecognitionusingonly a singleimageper subject.
This would not only allow recognitionon the existing single
imagedatabasebut alsosimplify enrollmentproceduregor
futuredatabases.

If the single gallery imagesare all the information we
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have, we would have to somehwa extractanilluminationin-

variantfeaturefrom eachgallery imageaswell asthe probe
(or test)imageto accomplishrecognition. However, it has
beenshowvn that suchdiscriminatie illumination invariant
featuresdo not exist [5]. Onecanalsotake anillumination

normalizationapproactby deriving intrinsicimagesof each
image[7, 26]. However, recoveringintrinsic imagesfrom a
singleimageis aninherentlyill-posedproblemandrequires
restrictve assumptions.

Alternatiely, in additionto thesinglegalleryimagespne
cancollect relevantinformation from otherpeoples'faces.
For instanceasetof 3-D laserscanf mary differentfaces
canbeusedto computea statisticalgeneratie modelof face
geometryand photometry[4, 27, 23]. Thenthe generatie
facemodel canbe t to the imagesto estimateidentity-
dependenparameteraluesfor recognition.However, such
an approachis computationallyexpensie and dif cult to
scalesinceit requires3-D informationof mary people.

Furthermorewhile [4] reportsexcellentresultson face
recognitionundervarying illumination using single gallery
imagesit is only testedon imagestakenwith ambientlight-
ing in additionto a single point sourcé. It hasbeenshavn
in [10] thatfacerecognitionundersingle point light source
is signi cantly moredif cult comparedo having multiple
light sourced. Yet face recognitionundera single point
sourceis alsoimportant,sincewe frequentlyencountesuch
casesfor instancejn imagesakenoutdoorson a sunry day
or in imagestakenindoorswith the subjectcloseto a domi-
nantcompactource.

Althoughit may be impracticalto capturemary images
of eachpersonwho we would like to recognizeijt is easyto
prepareanimagesetin which facesof mary differentpeo-
ple arecapturedundermary differentlighting conditions.In
fact, publicly available facedatabasesyhich we normally
useto testfacerecognitionalgorithms,canreadily be used
to provide generalinformationof faceappearancegariation

INotethattheCMU PIE databas§22] containgwo setsof imagesaken
undervaryingillumination (“illum” and“lights”). Onesetof images(“il-
lum”) aretakenwith single asheswhile theotherset(“lights”) alsohasthe
roomlight turnedon. We run our experimentson the“illum” set.

2In [11] it is shavn that for the samedataset we use, the error rate
almosthalveseverytime anothempointsources it in theimageandreaches
almostzerowith 11 point light sources Similar resultsarereportedon the
Yale Facedatabas® [6] in [10].



undervaryingillumination. Let usreferto theseimagesas
the bootstap images[21]. Notethatthe peoplein the boot-
strapsetarenotthe sameindividualsasthosein the gallery.
In fact,we useanentirelydifferentdatabaséor thebootstrap
set. Thus,we have to preparesucha datasetonly oncefor
ary setof galleryimages.

In this paperwe focuson facerecognitionundervarying
illumination usinga single gallery image per subjecttaken
underunknavn lighting and a bootstrapset. Using these
imagesets thetaskis to identify the personin the probeim-
age taken underunknawn illumination. Shashuat al. [21]
tacklethis problemby deriving anillumination invariantim-
agetermedthe quotientimage. However, their derivation
relieson restrictve assumptionsuchas facesexhibit pure
Lambertianre ection and differentfacesshareexactly the
samesurfacenormaldistribution. Zhouetal. [28] formulate
this problemasa bilinearestimationof lighting andidentity
in eachgalley and probeimage. However, bilinear estima-
tion is proneto an inherentambiguity andthus dif cult to
solve. To our knowledge,[28] reportsthe bestrecognition
resultsin this facerecognitionscenario. However, we will
shaw in this paperthat the recognitionratescanbe signi -
cantlyimproved.

We proposea novel methodthat builds upontwo contri-

butions to accomplishfacerecognitionin this setup. The
rst contrikbution is the useof lighting informationre ected
in the eyes for face recognition. Recently it was shovn
in [14] that lighting information of the scenein an image
can be estimatedfrom the eye capturedin the image. We
show that— for imagesin which the eyesareopen—we are
ableto reliably estimatethe lighting for eachof the given
single gallery imagesand the probeimage. The explicit
knowledgeof lighting allows us to develop the recognition
algorithmdescribedbelow. It canalsobene t mary other
facerecognitionmethodghatrequirethelighting to be esti-
mated[4, 27, 23).

Theseconccontritutionis asimpleyet effective recogni-
tion algorithmwhich exploits the local linearity of faceap-
pearance.lt hasbeenshavn in the pastthat one persons
facecanbewell representedsalinearcombinatiorof other
peoplesfaceq?25, 24]. Wetake thisideaonestepfurtherby
exploiting the spatiallylocalizedlinearity in the appearance
variation of different facestaken underthe samelighting.
We shaw thatby simply subdiiding theimageswith areg-
ular grid andby representingachindividual subimagewith
thebootstragmageswe areableto bettersynthesizeheap-
pearancef onepersons faceunderanovel (probe)lighting
from asingleexemplarimage.Thework of [16] exploitsthe
spatiallylocalizedlinearity of faceappearanceariationus-
ing modulareigenspace# orderto accomplishfacerecog-
nition basedon facepartssuchasthe mouthandthe nose.
We, on the otherhand,exploit the local linearity in orderto
synthesizehe appearancef the entirefacewith non-linear
photometriceffectssuchashighlightsandcast-shades.

In particular for eachsinglegallery image,we rst esti-

Figurel: Left: Oneof thefaceimageswe usedin our experiments.
Theimageis croppedtheoriginalsizeis 640 480). Theestimated
eyelimbusesareoverlaidin red. Right: Theenvironmentmapcom-
putedfrom theleft eye. Theintensityvaluesare color codedwith
redindicatinghigh andbluelow. Theestimatedgointsourcedirec-
tion is depictedby acyancross.

matethelighting from the eyes. Usingthe estimatedjallery
lighting, we synthesizémagesof eachpersonin the boot-
strapsettaken underthe samelighting by a simple linear
combination. Then, we representhe gallery image as a
locally linear montageof thesebootstrapimagestaken un-
der the samelighting. We do this by subdviding the im-
ageswith aregulargrid andcomputinginearcoefcients for
eachsubimagendividually. In the recognitionstage given
the probeimage,we estimatethe lighting from the eye and
also preparebootstrapimagestaken underthe probelight-
ing. Then, by reusingthe linear coefcients computedfor
eachsubimageof the gallery image,we synthesizean im-
ageof eachpotentialidentity takenunderthe probelighting.
Thesereconstructedmagesare comparedo the probeim-
agefor recognition. We refer to this methodasthe locally
linear montage method.

By exploiting thesetwo factors,namelythe lighting in-
formationrecoveredfrom the eyesandthelocal linearity of
faceappearanceye cansigni cantly increasethe accurag
of facerecognitionundervarying illumination usingsingle
gallery images. We reportrecognitionresultson the CMU
PIE databas¢22] usingthe Yale Facedatabas® [6] asthe
bootstrapset. Comparedo theresultof the state-of-the-art
algorithmreportedbnthesamedata[28], wereduceheerror
rateby morethan80%.

2. Estimating Lighting from the Eye

Recently it wasshawvn in [14] thatlighting information of
thescendn animagecanbeestimatedrom aneye captured
in the image. It was shavn that even from low resolution
images,suchasstandardVGA images,one canrecover an
ernvironmentmapof thescenavhich coversalmosttheentire
frontal hemisphereThe computedenvironmentmapcanbe
usedastheillumination distribution of the scene.

In general,facerecognitionrequiresdetectingthe eyes
andthemouthlocationsin theimageasapre-processingtep
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Figure2: Averageestimatesver 68 peopleof the12 differentpoint
sourcedirectionscomputedrom the eyes. The symbolf# denotes
thelight source( ash) number

to normalizethe sizesof the faces.In our experimentswe
assumehatthis pre-processings alreadydonewith a face
detectionalgorithmandwe are provided with the roughlo-
cationsof the eyes. Using the provided eye locationasthe
initial estimateof the centerof theeye, we usethealgorithm
describedn [15] to t anellipseto the limbus (the contour
of the cornea)in theimage. The initial estimateof the el-
lipseparameterss setto a circle of pre-determinedadius(8
pixels)for all images.

Figurel shavs oneof thefaceimagesusedin our exper
imentsandits estimatedervironmentmap. In the computed
ernvironmentmap, we thresholdedhe intensity valuesand
computedthe centroid of the remainingpixels which was
usedasthe point sourcedirection(seeFigurel). In theim-
agesof the CMU PIE databasesince asheswere usedas
the point sourcesthe re ection in the corneawas often a
shortline ratherthana point.

We evaluatedthe accurag of the point sourcedirection
estimate®nthe68 12= 816imageswe usedin theCMU
PIE databaseWe wereableto estimatethe light sourcedi-
rectionfrom at leastone of the eyesin 96:4% (786 of 816)
of theimages.In theremaining3:6% imagesthe eyeswere
closedor nearlyclosed.As wediscusdater, for suchimages,
we canfall backto other methodsto estimatethe lighting
anduseit in the algorithmwe describein Section4. Fig-
ure 2 shaws the averageestimatef the 12 differentpoint
sourcedirections.Figure 3 shawvs the histogramof errorsin
the estimatedpolar and azimuthanglesof the point source
directions.TheRMS errorin polarandazimuthangleswere
2.4 and3.5, respectiely. Theerrorsin polarangleswere
largerthanthosein the azimuthangles. This is mainly due
to thefactthatthe eyelids often partially occludethe limbus
and hencethe estimateof the cornealorientationbecomes
lessaccuratan the polardirection.

Theseresultsshov that, in imageswith openeyes, we
can estimatethe lighting with very good accurag. While
thelighting informationestimatedrom the eyesmay prove
usefulin mary differentfacerecognitionalgorithms[4, 27,
23], in this paperwe introducea new recognitionalgorithm
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Figure 3: Histogramsof polarandazimuthangleerrorsof the es-
timatedpoint sourcedirections. The RMS errorsin polarandaz-
imuthangleswere2.4 and3.5 , respectiely.

designedo explicitly exploit theknown lighting.

3. Linear Reconstruction

It hasbeenshawn in the pastthat one persons facecanbe
well-representeds a linear combinationof other peoples’
faceq25, 24]. Sincewe have alreadyestimateadhelighting
for eachgallery imageand probeimagefrom the eyes,we
canrepreseneachimageas 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 estimatedighting asa linear combinationof the light-
ing sampledin the bootstrapset. Let us denotethe esti-
matedpoint sourcedirectionin eitherthe gallery imageor
theprobeimagewith a3 1 vectors. Similarly, we will de-
notethe point sourcedirectionssampledn the bootstrapset
with s (j = 1;::;K). Thenwe cancomputethelighting co-
efcientsc = fct;::; X gwhicharethelinearcoefcients of
s for s. Sincelighting is generallyfrontal in faceimagesijt
is naturalto assumeg 0. Hencewe solve a non-ngative
minimizationproblemto estimatethe lighting coefcients:

ddij,;
j
subjectto ¢ 0. If we have a comple lighting, for in-
stanceconsistingof arealight sourceswe canestimateand
representt asa setof point sourceshy samplingthe ervi-
ronmentmapcomputedrom theeye. Thenwe cancompute
the correspondindighting coefcients for eachpoint source
usingEgq. (1).

Oncewe computethe lighting coefcients €, we canuse
themto synthesizefaceimagesof the peoplein the boot-
strapsetunderthe gallery/probelighting s. Let us denote
the bootstrapimagesby x| wherej (j = 1;:;K) repre-
sentsonepoint sourcedirectionsampledn the bootstrapset
andi (i = 1;::M) is theidentity of the personin the boot-
strapset. In our experimentswe usethe Yale Facedatabase
B [6] asthe bootstrapsetin which we havre M = 10 and
K = 64. Then,we cansynthesizebootstrapimagesunder
thegivenlighting s as

€ = argmin.js

1)
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wheres is the estimateof s usingt in Eq. (1). Notethatwe
have thelight direction® in thesuperscripsothatit is easier
to seethattheleft handsideis a bootstrapmageof person
takenunderthelighting 4.

Then,we canestimatethe linear coefcients W to repre-
sentthe gallery/probeimagex with thesebootstrapimages

by solvinga simplelinearestimationproblem:

s _
Xy =

W = argmin,, jx WX, (3)
I

Here agnin, we assumethatthe linear coefcients arennon-

negative andsolve Eq. (3) subjecttow; O = 1;:;;M).

Also, we normalizeeachimagesuchthatjxj = 1 to factor

out the brightnessvariationin lighting amongimagesand

differencesn the overallre ectivities of thedifferentfaces.

Let usreferto thelinearcoefcient set# astheidentity
coefcients sinceit is uniquefor eachindividual. Zhou et
al. [28] also estimatethe lighting coefcients and identity
coefcients to representhe galleryimageandthe probeim-
ageasa linear combinationof bootstrapimages. However,
they simultaneouslyestimateboth coefcients in a bilinear
formulationassumingpureLambertiarre ection. It is, how-
ever, well-known thatbilinearestimationsuffersfrom ambi-
guities[9]. It hasbeenshawvn thatlighting estimationfrom
shadingin imagessufer from bas-reliefambiguity[3]. Es-
peciallyfor faceimages sinceLambertiarnre ection actsas
a low-pass lter in the frequeng 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-
ageareexactlythesamejt is notguaranteethatthebilinear
approachwill estimatethe sameidentity andlighting coef-
cients. Notethatwe do not suffer from suchambiguities,
sincethe lighting is explicitly recoreredfrom the eyesand
usedto estimatethelighting coefcients separatelyjrom the
identity coefcients.

Sincethe identity coefcients areindependentf the il-
lumination, we canreusethe identity coefcients WX com-
puted from the gallery image of personk, to synthesize
his/herfaceimageunderthe probelighting sp:

k X ik 0:%p

Xp = Wy Xp " (4)
I
Herethe probelighting s, is computedrom the eye andits
estimates;, is computedusingEqg. (1). Oncewe reconstruct
eachpersons faceimage underthe probelighting (recon-
structedgallery image), we cancomparethemto the actual
probeimageto identify the person. We will describethis
methodandits relatedassumptiong detailin thefollowing
section.

This reconstructiorapproachusing Eq. (4) allows usto
assesghe quality of subsequentecognitionby looking at

Figure4: Two exampleresultsof the linearreconstructiomethod
describedn Section3. In eachexample theleft imageis theprobe
imageandthe right imageis the reconstructedjallery image(re-
constructedmage of the personin the gallery image underthe
lighting in the probeimage). Although the overall appearancés
similar to the probeimage, the reconstructedjallery imagedoes
notincludethe detailsof theface.

how well eachindividual's faceappearancés synthesized
underthe probelighting. Figure4 shavs two probeimages
and the samepersons'reconstructedyallery images. Al-
thoughthereconstructedalleryimagesdo captureheover
all appearancef eachpersons face,they arevery smooth
andthedetailsof eachindividual'sfacearelacking.In order
to accomplishrecognitiorwith highaccurag, we needto re-
constructheimageswith ner details— detailsthatcaptures
eachindividual's facial characteristicas well ascorrectil-
luminationeffectsincluding cast-shadws andhighlights.

4. Locally Linear Reconstruction

In orderto seewhy the linear reconstructiormethodfails
to reconstructhe appearancef eachindividual underthe
probelighting well, letus rst take ageometricaliiew of the
method.

Eachimagein thegallery, probe,andbootstrapsetcanbe
consideredasa uniquepointin R". Then,computingiden-
tity coefcients W using Eq. (3) corresponddo projecting
the gallery imageonto the hyperplaneformed by the boot-
strapimagestaken underthe samelighting (gallery light-
ing) and computingits relative coordinateswith respectto
the bootstrapimagepointson this hyperplane.Therelative
coordinate®f this gallery imageprojectionarethenusedto
reconstructa point on the hyperplaneformed by the boot-
strapimagegakenundertheprobelighting, seeEq. (4). The
underlyingclaim madehereis thattheimagepointsof faces
takenunderthesamdighting canbewell-approximatedvith
a linear hyperplaneandthe relative position of oneimage
point with respecto otherimagepointson this hyperplane
is invariantto thelighting change.

Clearly, this assumptiondoes not hold for images of
faces. Becauseof non-linearappearanceariationsdueto
speculare ectionsandcast-shades, we cannotexpectthat
lighting variationswill presere therelative coordinatesys-
tem of image points of differentfaces. However, we can
malke simplemodi cations to the way we computetherela-
tive coordinatesuchthatthey arewell preseredunderillu-
minationvariations.
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4.1. Spatially Local Linearity

While imagesof one persons facetaken undervarying il-

lumination have beenshawvn to lie closeto an extremely
low-dimensionakubspacé6, 8, 1, 18], faceimagesof dif-

ferent peopletaken underthe samelighting do not exhibit
the samebehaior [24, 25. Therefore approximatingthe
gallery/probeimageusingthe hyperplangformedby the set
of bootstrapimageswould simply not yield a goodrecon-
struction. Onceagain, considerFigure4. With only amod-
estnumberof bootstragmagesit is dif cult to representhe
ne detailsin faceimages- detailsthatarecrucialfor recog-
nition.

However, if we obsere locally in the spatialdomainof
faceimages,we can expectthe intensity variationto be of
muchlower-dimensionatomparedo thevariationof theen-
tire image.In otherwords,while theappearanceariationof
the entire faceacrossdifferent peopleis highly non-linear
local imageregions exhibit spatially localizedlinearity be-
causeof similar geometricandphotometrigproperties [13].
In [16], this spatiallylocal linearity of faceappearancearia-
tion acrosdifferentpeoplehasbeenexploitedfor construct-
ing low-dimensionalsubspacesf facial partssuchasthe
noseandmouth. Here,we canexploit this local linearity to
reducethe dimensionalityof the subspacéormedby all im-
agepointsin whichwe computetherelative coordinatesin
otherwords,we canmale the linearhyperplaneapproxima-
tion of theimagepoint of facedakenunderthesamdighting
work betterby reducingthe dimensionalityof the subspace
in whichthoseimagepointslie.

3In [21], the authorsassumepure Lambertianre ection and that the
surfacenormalsare exactly the sameamongdifferentpeopleandonly the
albedovaries.Notethatwe arenot makingsuchrestrictve assumptions.
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Figure6: Exampleresultsof varyingthe numberof nearesteigh-
borsusedo reconstructhegalleryimagesundertheprobelighting.
TheRMS errorof graylevel valuesof thereconstructeémagesde-
creasesvhenonly neighboringbootstrapimagesareused(10 cor
respondgo usingall images). The optimal numberof nearest
neighborswvas? for this speci ¢ example.

Sincethefacesarepre-alignedwe cansimply subdvide
the imagesinto rectangularsubimageswith a regular grid
andcomputeidentity coefcients for eachindividual subim-
age.In otherwords,wewill rst representhegalleryimage
asamontageof bootstrapimagegakenunderthesamdight-
ing. Then,we usethe samecombinationwith the bootstrap
imagestakenunderthe probelighting to reconstruct mon-
tageof the samepersonunderthe probelighting. Figure5
shavs exampleresultsof varyingthedegreeto whichtheim-
agesaresubdvidedto reconstructhe gallery imagesunder
the probelighting. In this example,the gallery lighting was
f8 andthe probelighting wasfl15 (seeFigure2 for lighting
directions).The RMS errorsof graylevel valueswerecom-
putedover 68 people(note that eachimageis normalized
suchthatthetotal enegy is 1). The originalimagesizewas
100 80 andwe comparedhe reconstructiorerrorsfor 6
differentlevelsof subdvision. As canbe seenin theresults,
the smallerthe subimagedecomethe betterwe canrecon-
structtheimage.In the exampleshavn in Figure5, the best
resultwas achiezed whenthe imageswere subdvided into
2 2 subimages.Note that, for differentcombinationsof
lighting, the optimal size of subimagesnight slightly vary.
In our experimentsye usea x edsize(2 2) for all tests.

4.2. Reconstructionfrom Neighbors

Recently in the context of manifold embedding,Saul et
al. [19] shawved that one can effectively computea low-
dimensionakmbeddingf imagepointsin high-dimensional
spaceby assuminghat nearbypointsremainnearby In our
casewe would expectthatfacesthatarecloseby in theim-
agespacewould have more similar shapeand photometric
propertiegshanthosefacesthatarefar apart.As aresult,we



expectthatnearbyfaceso onefacein theimagespaceaunder
onelighting would be betterrepresentatie for thatfaceun-
deranothelighting. To thisend,wefollow [19] andonly use
neighboringmagepointsto represenanimagepoint of in-
teresin R" (or R", wheren =# of pixelsin eachsubimage).
Insteadof usingall bootstrapimagestaken underthe same
lighting to computethe identity coefcients using Eq. (3),
we will nd q nearestneighborsto the gallery imageand
useonly thosebootstragmagesto computethe identity co-
efcients®. Thenwe will usethe sameq peoples faceim-
agedakenunderthe probelighting to reconstructhegallery
imageunderthe probelighting from the computeddentity
coefcients usingEg. (4).

Figure6 shavs exampleresultsof varyingthe numberof
nearesheighborsusedto reconstrucprobeimages.in this
example,the gallery lighting wasf8 andthe probelighting
wasf15 (seeFigure 2 for lighting directions). The images
weresubdvidedinto 2 2 subimagesThe RMS errorsof
graylevel valueswerecomputedover 68 probeimageqnote
thateachimageis normalizedsuchthatthetotalenegy s 1).
Sincethe bootstrapset(Yale databas@®) has10 people, 10
nearesheighborscorrespondso usingall bootstragmages
underthesamdighting. As canbeseenpsingonly 2 nearest
neighborgyieldsthe bestreconstruction.

Theoptimalnumberof nearesheighborglependenhow
denselytheimagepointsaresampledaswell asthe dimen-
sionality of thesubspac¢hatall imagepointsform. As are-
sult, it is dif cult to automaticallydeterminethe numberof
nearesheighborsto be used. This remainsasfuture work.
In our experimentswe useq = 3 which we foundto yield
bestresults.

4.3. Locally Linear Montage

Let usnow summarizehefacerecognitionmethodwe pro-
pose. We will refer to the proposedalgorithm as the lo-
cally linear montage method,wherelocally linear refersto
bothspatiallywithin theimageandalsolocally in theimage
space.Also, remembethatwe needto rst explicitly esti-
matethe lighting in orderto usethis method,which we do
from the eyesin theimages.

Given a setof gallery imagesxy and bootstrapimages
Xp = fxy ji = 1;:M;j = 1;:K g, wewould like to iden-
tify the personin the probeimagex,. Notethatthe gallery
imagesneednot betakenunderthe samelighting.

1. For eachgalleryimagex'é
(a) Estimatethelighting sg from theeye.

(b) Compute the lighting coefcients Cg using
Eq.(2).
(c) Synthesizéhootstrapmagestaken underlighting
k
8 asxff’ usingEq. (2).

4We usethe Euclideandistancefor measuringdistancesbetweenthe
images.

(d) Subdvide both the gallery image and the boot-
strap images into rectangularpatches: xg?m,

k.
Xig "™ wherem is the patchnumber

(e) Compute the identity coefcients W™ using
Eq. (3) for eachrectangulapatchm with q near
estneighborbootstragmages.

2. Giventheprobeimagex

(a) Estimatethelighting s, from theeye.

(b) Computehelighting coefcients €, usingEq.(1).

(c) Synthesizébootstrapmagestakenunderlighting
8, asX f,".

(d) Subdvide the bootstrap images taken under
the probe lighting Xf,” into rectangularpatches
xé.,{,;m

P

3. For eachpersork in the gallery imageset,reconstruct
theimageunderthe probelighting & with w*™ and

X "™ usingEg. (4) for eachpatch.

4. Compareavery reconstructedfnagek'g with the probe
imagex . Theidentityk thatgivesthesmallesterrorin

L, is theestimateof identity.

Note that step 1 is an off-line procedureandthe actual
recognitionprocesgstep2 to 4) only involvessimple mul-
tiplications and additionswhich can potentially be imple-
mentedo runin realtime.

5. Experimental Results

In orderto conducta comprehense evaluationand a fair
comparisonwith the state-of-the-artmethod of Zhou et
al. [28], we evaluatedour algorithmon the samesetupused
in [28]. We usedYale Facedatabas® [6] whichhas10peo-
ple taken under64 different point sourcedirectionsasthe
bootstrapimages. Following [28], we ran recognitiontests
on the 12 light sourcesubsetof CMU PIE databasevhich
has68 people[22]. As in [28], we testedour algorithmon
all possiblecombinationf gallery lighting andprobelight-
ing.

We ranthreerecognitionmethodson the dataset: the bi-
linear estimationmethod[28], the global linear reconstruc-
tion methoddescribedin Section3, andthe locally linear
montagemethodgiven in Section4. The table shovn in
Figure7 shavs therecognitionratesfor all combinationof
gallery andprobelightings’.

5The imageswhich we could not estimatethe lighting from the eyes
(3.4% of theimages)werenot usedin the experimentsshovn in Figure 7
for fair andclearcomparisonHowever, in practice we canfall backto the
bilinearestimationin [28] to estimatethelighting for suchimagesanduse
it in ourlocally linearmontagenethod.Theresultsdid notchangewith this
hybrid method(92.8%)while thebilinearmethodranonall imagesalsodid
notchangg67.4%).
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Figure 7: Recognitionresultsof bilinear estimation[28] / global linear reconstruction(Section3) / locally linear montage.The locally
linearmontagemethodachiezesover 25% betterrecognitionratecomparedo the bilinearestimationrmethod.

In the diagonalof theresultsonecanseethatthebilinear
estimationmethoddoesnot achieve 100%recognitionrates
while the othertwo methodsdo. Thesearethe casesvhen
exactly the sameimagesare usedfor both the gallery and
the probe. We ranthe bilinear alternatingminimizationde-
scribedin [28] with randominitial estimatessincethereare
no legitimate reasongo usea constantinitial valuefor ei-
therthe identity or lighting coefcients. Theseresultsshav
thattheambiguitybetweerighting andidentity in thebilin-
earestimationis dif cult to resole. Theothertwo methods
which explicitly estimateghe lighting from the eyesdo not
suffer from suchambiguity

As shawvn in Figure 7, oncethe lighting estimatedrom
the eyes is used (global linear reconstruction),the over
all recognitionrate increase$% comparecto the bilinear
method. Furthermore by exploiting the local linearity of
faceappearanctakenunderthe samelighting in thelocally
linearmontagemethod we achievze 94%recognitionrate. In
[28], the authorsincreasehe numberof peoplein the boot-
strapimagesto 100by usingsyntheticfaceimagesrendered
fromtheBlanzandVetter3-D Facedatabas@]. Thisyields
93% overall recognitionrate. This recognitionrateis about
the sameas what we can achieze with only 10 peoplein
the bootstrapset. We expectthatthe locally linear montage
methodcanscalebetter

Figure 8 shaws several reconstructedjallery imagesun-
der a speci ¢ probelighting. By comparingthe third row
(globallinearreconstructionsyvith the secondow (bilinear
reconstructionspnecanseethatthe overall shadingon the
faceis more accurateoncethe lighting information recov-
eredfrom theeyesis used.This canbe obseredby looking
atthesharpnessf theshadav boundariesastby the noses.
In thelocally linearmontagegthefourthrow), thefacialfea-
turesof eachindividual is recoveredin detail,aswell asthe
non-lineareffect of highlightsandcast-shadaes.

The locally linear montagesare blocky since eachindi-
vidual subimages currentlyhandledindependently In or-
derto achieve even betterreconstructiorwe would needto
exploit the spatial correlationof face appearanceariation
amongdifferentpeople. For instance nsteadof subdvid-
ing theimageswith aregulargrid andhandlingeachsubim-
ageindependentlywe would have to simultaneouslyesti-
mateboth the optimal spatialpartitioning/sgmentationand
the identity coefcients suchthat the reconstructiorerrors

areminimized. However, suchan optimizationis extremely
dif cult to solve. We arecurrentlyinvestigating ef cient al-
gorithmswhichwill yield sub-optimabut effective solutions
to circumventthis problem.

6. Conclusion

In this paper we rst shaved thatthe lighting information
recoveredfrom the eyesin faceimagescanbe of signi cant
usefor facerecognitionundervarying illumination. Next,
we shoved that the explicit information of lighting allows
usto exploit thelocal linearity of faceappearancesf differ-
entpeopletakenunderthe samelighting. By reconstructing
the gallery imageas a locally linear montageof bootstrap
imagestaken underthe probelighting using the combina-
tions computedfor the single gallery image,we areableto
bettersynthesizeeachpersons facial detailsandnon-linear
illumination effects. We shavedthatthesetwo contributions
resultin signi cantly betterrecognitionratesthroughacom-
prehensietestonfacerecognitionwith varyingillumination
from singlegalleryimages.

Acknowledgments

Thiswork wasconductedtthe ColumbiaVisionandGraph-
ics Centerof ColumbiaUniversitywhile the rst authorwas
afliated with Columbia University as a postdoctoralre-
searchscientist. This work was supportedby NSF1IS 00-
85864andNSFIIS 03-08185n part.

References

[1] R.BasriandD.W. JacobsLambertiarRe ectanceandLinear
SubspacedEEE TPAMI, 25(2):218-2332003.

[2] PN. Belhumeuy J.P HespanhaandD.J. Kriegman. Eigen-
facesvs. Fisherices:RecognitionUsing ClassSpeci ¢ Lin-
earProjection.|EEE TPAMI, 19(7):711-7201997.

[3] PN. BelhumeuyD.J. Kriegman,andA.L. Yuille. The Bas—
Relief Ambiguity. 1JCV, 35(1):33-441999.

[4] V. BlanzandT. Vetter FaceRecognitionBasedon Fitting a
3D MorphableModel. IEEE TPAMI, 25:1063-10742003.

[5] H.F Chen,PN. BelhumeuyandD.W. Jacobs.In Searchof
llluminationinvariants.In IEEECVPR volume2, page254—
261,2000.

[6] A.S.GeoghiadesPN. BelhumeurandD.J.Kriegman.From
Few to Many: lllumination Cone Models for FaceRecog-
nition under Variable Lighting and Pose. IEEE TPAMI,
23(6):643-6602001.

I



probe image

bilinear reconstruction

global linear reconstruction

locally linear montage

Figure8: Reconstructiomesultsof the threedifferentmethods.Firstrow: probeimagessecondow: bilinearreconstructiorj28], third
row: globallinearreconstructior{Section3), andfourth row: locally linearmontage Thelocally linear montageaptureboththe details
of eachindividual faceandtheillumination effectsincludingshading castshadevs andhighlights.

[7] R. GrossandV. Brajovic. An ImageProcessingilgorithm
for lllumination Invariant FaceRecognition. In Int'l Conf
on Audio- andVideo-BasediometricPersonAuthentication
pagesl0-18,2003.

[8] P. Hallinan. A Low-DimensionalRepresentationf Human
Facesfor Arbitrary Lighting Conditions. In IEEE CVPR
page$H59-999,1994.

[9] J.J.Koenderinkand A.J. van Doorn. The GenericBilinear
Calibration-EstimatiofProblem.lJCV, 23(3):217-2341997.

[10] K-C. Lee,J.Ho,andD. Kriegman.Nine Pointsof Light: Ac-
quiring Subspacefor FaceRecognitiorunderVariableLight-
ing. In IEEE CVPR pages$519-5262001.

[11] K-C. Lee, J. Ho, andD. Kriegman. Acquiring Linear Sub-
spacedor FaceRecognitionunderVariableLighting. IEEE
TPAMI, 27(5):684—698May 2005.

[12] Y. Moses,Y. Adini, andS. Ullman. FaceRecognition:The
Problemof Compensatindor Changesn lllumination Direc-
tion. In ECCV, page286—296,1994.

[13] S.K.Nayar PN. BelhumeurandT.E. Boult. Lighting Sensi-
tive Display. ACM TOG, 23(4):963-9792004.

[14] K. NishinoandS.K. Nayar Eyesfor Relighting. ACM TOG,
23(3):704-7112004.

[15] K. NishinoandS.K. Nayar The World in Eyes. In IEEE
CVPR volumel, pages444-4512004.

[16] A. PentlandB. MoghaddamandT. Starner View-Basedand
Modular Eigenspacefor FaceRecognition.In IEEE CVPR
pages84-91,1994.

[17] PJ.Phillips. Humanldenti cation TechnicalChallenges.n
ICIP, volumel, pages49-52,2002.

[18] R.RamamoorthiA Signal-Processingramevork for Re ec-

tion. ACM TOG, 23(4):1004-10422004.

[19] L.K. SaulandS.T. Roweis. Think Globally, Fit Locally: Un-
supervised.earningof Low DimensionaManifolds. JMLR,
4:119-155Dec.2003.

[20] G. Shakhnareich and B. Moghaddam. Handbook of
Face Recgnition, chapterFace Recognitionin Subspaces.
SpringefVerlag,2004.

[21] A. ShashuandT. Riklin-Raviv. The Quotientimage: Class
BasedRe-renderingagndRecognitionwith Varying lllumina-
tion. IEEE TPAMI, 23(2):129-1392001.

[22] T. Sim, S.Baker, andM. Bsat. The CMU Poselllumination
andExpressiorDatabase |EEE TPAMI, 25(12):1615-1618,
2003.

[23] T. Sim and T. Kanade. CombiningModels and Exemplars
for FaceRecognition: An Illumination Example. In CVPR
Workshopon ModelsversusExemplas in ComputerVision,
2001.

[24] L. Sirovitch andM. Kirby. Low-DimensionalProcedureor
the Characterizatiomf HumanFaces.JOSA A, 2:519-524,
1987.

[25] M. Turk andA. Pentland.Eigenfacesfor Recognition.Jour-
nal of Cog. Neuoscience3(1):71-96,1991.

[26] H.Wang,S.Z.Li, andY. Wang.GeneralizedQuotientimage.
In IEEE CVPR volume2, pagesA98-5052004.

[27] L. ZzhangandD. SamarasFaceRecognitionUnderVariable
Lighting usingHarmoniclmageExemplars.In IEEE CVPR
volumel, pagesl9-25,2003.

[28] S. Zhou andR. Chellappa. Rank Constrainedrecognition
from Unknown llluminations. In IEEE AMFG, 2003.



