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Abstract

We proposea model-andexemplarbasedappoach for face
recaynition. Thisproblemhasbeenpreviouslytackledusing
eithermodelsor exemplas, with limited successOur idea
usesmodelsto synthesizenanymore exemplas, which are
thenusedin thelearningstage of a facerecaynition system.
To demonstate this, we develop a statistical shape-fom-
shadingmodelto recover face shapefrom a singleimage,
andto synthesiz¢he samefaceundernew illumination. We
thenusethis to build a simpleand fast classi er that was
not possiblebefore becausef a lack of training data.

Keywords: model-based,exemplarbased, shape-from-
shadingfacerecognition eigenspace

1. Intr oduction

Thetaskof automatidacerecognitionhasbeenactively re-
searchedn recentyears,with researcheremploying both
model-basedand exemplarbasedtechniques. Although
greatstrideshave beenmadeafteralmostthreedecadesthe
task remainsunsohed in general. Currentsystemswork
verywell wheneverthetaskimageto berecognizeds cap-
turedunderconditionssimilar to thoseof the training im-
ages.However, they arenotrobustenoughif thereis varia-
tion betweentaskandtrainingimageg14]. Changesn in-
cidentillumination, headpose,facial expressionhairstyle
(including facial hair), cosmetics(including eyewear) and
age,all confoundthe bestsystemgoday

As a generalrule, we may cateyorize approachesised
to copewith variationin appearancinto threekinds: in-
variantfeaturescanonicalforms, andvariation-modelling.
The rst approachseeksto utilize featuresthat are invari-
ant to the changedeing studied. For instance,the Quo-
tient Image[15] is (by construction)nvariantto illumina-
tion and may be usedto recognizefaces(assumedo be
Lambertian)whenlighting conditionschange.The second
approaclhattemptgo “normalize” away thevariation,either

by clever imagetransformation®or by synthesizinga new
image(from the giventaskimage)in some“canonical” or
“prototypical” form. Recognitionis thenperformedusing
this canonicalform. Examplesof this approachinclude
[23, 24]. In [23], for instancethe taskimageunderarbi-
trary illuminationis re-renderedinderfrontal illumination,
andthencomparedagainstotherfrontally-illuminatedpro-
totypes. The third approachof variation-modellings self-
explanatory:theideais to learn,in somesuitablesubspace,
the extent of the variationin thatspace.This usuallyleads
to someparameterizationf the subspace(s)Recognition
is then performedby choosingthe subspacelosestto the
taskimage,afterthe latter hasbeenappropriatelynapped.
In effect, the recognitionsteprecoversthe variation (e.g.
poseestimation)aswell astheidentity of the person.For
examplesof thistechniquepleasesee]6, 8, 9, 21].

Despitethe plethoraof techniquesandthe valianteffort
of mary researchersfacerecognitionremainsa dif cult,
unsohed problemin general.While eachof the above ap-
proacheswvorks well for the speci ¢ variation being stud-
ied, performancedegradesrapidly when other variations
are present. For instance,a featureinvariantto illumina-
tion workswell aslongasposeor facialexpressiorremains
constantput fails to be invariantwhen poseor expression
is changed. This is not a problemfor someapplications,
suchascontrollingacces$o a securedoom,sinceboththe
trainingandtaskimageamaybecapturedindersimilarcon-
ditions. However, for general,unconstraineaecognition,
noneof thesetechniquesarerobustenough.Moreover, it is
notclearthatdifferenttechniquesanbecombinedo over
comeeachother's limitations. Sometechniquesby their
very nature,exclude others. For example,the Symmetric
Shape-from-Shadinmethodof [23] relieson the approxi-
matesymmetryof a frontal face.lt is unclearhow this may
becombinedwith atechniquehatdepend®nsidepro les,
wherethe symmetryis absent.

We canmalke two importantobsenationsaftersureying
theresearcHiterature: (1) Theredoesnot appeaito be ary



feature,setof featurespr subspacethatis simultaneously
invariantto all thevariationsthata faceimagemay exhibit.
(2) Givenmoretrainingimages,almostary techniquewill
performbetter Thesewo factorsarethemajorreasonsvhy
facerecognitionis not widely usedin real-world applica-
tions. Thefactis thatfor mary applicationsijt is usualto
requirethe ability to recognizefacesunderdifferentvaria-
tions,evenwhentrainingimagesareseverelylimited.

Anotherwayto catgyorizefacerecognitiontechniquess
to considemwhetherthey arebasedn modelsor exemplars.
Models are usedin [15] to computethe Quotientimage,
andin [6] to derive their Active Appearancéodel. These
modelscaptureprior classinformation (the classof faces),
and provide strongconstraintswhen dealingwith appear
ancevariation. At the otherextreme,exemplarsmay also
be usedfor recognition. The ARENA methodin [18] sim-
ply storesall trainingimagesandmatchesachoneagainst
thetaskimage.Obviously, scalabilityis anissue.However,
the visitor identi cation systemreportedin [19] that uses
ARENA appeargo naturally handleillumination changes,
asexemplarsundernew lighting conditionsareaddedo the
system. Somesubspace-methodse alsobasedon exem-
plars. For example,the eigenficeapproactin [20] andthe
Fisherbicemethodin [3] embedexemplarsin their respec-
tive subspacesand recognitionis performedvia nearest-
neighborclassi cationin thesesubspaces.

As faraswe cantell, currentmethodshatemploy mod-
elsdonotuseexemplarsandvice versa.Thisis surprising,
sincethesetwo approachesre by no meansmutually ex-
clusive, andwe canleveragethe strengthof eachto better
solve the problem.In this paperwe proposeaway of com-
bining modelsandexemplarsfor facerecognition.We will
usemodelsto synthesizeadditionaltrainingimageswhich
canthenbeusedasexemplarsn thelearningstageof aface
recognitionsystem. To illustratethis, we develop a model
thatrecoversthe shapeof afacefrom a singleimageunder
an arbitrarybut unknown illumination, andthat re-renders
thesamefaceundemew illumination[17]. Wethensynthe-
sizemary moreimagesto be usedfor learningin a simple
eigenfceclassi er.

2. Shape-from-ShadingModel

We beagin by developinga modelthat allows usto recover
the faceshape,n termsof surfacenormals,from a single
image. We assumethat the imageis taken undera sin-
gle point light sourceatin nity . Thedirectionof the light
sourceis unknown. This shape-from-shadingroblemhas
hadalong history[10], andis in generalunderconstrained:
mary 3D shapegive rise to the same2D image. To over
comethis, we build a statisticalmodelto guidethe shape-
recovery processSimilarwork is reportedn [23, 7, 8], but
we differ in a few key areas. Unlike [23], we do not ex-

plicitly dependonfacesymmetry soour methodwill work

for othernon-frontalposestoo. And unlike [8], we do not
requiremultiple imagesto be available. We work with as
few asoneimage,which meansve cannotusephotometric
stereo. In [7], a methodis also presentedo recover sur

facenormalsfrom a singleimage,usingsymmetryandin-

tegrability constraints. By contrast,both thesecontraints
areimplicit in our statisticaimodel,ratherthanexplicit. We
arguethatthis affordsus greatedatitudeto useour method
for other non-symmetricobjects,or even to exploit other
symmetriesn our statisticalmodelwhich maynotberead-
ily apparent.Anotherdifferenceis that we do not require
facesto be strictly Lambertian;instead we modelthe non-
Lambertiancomponenstatistically In termsof rendering
therecoveredfaceundernew illumination, our techniquds

similarto the Quotientimageof [15] in thatwe alsorely on

class-basedhformation. In their case,it takesthe form of

faceimagegakenunder3linearlyindependentlumination

directions.In ours,the class-basedhformationis a statisti-
calmodelof thevariationof surfacenormalsfrom persorto

personandof thenon-Lambertiaromponenof surfacere-
ection. Our statisticalmodelis explainedin detailin [17],

but for completenesw/e will describet here.

2.1 AugmentedLambertian equation

At the heartof our methodis the following equationwhich
is thestandard_ambertiarequatiorf11] augmentedvith an
additive term. This is donebecausehe standard_amber
tian equationdoesnot handleshadevs nor speculare ec-
tions,which occurnaturallyin faceimages.Theaugmented
modelis then:

(1)

which saysthat at pixel position , the pixel intensity
, is relatedto dot productof the surfacenormal(in-
cluding albedo)at that pixel, , andthessinglelight
source, , plusanerrorterm . The purposeof
thiserrortermis to modelshadavs andspeculare ections,
without explicitly recoveringthe full 3D shape(depth)of
theface.lt is clearthat , sinceit is justthediffer-
encebetween and . We assumehat surfacenormals
at differentpixels areindependenof one another For the
errorterm however, we assumehat is independent
of for otherpixels , but correlatedwith un-
dersomeotherillumination . Thisassumptiorallows usto
synthesizenorerealisticimageswhile remainingcomputa-
tionally tractable More detailswill begivenin Section2.2.
Note that Equation(1) is really a systemof equationspne
equatiorfor every pixel position in theimage.
Note alsothatunlike [15], our modeldoesnot assumehat
every personhasthe samefaceshapenor constantalbedo,



Figurel: Two Yalefacesunderthe samesetof four illumination
directions.

but allows bothto vary from pixel to pixel andfrom person
to person.

Givenonly asingle -pixel inputimage,Equation(1) is
underconstrainedhereare unknowns (the compo-
nentsof the vectors and , andthe scalars ) but only
equations.Moreover, thereis aninherentambiguity since
we mayinsertary invertiblematrix andits inverse
to get . We
will useknowledgeaboutthe classof facesin generalto
solve for the unknonvns. More speci cally, we will learn
a statisticalmodelfor and from a setof boot-
strapimages. This is the Yale datase{8], comprising15
peopleeachtakenunderroughly 60 known illumination di-
rectiong(Figurel). Somebasicpreprocessingrasdone:all
faceswerealignedto anarbitrarily choserreferencdaceby
manuallymarking3 points(the centersof the eyes,andthe
baseof the nose)andperforminganaf ne warp;the gray-
scaleimageswerethencroppedto remove the background
andscaledo 120 100pixels.

2.2 Learning the statistical model

Ourstatisticaimodelis to learntheprobabilitydensityfunc-
tion (pdf) for and . Weassumehatthepdf'sare
Gaussiardistributionsof unknovn meansandcovariances,
which we will estimateusing maximumlikelihood. This
turns out to be the samplemeanand samplecovariance,
computabldrom the bootstrapimages.More precisely let
bea matrixwhosecolumnsarethe -dimensional
imagegakenunderillumination directions . Let

bea matrixwhosecolumnsarethevectors .
Also,let bea matrix of theilluminationdirections,
andlet bea matrixof theerrorterms.Thenfor each

personin the bootstrapset, we computethe least-squares
solutionfor and asfollows:

(2)

and

From this we computethe samplemeanvector
and sample covariance matrix for
is a scalar we computethe samplemean
andsamplevariance . To producebettersynthetic
imageswe alsocomputethe correlationcoefcient be-

Since

tween and . Statistically we aremodelling

and asajointly Gaussiamlistribution, with
correlationcoefcient . We will make useof thisin Sec-
tion 3.4.

3. Usingthe Model

Having learnedthe statisticalmodel,we make useof it in
thefollowing algorithm:

1. Givenanimage,estimatethe unknown illumination
(which may be differentfrom thosein the bootstrap

set).
2. Compute and
3. Recover at each by computing the max-

imum a posteriori (MAP) estimate, .

4. Synthesizenew image undernovelillumination

using we  andthejoint statisticsof and

. Noteagainthat may be differentfrom the
illumination in the bootstrapset.

Thenext few sectionslaborateon thesesteps.

3.1 Estimating

Estimatingheunknownilluminationis awell-studiedprob-
lem[22, 25], sinceit is partof theshape-from-shadingrob-
lem. This turnsout to be easierthanrecoveringthe shape.
For our purposeswe usethe simple methodof kernelre-

gression{1]. We notethatsincethe bootstrapsetis labeled
with known illumination, we canrecover by viewing it as
acontinuous-aluedclassi cationproblem.More precisely
we rst storeall the trainingimages, , alongwith

their labeledillumination, . Givenanew image, ,

werecoveritsillumination usingsimplekernelregression:

3)
where -
, the

and norm



We useGaussiarkernelsof widths , which controlthe
extent of in uence of . Thesevaluesare pre-computed
so that approximatelyten percentof the bootstrapimages
lie within ateach . Basically kernelregressioris
a smoothinterpolationmethodin which bootstrapimages
near getweightedmore thanthosefartheraway. How
accurateas this methodof estimating ? We comparedhe
estimatedluminationof the60imagesf atestfaceagainst
their actualvalues.Detailsof thetestaregivenin [17], but
on average the estimated differ from the actualvalueby

, with a standarddeviation of . Our methodis thus
reasonablyaccurate.

3.2 Computing the statistics of

Ourstatisticaimodelhaslearnedhestatisticqi.e.

and ) of attheknownilluminations . We
needa way to computethesesamestatisticsfor any new
illumination . Again, we usekernelregression.The mean
andvarianceat aresmoothlyinterpolatedrom theknown
valuesat . Thekernelregressiorequatiorusedhere
is similar to thatin (3).

We alsoneeda way to interpolatefrom the known cor-
relationcoefcients to obtaina new correlationcoef-
cient betweenilluminations and (oneor both of
which may be differentfrom the bootstrapset). To do this,
we needa slight modi cation. We view the problemnow
asinterpolatingthe (unknawvn) function ,
is the concatenatiomf  and

where and

: . We will now usekernelregression
to interpolate . Note that because , We can
actuallyobtaintwo estimates and . By averag-

ing thesetwo values,we obtaina better(smallervariance)
estimate.

3.3 Computing the MAP estimate

Using Bayes'rule, the MAP estimatebecomes .

. The secondterm is
simply the Gaussianpdf learnedin the previous section,
while the rst term may be obtainedfrom Equation(1).
Given , Equation(1) saysthat is a scalarrandom
variablewith Gaussiampdf of mean and
variance . It canbe shawn [17] thatthe MAP esti-
matemaybecomputedrom solvinglinearmatrixequations
of theform:

MAP

where

(4)

and

Note that our algorithm recovers each indepen-
dentlyof other . We have not explicitly usedary other
constraintssuchas smoothnes®r symmetry Thesecon-
straintsare implicit in our statisticalmodel, and we have
foundthemto be sufcient for our purpose.lmposingthe
symmetryconstraintexplicitly, for example,will limit the
applicability of our methodto symmetricobjectsonly. Be-
sides,facesare not perfectlysymmetric[13], so this con-
straintmayactuallyhurt our algorithm.

If we have multiple imagesfrom which to recover

, we can easily extend the MAP estimationproce-
dure. Let be the
vector of intensity values at pixel We now seek

, which by Bayes' rule becomes

. The secondtermis as

before, while the rst term is now a multivariate Gaus-
sian pdf with mean , and covariancematrix
The new variablesare de ned as: , a matrix
whosecolumnsare the estimatedilluminations of the
images; , an meanvector containingthe scalar
means ,and , an co-
variancematrix whosediagonalentriesare the variances

, and whoseoff-diagonal entries
are the covariances between and .
Again, the solution takes the form of Equation (4), but
now the terms are: , and

Notethatthese imagesmustdiffer only in illumina-
tion. Identity, facialexpressionetc.,mustremainthesame,
otherwisethe methodmayfail. Sinceit is dif cult in real-
world applicationgo acquireseveralimagesof oneperson
thatdiffer only in illumination andnothingelse,the oppor
tunity to usemultiple imagesis rare. Neverthelessye are
pleasedhatourstatisticaimodelis theoreticallyableto han-
dle multiple inputimages.

3.4. Synthesizingnewimages

We now have thetoolsto synthesizémagesunderary new
illumination . We cansimply usethe standard_.amber
tian equationandcompute . . But this generates
imageghatdo notlook realistic: specularitie@ndshadevs
arenot properlysynthesizedThis is becauseealfacesare
not perfectlyLambertian.

To do better we notethathaving computed ., , We
can obtain the actual error at the original illumination ,
from AP . We now askfor the
mostprobable givenknowledgeabout . In
otherwords, we want . Sincewe have
modelledthe joint pdf of and asa Gaussiardistribu-
tion, this turnsout to be , the conditional expecta-
tionof given . Frombasicprobabilitytheory we know
thatif two randomvariables arejointly Gaussianvith
means and ,variances and ,andcorrelationco-



Figure 2: Imagerenderedusing the strict Lambertianequation
(left) versusonethatusesheerrorterm(right). Speculare ection
onthecheeksaaremoreaccuratelyrenderedn therightimage.

ef cient ,then isalsoaGaussiampdfwith mean
—— , andvariance . The
variancesndcorrelationcoefcient termsarecomputedis-
ing kernelregressiorasdescribedn Section3.2. The syn-
thesizedmageis thus: AP .

The effect of the error term may be seenin Figure 2,
which comparesan image renderedunder strict Lamber
tianassumptiorversusonerenderedisingtheadditive error
term. Clearly, the useof the errortermproducesa morevi-
sually pleasingresult.

4. FaceRecognition

Let'srecallour proposedipproactor facerecognition.We
proceedn two stages:rst, we will usemodelsto generate
additionalsyntheticimages;thesearethenbe usedas ex-
emplarsto train a facerecognitionsystem.Using our syn-
thesismethodof the previous section,we caneasilyrender
imagesundermary illumination directions. The effect of
multiple light sourceds alsoreadily produced:sincelight
is additive, we simply addthe imagescreatedundersingle
light sourcesFromour literaturesurwey, we notethathav-
ing moretraining imageswill almostalwaysimprove the
performancef anyclassi cationsystem.t is thedearthof
trainingimageghatcripplesmary aclassi er. However, we
areparticularlyinterestedn usingthesesynthetictraining
imagesn anexemplarbasectlassi er.

4.1 Exemplar-basedclassi ers

The simplestexemplarbasedmethodis to usethe training
imagesdirectly in a -nearest-neighbosearch[19]. The
obviousdrawbackis theenormousimountof storagespace
required,andthetime it takesto performa singleclassi -
cation. Clearly, this methodis not readily scalable We can
improve things someavhat by reducingthe dimensionality
of the problem. A standardwvay to do this is via Principal
Component#\nalysis(PCA) [5].

Fromthe setof -dimensionakraining vectors ,
we computea projectionmatrix  anda mean
vector . Wethenprojectall thetrainingdatainto alower-
dimensionalPCA subspaceising . The
bene t is that often, , allowing usto greatlyreduce
the dimensionalitywhile preservingthe informationin the
originalimages We canthenwork with insteadbf
sincethey arejustcompresse#lersionsof theoriginal. The
problemis thatgiventhesizeof ourimagesandthefactthat
we aresynthesizinghousandsnore,the usualway of com-
puting  from the SingularValue Decomposition(SVD)
of becomesntractable. The time andspacecomple-
ity are and respectiely. Instead,we need
awaytocompute incrementallyasnewv imagesaresyn-
thesized.

We usethe methodof [4]. Theideais to incrementally
updatehe SVD (andhencethe PCA subspacejsmoreim-
agesare added. Furthermore not every additionalimage
will affect the SVD; only thosethat are signi cantly out-
side the PCA subspaceneedto be consideredptherscan
be safely ignored since they are well representedn the
subspace.Using this techniqueand requiring that the re-
constructionerror to be no more than 1%, we found that
the PCA subspaceso computedspansonly 40 dimensions,
muchsmallerthanthe12000dimensionf ouroriginalim-
ages.

Despitethis, working in this reducedsubspacsestill re-
quiresa substantiahmountof memory The mainculpritis
thefactthatwe aresynthesizingso mary images.Oneway
to overcomehisis to embedheexemplarsn theirown sub-
spacepnefor eachpersonto berecognizedThisis readily
doneby computingindividual PCAsubspaceé , ) for
eachperson . Thisis differentfrom the global PCA sub-
space describedabore, whichis computedrom all the
exemplars,regardlessof identity. Recognitionis now per
formedusingreconstructiorerror, asfollows:

1. Givenataskimage , projectit into eachindividual
subspacessing

2. Reconstructheimage
thereconstructiorerror

, andcompute

3. Pickthesubspac¢hathasthe smallest

Thememoryrequirement$or thisindividual eigenspace
approachs linearin thenumberof classesanddoesnotde-
pendon numberof syntheticexemplarsgeneratedRecog-
nition speedis alsofast: linearin the numberof classes,
andindependenbf the numberof exemplars. In termsof
patternrecognitiontheory each is just a quadratic
discriminationfunction[5].



4.2 Analysis

An importantand naturalquestionto ask s this: instead
of synthesizingall thesetrainingimagesand thendesign-
ing a classi er from them, canwe exploit the structureof
thesynthesiprocedurdo moredirectly produceanequia-
lent classi er? If we cando so, we will have completely
avoided the synthesisstep and its concomitantproblems
describedn the previous section. We shall attemptto do
this for the individual PCA approach. We begin by writ-
ing the synthesisequationof Section3.4 in matrix form:

, where isthe th synthesizedmage
(expresse@sa -dimensionatolumnvector)undemew il-
lumination ; isthe matrix of recoseredsurface
normals;and is the column vector of the
conditionalmeanof the error term given the error at the
originalillumination .

To aid ouranalysiswe assumehattheillumination is
movedaroundin front of the face(thereis no needto illu-
minatefrom behind). Speci cally, assumehat s varied
onthesurfaceof ahemispheref unitradius,centeredatthe
face. To computethe individual PCA, we needthe eigen-
vectorsof the covariancematrix of theimages .
We shouldthereforeseehow varying  contributesto the
covariance. AppendixA derivesthe meanand covariance
to be:

where -

(®)

Obsenre that all expectationterms are constantof
They do not changefor different people,and can there-
fore be pre-computed.Thus, to determinethe individual
eigenspacéor eachpersonwe simply compute by
the above equations,and then solve for its eigervectors.
However, there are several problemswith this approach.
Aside from the two expectationscomputedas shown, the
othersaretoo dif cult to obtainanalyticallyasthey involve
fairly complicatedfunctionsof randomvariables(seeAp-
pendixA). We canobtainnumericalestimategor themus-
ing simulationor Monte Carlo techniqueshut eventhis is
problematicbhecauseof the hugesizesof the matricesin-
volved. For instancetheterm isa ma-
trix, which for ourimagesof dimensionality re-
quiresaboutl Gb of memory Assumingwe canovercome
this problem(e.g. by reducingthe size of theimages)we

would still like a way to quickly computethe eigervectors.
Unfortunately thereis no obviousrelationshipbetweerthe
eigervectorsof theindividualtermsin Equation5 andthose
of . Neitheris thereaneasyway to computethe next
setof eigervectorswhen  changedor differentpeople.

If we knew therank of , or evenanupperbound
on the rank, we canspeedup our eigervectorcalculations.
Assumingthatthe upperbound, , is muchsmallerthan
therearemethodgo computethe dominanteigervectors
quickly, in time insteadof the usual time for
standarckigervectoralgorithms.SeeARPACK [12] for ex-
ample. Looking at the above equation,it is tempting,but
wrong,to concludethat hasarankof at most5 be-
causdt isasumof vetermscontainingrank-louterprod-
uctsof vectors.Thereasoris thatthe expectationoperator

canaffect the rank of its agument. A casein pointis
, which hasbeencomputedabore to be of rank 3,
eventhough hasrank 1. Thusthe rst threetermsof
eachhasrank , the fourth term hasrank ,
while the lastterm hasrank 1. We canof coursenumeri-
cally estimate andits rank, , barringmemory
requirementsThenan upperboundon the rank of
is f , we cannow resortto ARPACK to
computethe eigervectors;otherwiseit doesnot appearhat
we cando muchbetter

5. Experiments and Results

5.1 Synthesisexperiments

We testedour shape-from-shadinglgorithm by compar
ing the synthesizedmagesagainstthe actualones.Testing
the recoveredsurfacenormalsis not particularlymeaning-
ful becauseve do not have groundtruth data. Evenif we
usedEquation(2) to attemptto recover the groundtruth,
whatwe would endup computingis just the least-squares
estimateof the true surfacenormals. Furthermore since
our purposeés to generatanoreexemplarswhat mattersis
how realisticour syntheticimagesare,not how well inter-
mediateparametersre recosered. Quantitatve resultsof
our synthetidmagesarereportedn [17], andshaw thatthe
moreextremetheillumination (whetherin thetaskimageor
in the syntheticones) the greaterthe error. Thesequantita-
tive errors,do not, however, tell usaboutthe visual quality
of thesyntheticdimages.For thiswe canonly rely onhuman
judgement. Figure 3 shavs somesyntheticimages,com-
paredto theactualones.

A moreinterestingandinstructie testcaseis whenthe
taskimageis completelyblack. Our algorithmproceedgo
recover and synthesizea face,in effect hallucinatingone
into existence[2]. Thisis the naturalconsequencef using
class-basegrior information. Our algorithmis generating
the most probableface, basedon other bootstrapfacesit
hasseen.Not surprisingly this turnsout to be the average



Figure3: Synthesizedmages(top row) versusactualimagesun-
derthe sameillumination (bottomrow).

Figure4: (Left) Hallucinatedfrom an all-black image. (Right)
Averageof all bootstrafaces.

of all the bootstrapimages(Figure4): substituting
(becausehereis no illumination) into Equation(4) yields

AP . This effect also comesinto play when large
regionsof thefaceareoccludedprin shadev. Forinstance,
ataskimageilluminatedfrom onesside (andthereforehas
the othersidein the dark) producesa syntheticfacewith
mixedidentity. The sidethatis illuminatedis oneperson,
while thesidethatis notvisibleis replacedvith theaverage
face(Figure5).

Overall, our algorithmsynthesizeseasonabléaces es-
peciallywhenillumination is not extreme. For the purpose
of facerecognitionthis seemsadequateA naturalquestion
to askis therefore:how doesthe quality of the synthetidm-
agesaffectrecognitionaccurag? Thisis somethingve will
investigaten future.

5.2 Recognitionexperiments

We built threesimple exemplarbasedclassi ersandcom-
paredthem. The rst classier performssingle nearest-
neighborsearchdirectly in imagespace We call this 1NN.
The secondclassi er searchedgor the nearesiexemplarin

Figure5: (Left) Input image: faceilluminated from one side.
(Middle) Facerecovered and re-renderedinderfrontal lighting.
The side of the facein shadev is hallucinatedfrom the model,
resultingin a mixedidentity. (Right) Actualimage.

Figure 6: Two PIE facesunder four illumination directions.
Thesesubjectsare differentfrom thosein the Yale dataset. The
illuminationis alsodifferent.

the global PCA subspacddimensionality40). We denote
thisasglobalPCA Finally, thethird classi er computesn-
dividual PCA subspacefrom the exemplars(dimensional-
ity betweer85and45), andclassi esusingthesmallestre-
constructiorerror. Call thisindivPCA All PCA subspaces
were computedto have an averagereconstructiorerror of
1%.

For our recognitionexperiments,we useda subsetof
ten peoplefrom the CMU PIE datase{16]. Thesepersons
aredistinct from thosein the Yale dataset(seeFigure 6).
Eachpersonhas21 imagestaken underdifferentillumina-
tion (differentfrom thosein the Yale dataset).All images
were pre-processedsin the Yale dataset:af nely aligned
andtightly cropped. For eachperson,oneimagewas ar
bitrarily selectedasthe trainingimage,andfrom this 900
additionalexemplarsveresynthesizedThesesynthetidm-
ageswere createdunderillumination directionsthatrange
from to in both azimuthand elevation angles
onahemisphericasurfacein front of theface.Theremain-
ing 20 imagesper personwere usedto testthe classi ers.
Note that becauseour imagesarelarge ( ), we
cannotbypasssynthesizingmagesandcompute di-
rectly usingEquation5.

Theresultsareasfollows: 39%recognitionaccurag for
both1NN andglobalPCA and95%accurag for indivPCA
We postulatethat the 1NN and globalPCAclassi ers are
distractedby “noise”: mary facesunderextremeillumina-



tion look alike becausdarge regions are shadeved. We
further speculatehat the 40 eigenficesin the globalPCA
subspaceapturemostlyillumination variation,ratherthan
identity. The eigenficesbeyondthese40 (which have been
excludedfrom globalPCA areprobablymorediscriminat-
ing. As for indivPCA, we pleasedto seethatit is a vi-
ableclassi er. For this methodto work, large numbersof
trainingimageanustbeavailablefor eachpersono berec-
ognized. This is requiredin the computationof the indi-
vidual PCA subspacesytherwisethe computedsubspaces
will notbeaccurate Sincetrainingimagesareoftenscarce
in facerecognitionapplicationsthis techniques not com-
monly used.By usingour approaclof synthesizingexem-
plarsfrom evena singletrainingimage,we canovercome
thislimitation. indivPCAnow becomes feasibleclassi er.

6. Discussion

The results from our simple experimentsare encourag-
ing. They shav that our model- and exemplarbasedap-
proachfor facerecognitioncan overcomethe limitations
thatplagueothermethods We mustemphasizéhatour ap-
proachis nottied to speci c synthesigechniquesor clas-
si er designs We could have usedthe Quotientimage[15]
to generatenew faceimages,or a neuralnetwork for our
classi er, andit would not changeour idea. The synthesis
methodn Section3.4andtheindivPCAclassi erin Section
5.2werechosermerelyto illustrate our ideaof combining
modelsandexemplarsandto show thatsomemathematical
analysiscanbe donewhenwe know the structuresof both
thesynthesisnethodandtheclassi er. In fact,anumberof
majorpointsmayberaisedat this juncture.

Firstly, whereasotherclassi cationalgorithmsfocuson
features- nding discriminatingandinvariantfeaturesand
extracting them from images— we focus on synthesizing
trainingimagesanddesigningan exemplarbasedclassi er
thatis feature-free. As we have notedin our introduction,
nding discriminatingfeatureghataretruly invariantto all
typesof appearanceariationis veryhard,if notimpossible.
Evenif thesefeaturesarefound, it is time-consumingand
errorproneto locatethemon afaceimage,extractandpro-
cesghemfor recognition.By avoiding featuresn our clas-
si er, we alsoavoid theseproblems. To be sure,our syn-
thesismethoddoesrequiresomefeatures- locatingthree
points on the facefor imagealignment— but this is con-
ned to the synthesisstage.The classi er itself is feature-
free.In generalwe expectthemodel-tuilding andsynthesis
stageto requirefeatures.But aslong asthe resultingclas-
si er doesnotexplicitly dependon featureswe will notbe
boggeddown by feature-processinduringrecognition.

1Althoughwe have notstatedt explicitly, it shouldbeobviousthatary
exemplarbasedclassi er doesnot rely on featuresdirectly Rathey the
exemplarsthemseles provide the information necessaryo discriminate
onepatternfrom another

Secondlyour methodneednot befully automatic.Note
that thereis no reasonfor our model-basedynthesisnot
to require manualintervention from a humanexpert. As
longasourclassi erworksautomaticallythelearningstage
canuseasmuchmanualhelpaspossibleto createrealistic
images. For example,in Figure 3, we could have manu-
ally correctedhede ciency of ouralgorithmandimproved
the quality of the syntheticimagesbefore using themin
our classi er. Doing so will only help indivPCA learna
moreaccurateeigenspaceOtherclassi cationschemedry
to make boththe learningandrecognitionstagefully auto-
matic,but we feel thatthisis unnecessariljpurdensome.

Thirdly, our approachhasthe potentialto handlemary
more kinds of appearanc&ariation, simply by synthesiz-
ing imagesthat exhibit thosevariations. For example,to
simultaneouslycope with pose, illumination and expres-
sion changessynthesizdraining imagesundermary dif-
ferentcombinationof lighting, poseand expression.The
exemplarbasecclassi er will learnthemall, regardlessof
variation. Of course we have yet to demonstrate¢his con-
clusively, but the extensionis logical andwaiting to be ex-
plored. We envisageusing differentmodelsto synthesize
differentkinds of variations: the onein this paperfor il-
lumination, anotherfor pose,yet a third for facial expres-
sion. We canevenimaginesynthesizingnustachesyeards,
and eye glasses. Ohviously, the numberof syntheticim-
ageswill grow combinatoriallywith the kinds of variations
to be synthesized. This imposessomeconstraintson the
exemplarbasedclassi er: (1) it mustbe ableto learnin-
crementally as moretraining imagesare synthesizedand
(2) its storagerequirementsindclassi cationtime mustnot
increaseasquickly asthe numberof exemplars.Classi ers
suchas1NN andglobalPCAclearlywill notwork, whereas
indivPCAis goodcandidate.

Finally, we shouldpoint out that our approachs appli-
cableto other non-faceobjectsaswell. In fact, our ap-
proachshouldbe seriouslyconsideredor recognizingnon-
rigid, deformableobjects,where nding suitablefeatures
hasprovento be dif cult. As long asmodelscanbe built
to synthesizamagesof theseobjectsrealistically we can
combinethemwith an appropriateexemplarbasedclassi-
er to dothejob.

7. Conclusion

We concludeby summarizinghe key pointsin this paper:
We have proposeda new approachfor face recognition.
Themainideais to utilize models,statisticalor otherwise,
to synthesizemary moreimagesfrom a given few, which
canthenbe usedto train an exemplarbasedclassi er. We
demonstratethis ideaby shaving how a statisticalshape-
from-shadingnodelmay be usedto synthesizemagesun-
der novel illumination, and next by using this setof aug-



mentedtraining imagesto build a simple, exemplarbased
classi er. We alsoanalyzedhe mathematicastructurebe-
hind the synthesisandclassi cation schemeandsuggested
waysto improve the constructiorof the classi er. We note
thatoursynthetiamagesarenot perfect;they degradeunder
extremeillumination, but we canexpectbettertechniques
to correctfor this in future. Indeed,the computergraph-
ics communityis relentlesslyperfectingthe art of synthe-
sizing realisticfaces. We shouldbe able to leveragetheir
techniquego further our own goals,thatof perfectingface
recognition.

In the nearfuture, we intendto further develop this ap-
proachin sereralways. On the synthesisside,we hopeto
usegraphicsmodelsto generatgposeand expressionvari-
ations. As for classi er design,we want to explore clas-
si ers thatcancompactlyrepresenall the syntheticexem-
plarswithout combinatoriallyexploding,or thosethatwere
never possiblebeforedueto alack of trainingdata. Where
the structurepermits,we intendto mathematicallyanalyze
both the synthesisalgorithm and classi cation methodin
orderto designbetterclassi ers.

A. Derivation of and

We rst compute and . Consider tobea
pointmoving randomlyonthesurfaceof aunit hemisphere.
We assumehat the pdf of  is uniform for all pointson
this surface.Let thisbe . Then: , Where is
thesurfaceof thehemisphereUsing Sphericakoordinates,

with  and denotingazimuthand elevation angles,re-
spectvely, andnotingthatthe elementahreaon thesurface
is , thismaybewritten as:

sothat —
Now, let in Cartesiancoordinates. Then:

. We corvertinto Sphericalco-
ordinatesusing and

. Sofor instance,

Note thatthe second term comesfrom the elemental
areaof thehemisphereSimilarly, we may compute

,and -. Hence, - . Asfor ,
we get:

We computethe expectationof eachelementof the matrix
asbefore, by corverting into Sphericalcoordinates. This
resultsin:

Proceedingn, we have
. FromSection3.4,

Notethat and  arecomputedusingkernelre-
gression(seeSection3.2). Becausef this, thesetermsare
randomvariables,sincethey are functionsof the random
vector . Recall,however, that is theestimatedllumina-
tion of theinputimage whichis constanas variesonthe
hemisphereThus,

And nally,
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