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Abstract

Weproposea model-andexemplar-basedapproachfor face
recognition.Thisproblemhasbeenpreviouslytackledusing
eithermodelsor exemplars,with limited success.Our idea
usesmodelsto synthesizemanymore exemplars,which are
thenusedin thelearningstageof a facerecognitionsystem.
To demonstrate this, we develop a statistical shape-from-
shadingmodelto recover faceshapefrom a singleimage,
andto synthesizethesamefaceundernew illumination. We
thenusethis to build a simpleand fast classi�er that was
notpossiblebeforebecauseof a lack of trainingdata.
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1. Intr oduction
Thetaskof automaticfacerecognitionhasbeenactively re-
searchedin recentyears,with researchersemploying both
model-basedand exemplar-basedtechniques. Although
greatstrideshavebeenmadeafteralmostthreedecades,the
task remainsunsolved in general. Currentsystemswork
verywell whenever thetaskimageto berecognizedis cap-
turedunderconditionssimilar to thoseof the training im-
ages.However, they arenot robustenoughif thereis varia-
tion betweentaskandtrainingimages[14]. Changesin in-
cidentillumination, headpose,facial expression,hairstyle
(including facial hair), cosmetics(including eyewear)and
age,all confoundthebestsystemstoday.

As a generalrule, we may categorizeapproachesused
to copewith variation in appearanceinto threekinds: in-
variantfeatures,canonicalforms,andvariation-modelling.
The �rst approachseeksto utilize featuresthat are invari-
ant to the changesbeing studied. For instance,the Quo-
tient Image[15] is (by construction)invariantto illumina-
tion and may be usedto recognizefaces(assumedto be
Lambertian)whenlighting conditionschange.Thesecond
approachattemptsto “normalize”awaythevariation,either

by clever imagetransformationsor by synthesizinga new
image(from thegiven taskimage)in some“canonical”or
“prototypical” form. Recognitionis thenperformedusing
this canonicalform. Examplesof this approachinclude
[23, 24]. In [23], for instance,the task imageunderarbi-
trary illumination is re-renderedunderfrontal illumination,
andthencomparedagainstotherfrontally-illuminatedpro-
totypes.The third approachof variation-modellingis self-
explanatory:theideais to learn,in somesuitablesubspace,
theextentof thevariationin thatspace.This usuallyleads
to someparameterizationof the subspace(s).Recognition
is thenperformedby choosingthe subspaceclosestto the
taskimage,after the latterhasbeenappropriatelymapped.
In effect, the recognitionsteprecovers the variation (e.g.
poseestimation)aswell asthe identity of the person.For
examplesof this technique,pleasesee[6, 8, 9, 21].

Despitetheplethoraof techniques,andthevalianteffort
of many researchers,facerecognitionremainsa dif�cult,
unsolvedproblemin general.While eachof theabove ap-
proachesworks well for the speci�c variationbeingstud-
ied, performancedegradesrapidly when other variations
are present. For instance,a featureinvariant to illumina-
tion workswell aslongasposeor facialexpressionremains
constant,but fails to be invariantwhenposeor expression
is changed.This is not a problemfor someapplications,
suchascontrollingaccessto asecuredroom,sinceboththe
trainingandtaskimagesmaybecapturedundersimilarcon-
ditions. However, for general,unconstrainedrecognition,
noneof thesetechniquesarerobustenough.Moreover, it is
notclearthatdifferenttechniquescanbecombinedto over-
comeeachother's limitations. Sometechniques,by their
very nature,excludeothers. For example,the Symmetric
Shape-from-Shadingmethodof [23] relieson theapproxi-
matesymmetryof a frontal face.It is unclearhow this may
becombinedwith a techniquethatdependsonsidepro�les,
wherethesymmetryis absent.

Wecanmaketwo importantobservationsaftersurveying
theresearchliterature:(1) Theredoesnot appearto beany



feature,setof features,or subspace,that is simultaneously
invariantto all thevariationsthata faceimagemayexhibit.
(2) Givenmoretraining images,almostany techniquewill
performbetter. Thesetwo factorsarethemajorreasonswhy
facerecognitionis not widely usedin real-world applica-
tions. The fact is that for many applications,it is usualto
requiretheability to recognizefacesunderdifferentvaria-
tions,evenwhentrainingimagesareseverelylimited.

Anotherwayto categorizefacerecognitiontechniquesis
to considerwhetherthey arebasedonmodelsor exemplars.
Models are usedin [15] to computethe Quotient Image,
andin [6] to derive their Active AppearanceModel. These
modelscaptureprior classinformation(theclassof faces),
andprovide strongconstraintswhendealingwith appear-
ancevariation. At the otherextreme,exemplarsmay also
beusedfor recognition.TheARENA methodin [18] sim-
ply storesall trainingimagesandmatcheseachoneagainst
thetaskimage.Obviously, scalabilityis anissue.However,
the visitor identi�cation systemreportedin [19] that uses
ARENA appearsto naturallyhandleillumination changes,
asexemplarsundernew lighting conditionsareaddedto the
system.Somesubspace-methodsarealsobasedon exem-
plars. For example,theeigenfaceapproachin [20] andthe
Fisherfacemethodin [3] embedexemplarsin their respec-
tive subspaces,and recognitionis performedvia nearest-
neighborclassi�cationin thesesubspaces.

As faraswe cantell, currentmethodsthatemploy mod-
elsdonotuseexemplars,andviceversa.This is surprising,
sincethesetwo approachesareby no meansmutually ex-
clusive,andwe canleveragethestrengthsof eachto better
solve theproblem.In thispaper, weproposeawayof com-
bining modelsandexemplarsfor facerecognition.We will
usemodelsto synthesizeadditionaltrainingimages,which
canthenbeusedasexemplarsin thelearningstageof aface
recognitionsystem.To illustratethis, we developa model
thatrecoverstheshapeof a facefrom a singleimageunder
an arbitrarybut unknown illumination, andthat re-renders
thesamefaceundernew illumination[17]. Wethensynthe-
sizemany moreimagesto beusedfor learningin a simple
eigenfaceclassi�er.

2. Shape-from-ShadingModel

We begin by developinga modelthat allows us to recover
the faceshape,in termsof surfacenormals,from a single
image. We assumethat the image is taken undera sin-
gle point light sourceat in�nity . Thedirectionof the light
sourceis unknown. This shape-from-shadingproblemhas
hada long history[10], andis in generalunderconstrained:
many 3D shapesgive rise to thesame2D image.To over-
comethis, we build a statisticalmodelto guidetheshape-
recoveryprocess.Similarwork is reportedin [23, 7, 8], but
we differ in a few key areas. Unlike [23], we do not ex-

plicitly dependon facesymmetry, soour methodwill work
for othernon-frontalposestoo. And unlike [8], we do not
requiremultiple imagesto be available. We work with as
few asoneimage,whichmeanswecannotusephotometric
stereo. In [7], a methodis also presentedto recover sur-
facenormalsfrom a singleimage,usingsymmetryandin-
tegrability constraints. By contrast,both thesecontraints
areimplicit in ourstatisticalmodel,ratherthanexplicit. We
arguethatthis affordsusgreaterlatitudeto useour method
for other non-symmetricobjects,or even to exploit other
symmetriesin our statisticalmodelwhichmaynotberead-
ily apparent.Anotherdifferenceis that we do not require
facesto bestrictly Lambertian;instead,we modelthenon-
Lambertiancomponentstatistically. In termsof rendering
therecoveredfaceundernew illumination,our techniqueis
similar to theQuotientImageof [15] in thatwealsorely on
class-basedinformation. In their case,it takesthe form of
faceimagestakenunder3 linearlyindependentillumination
directions.In ours,theclass-basedinformationis a statisti-
calmodelof thevariationof surfacenormalsfrom personto
person,andof thenon-Lambertiancomponentof surfacere-
�ection. Our statisticalmodelis explainedin detail in [17],
but for completenesswewill describeit here.

2.1. AugmentedLambertian equation
At theheartof ourmethodis thefollowing equation,which
is thestandardLambertianequation[11] augmentedwith an
additive term. This is donebecausethe standardLamber-
tian equationdoesnot handleshadows nor specularre�ec-
tions,whichoccurnaturallyin faceimages.Theaugmented
modelis then:
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which says that at pixel position
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, the pixel intensity,
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, is relatedto dot productof thesurfacenormal(in-
cludingalbedo)at thatpixel,
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, andthesinglelight
source,
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, plusanerror term
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. Thepurposeof
thiserrortermis to modelshadowsandspecularre�ections,
without explicitly recovering the full 3D shape(depth)of
theface.It is clearthat
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, sinceit is justthediffer-
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. We assumethat surfacenormals
at differentpixelsareindependentof oneanother. For the
error term however, we assumethat
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is independent
of
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for otherpixels
(

, but correlatedwith
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un-
dersomeotherillumination

)

. Thisassumptionallowsusto
synthesizemorerealisticimageswhile remainingcomputa-
tionally tractable.Moredetailswill begivenin Section2.2.
Note thatEquation(1) is really a systemof equations,one
equationfor everypixelposition

���+*,#.-/-/-0#%1

in theimage.
Notealsothatunlike [15], our modeldoesnot assumethat
every personhasthesamefaceshape,nor constantalbedo,



Figure1: Two Yalefacesunderthesamesetof four illumination
directions.

but allowsbothto vary from pixel to pixel andfrom person
to person.

Givenonly a single
1

-pixel input image,Equation(1) is
underconstrained:thereare 2
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unknowns(thecompo-
nentsof the vectors

	

and
�

, andthe scalars
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equations.Moreover, thereis an inherentambiguity, since
we mayinsertany
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. We
will useknowledgeaboutthe classof facesin generalto
solve for the unknowns. More speci�cally, we will learn
a statisticalmodelfor
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and
�!�"�$#%�&�

from a setof boot-
strapimages. This is the Yale dataset[8], comprising15
peopleeachtakenunderroughly60known illuminationdi-
rections(Figure1). Somebasicpreprocessingwasdone:all
faceswerealignedto anarbitrarilychosenreferencefaceby
manuallymarking3 points(thecentersof theeyes,andthe
baseof thenose)andperforminganaf�ne warp; thegray-
scaleimageswerethencroppedto remove thebackground
andscaledto 120

5

100pixels.

2.2. Learning the statistical model

Ourstatisticalmodelis to learntheprobabilitydensityfunc-
tion (pdf) for

	������

and
�C�"�$#D�E�

. Weassumethatthepdf'sare
Gaussiandistributionsof unknown meansandcovariances,
which we will estimateusing maximumlikelihood. This
turns out to be the samplemeanand samplecovariance,
computablefrom thebootstrapimages.More precisely, let
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matrixwhosecolumnsarethe
1

-dimensional
imagestakenunderilluminationdirectionsH
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Also, let T bea
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matrixof theilluminationdirections,
andlet V bea

1�5�G

matrixof theerrorterms.Thenfor each
personin the bootstrapset, we computethe least-squares
solutionfor N and V asfollows:
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From this we computethe samplemeanvector Z'[
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and samplecovariancematrix \][
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for
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. Since
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is a scalar, we computethe samplemean Z_^
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andsamplevariance `$a

^
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. To producebettersynthetic
images,we alsocomputethecorrelationcoef�cient b

I%c

be-
tween

�C�"�$#D� I �

and
�!�"�$#%� c �

. Statistically, we aremodelling
�!���$#D� I �

and
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asajointly Gaussiandistribution,with
correlationcoef�cient b

I%c

. Wewill makeuseof this in Sec-
tion 3.4.

3. Using the Model
Having learnedthe statisticalmodel,we make useof it in
thefollowing algorithm:

1. Givenanimage,estimatetheunknown illumination
�

(which may be different from thosein the bootstrap
set).

2. ComputeZ'^
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and `0a

^
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3. Recover
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at each
�

by computing the max-
imum a posteriori (MAP) estimate,
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4. Synthesizeanew image
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undernovel illumination
�En

using
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andthe joint statisticsof
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and
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n
�

. Noteagainthat
�

n

maybedifferentfrom the
illumination in thebootstrapset.

Thenext few sectionselaborateon thesesteps.

3.1. Estimating q

Estimatingtheunknownilluminationisawell-studiedprob-
lem[22, 25], sinceit is partof theshape-from-shadingprob-
lem. This turnsout to beeasierthanrecoveringtheshape.
For our purposes,we usethe simplemethodof kernelre-
gression[1]. We notethatsincethebootstrapsetis labeled
with known illumination,we canrecover

�

by viewing it as
acontinuous-valuedclassi�cationproblem.Moreprecisely,
we�rst storeall the r trainingimages,H&s
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, alongwith
their labeledillumination, H
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. Givena new image, u ,
werecoverits illumination
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usingsimplekernelregression:
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WeuseGaussiankernelsof widths `

I

, whichcontrolthe
extent of in�uence of s

I

. Thesevaluesarepre-computed
so that approximatelyten percentof the bootstrapimages
lie within

*�5

`

I

at eachs

I

. Basically, kernelregressionis
a smoothinterpolationmethodin which bootstrapimages
near u get weightedmore than thosefartheraway. How
accurateis this methodof estimating

�

? We comparedthe
estimatedilluminationof the60imagesof atestfaceagainst
their actualvalues.Detailsof thetestaregivenin [17], but
on average,theestimated

�

differ from theactualvalueby
†z‡ 4‰ˆ

, with a standarddeviationof
4z‡ ŠCˆ

. Our methodis thus
reasonablyaccurate.

3.2. Computing the statisticsof ‹•ŒoŽ••Rqz‘

Ourstatisticalmodelhaslearnedthestatistics(i.e. Z’^
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and `0a

^
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) of
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attheknownilluminations
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. We
needa way to computethesesamestatisticsfor any new
illumination

�

. Again,we usekernelregression.Themean
andvarianceat

�

aresmoothlyinterpolatedfrom theknown
valuesat H

�
I

Jit

IML

=

. Thekernelregressionequationusedhere
is similar to thatin (3).

We alsoneeda way to interpolatefrom the known cor-
relationcoef�cients b

I%c

to obtaina new correlationcoef�-
cient b

=oa

betweenilluminations
�
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and
�

a

(oneor both of
which maybedifferentfrom thebootstrapset).To do this,
we needa slight modi�cation. We view the problemnow
asinterpolatingthe (unknown) function “
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. We will now usekernel regression
to interpolate“
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. Note that becauseb

=oa
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b

a�=

, we can
actuallyobtaintwo estimates“
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=�a
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and “
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aD=
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. By averag-
ing thesetwo values,we obtaina better(smallervariance)
estimate.

3.3. Computing the MAP estimate
Using Bayes' rule, the MAP estimatebecomes
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. The secondterm is
simply the Gaussianpdf learnedin the previous section,
while the �rst term may be obtainedfrom Equation(1).
Given
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, Equation(1) saysthat
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is a scalarrandom
variablewith Gaussianpdf of mean
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. It canbeshown [17] that theMAP esti-
matemaybecomputedfromsolvinglinearmatrixequations
of theform:
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Note that our algorithm recovers each
	������

indepen-
dentlyof other

	��"(~�

. We havenotexplicitly usedany other
constraintssuchassmoothnessor symmetry. Thesecon-
straintsare implicit in our statisticalmodel, and we have
found themto be suf�cient for our purpose.Imposingthe
symmetryconstraintexplicitly, for example,will limit the
applicabilityof our methodto symmetricobjectsonly. Be-
sides,facesarenot perfectlysymmetric[13], so this con-
straintmayactuallyhurt ouralgorithm.

If we have multiple images from which to recover
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, we can easily extend the MAP estimationproce-
dure. Let x
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be the
vector of
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intensity valuesat pixel
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. We now seek
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. The secondterm is as
before, while the �rst term is now a multivariate Gaus-
sian pdf with mean T
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Z , and covariancematrix \ .
The new variablesare de�ned as: T , a
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whosecolumnsare the estimatedilluminations of the

G

images; Z , an
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Again, the solution takes the form of Equation(4), but
now the terms are: 8
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Note that these

G

imagesmustdiffer only in illumina-
tion. Identity, facialexpression,etc.,mustremainthesame,
otherwisethemethodmayfail. Sinceit is dif�cult in real-
world applicationsto acquireseveral imagesof oneperson
thatdiffer only in illumination andnothingelse,theoppor-
tunity to usemultiple imagesis rare. Nevertheless,we are
pleasedthatourstatisticalmodelis theoreticallyabletohan-
dlemultiple input images.

3.4. Synthesizingnew images
We now have thetoolsto synthesizeimagesunderany new
illumination
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n

. We cansimply usethe standardLamber-
tian equationandcompute
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. But this generates
imagesthatdonot look realistic:specularitiesandshadows
arenot properlysynthesized.This is becausereal facesare
notperfectlyLambertian.

To do better, we notethathaving computed
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Figure2: Imagerenderedusing the strict Lambertianequation
(left) versusonethatusestheerrorterm(right). Specularre�ection
on thecheeksaremoreaccuratelyrenderedin theright image.
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variancesandcorrelationcoef�cient termsarecomputedus-
ing kernelregressionasdescribedin Section3.2. Thesyn-
thesizedimageis thus:
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The effect of the error term may be seenin Figure 2,

which comparesan imagerenderedunderstrict Lamber-
tianassumptionversusonerenderedusingtheadditiveerror
term.Clearly, theuseof theerrortermproducesa morevi-
suallypleasingresult.

4. FaceRecognition
Let'srecallourproposedapproachfor facerecognition.We
proceedin two stages:�rst, we will usemodelsto generate
additionalsyntheticimages;thesearethenbe usedasex-
emplarsto train a facerecognitionsystem.Usingour syn-
thesismethodof theprevioussection,we caneasilyrender
imagesundermany illumination directions. The effect of
multiple light sourcesis alsoreadilyproduced:sincelight
is additive, we simply addthe imagescreatedundersingle
light sources.Fromour literaturesurvey, we notethathav-
ing more training imageswill almostalways improve the
performanceof anyclassi�cationsystem.It is thedearthof
trainingimagesthatcripplesmany aclassi�er. However, we
areparticularly interestedin usingthesesynthetictraining
imagesin anexemplar-basedclassi�er.

4.1. Exemplar-basedclassi�ers
Thesimplestexemplar-basedmethodis to usethe training
imagesdirectly in a ­ -nearest-neighborsearch[19]. The
obviousdrawbackis theenormousamountof storagespace
required,andthe time it takesto performa singleclassi�-
cation.Clearly, this methodis not readilyscalable.We can
improve things somewhat by reducingthe dimensionality
of the problem. A standardway to do this is via Principal
ComponentsAnalysis(PCA) [5].

From the setof
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-dimensionaltraining vectors H
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mean
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. We thenprojectall thetrainingdatainto a lower-
dimensionalPCA subspaceusing
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bene�t is thatoften, ­œ±

1

, allowing us to greatlyreduce
thedimensionalitywhile preservingthe informationin the
original images.Wecanthenwork with H

(�J

insteadof H

�$J

,
sincethey arejustcompressedversionsof theoriginal. The
problemis thatgiventhesizeof ourimages,andthefactthat
wearesynthesizingthousandsmore,theusualwayof com-
puting ¯ from the SingularValueDecomposition(SVD)
of H

�•J

becomesintractable.The time andspacecomplex-
ity are ²

�¬³´�E�

and ²

�p³

a
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respectively. Instead,we need
awayto computē incrementally, asnew imagesaresyn-
thesized.

We usethemethodof [4]. The ideais to incrementally
updatetheSVD (andhencethePCAsubspace)asmoreim-
agesare added. Furthermore,not every additionalimage
will affect the SVD; only thosethat aresigni�cantly out-
side the PCA subspaceneedto be considered,otherscan
be safely ignored since they are well representedin the
subspace.Using this techniqueand requiring that the re-
constructionerror to be no more than 1%, we found that
thePCA subspacesocomputedspansonly 40 dimensions,
muchsmallerthanthe12000dimensionsof ouroriginalim-
ages.

Despitethis, working in this reducedsubspacestill re-
quiresa substantialamountof memory. Themainculprit is
thefactthatwe aresynthesizingsomany images.Oneway
toovercomethisis to embedtheexemplarsin theirownsub-
space,onefor eachpersonto berecognized.This is readily
doneby computingindividualPCAsubspaces( ¯�µ ,

G

µ ) for
eachperson¶ . This is differentfrom theglobalPCA sub-
spacē describedabove, which is computedfrom all the
exemplars,regardlessof identity. Recognitionis now per-
formedusingreconstructionerror, asfollows:

1. Given a task image
�

, project it into eachindividual
subspaceusing

(

µ

�

¯




µ

�"�

Y

G

µ

�

.

2. Reconstructtheimage
�

µ

�

¯7µ

(

µ

��G

µ , andcompute
thereconstructionerror
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„

a

��„��

Y

�

µ

„

a .

3. Pick thesubspacethathasthesmallest
„˜�

µ

„

a .

Thememoryrequirementsfor this individualeigenspace
approachis linearin thenumberof classes,anddoesnotde-
pendon numberof syntheticexemplarsgenerated.Recog-
nition speedis also fast: linear in the numberof classes,
andindependentof the numberof exemplars. In termsof
patternrecognitiontheory, each

„3�

µ

„

a is just a quadratic
discriminationfunction[5].



4.2. Analysis
An importantand naturalquestionto ask is this: instead
of synthesizingall thesetraining imagesandthendesign-
ing a classi�er from them,canwe exploit the structureof
thesynthesisprocedureto moredirectlyproduceanequiva-
lent classi�er? If we cando so, we will have completely
avoided the synthesisstep and its concomitantproblems
describedin 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:

u�·

�

N
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Z$¸¥¹Mº ¸ , where u�· is the
�

th synthesizedimage
(expressedasa

1

-dimensionalcolumnvector)undernew il-
lumination

�

· ; N is the
4°5�1

matrix of recoveredsurface
normals;and Z'¸ ¹ º ¸

�

§

•

�&n¥m �

‚ is the columnvectorof the
conditionalmeanof the error term given the error at the
original illumination

�

.
To aidouranalysis,weassumethattheillumination

�

· is
movedaroundin front of the face(thereis no needto illu-
minatefrom behind).Speci�cally, assumethat

�

· is varied
onthesurfaceof ahemisphereof unit radius,centeredat the
face. To computethe individual PCA, we needthe eigen-
vectorsof the covariancematrix of the images

F

�

H&u
·

J

.
We shouldthereforeseehow varying

�

· contributesto the
covariance.AppendixA derivesthe meanandcovariance
to be:
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Observe that all expectationtermsare constantof N .
They do not changefor different people,and can there-
fore be pre-computed.Thus, to determinethe individual
eigenspacefor eachperson,we simply compute¼?½&¾

•

F

‚ by
the above equations,and then solve for its eigenvectors.
However, there are several problemswith this approach.
Aside from the two expectationscomputedasshown, the
othersaretoodif�cult to obtainanalyticallyasthey involve
fairly complicatedfunctionsof randomvariables(seeAp-
pendixA). We canobtainnumericalestimatesfor themus-
ing simulationor Monte Carlo techniques,but even this is
problematicbecauseof the hugesizesof the matricesin-
volved. For instance,theterm §

•

Z_¸¥¹�º ¸%Z




¸
¹

º ¸

‚ is a
1�5ƒ1

ma-
trix, which for our imagesof dimensionality

1¡�+*E€

¿,¿‰¿ re-
quiresabout1 Gb of memory. Assumingwe canovercome
this problem(e.g. by reducingthesizeof the images),we

would still like a way to quickly computetheeigenvectors.
Unfortunately, thereis no obviousrelationshipbetweenthe
eigenvectorsof theindividualtermsin Equation5 andthose
of ¼?½&¾ •

F

‚ . Neitheris thereaneasywayto computethenext
setof eigenvectorswhen N changesfor differentpeople.

If we knew therankof ¼?½&¾ •

F

‚ , or evenanupperbound
on therank,we canspeedup our eigenvectorcalculations.
Assumingthattheupperbound,… , is muchsmallerthan

1

,
therearemethodsto computethe … dominanteigenvectors
quickly, in ²

�

…

1!�

time insteadof theusual ²

�"1 � �

time for
standardeigenvectoralgorithms.SeeARPACK [12] for ex-
ample. Looking at the above equation,it is tempting,but
wrong,to concludethat ¼?½&¾ •

F

‚ hasa rankof at most5 be-
causeit is asumof � ve termscontainingrank-1outerprod-
uctsof vectors.Thereasonis that theexpectationoperator

§
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‚ canaffect the rankof its argument.A casein point is
§
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‚ , which hasbeencomputedabove to be of rank 3,
eventhough
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hasrank1. Thusthe �rst threetermsof
¼?½&¾

•

F

‚ eachhasrank Å

4

, the fourth term hasrank Å

1

,
while the last term hasrank 1. We canof coursenumeri-
cally estimate§

•

Z$¸o¹�º ¸%Z
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‚ andits rank, Æ , barringmemory
requirements.Thenanupperboundon therankof ¼?½&¾

•

F

‚

is …

�

Æ

�š*

¿ . If …�±

1

, wecannow resortto ARPACK to
computetheeigenvectors;otherwiseit doesnotappearthat
wecandomuchbetter.

5. Experimentsand Results
5.1. Synthesisexperiments
We testedour shape-from-shadingalgorithm by compar-
ing thesynthesizedimagesagainsttheactualones.Testing
the recoveredsurfacenormalsis not particularlymeaning-
ful becausewe do not have groundtruth data. Even if we
usedEquation(2) to attemptto recover the groundtruth,
what we would endup computingis just the least-squares
estimateof the true surfacenormals. Furthermore,since
our purposeis to generatemoreexemplars,whatmattersis
how realisticour syntheticimagesare,not how well inter-
mediateparametersare recovered. Quantitative resultsof
oursyntheticimagesarereportedin [17], andshow thatthe
moreextremetheillumination(whetherin thetaskimageor
in thesyntheticones),thegreatertheerror. Thesequantita-
tive errors,do not, however, tell usaboutthevisualquality
of thesyntheticimages.For thiswecanonly rely onhuman
judgement. Figure3 shows somesyntheticimages,com-
paredto theactualones.

A moreinterestingandinstructive testcaseis whenthe
taskimageis completelyblack. Our algorithmproceedsto
recover and synthesizea face, in effect hallucinatingone
into existence[2]. This is thenaturalconsequenceof using
class-basedprior information. Our algorithmis generating
the most probableface,basedon other bootstrapfacesit
hasseen.Not surprisingly, this turnsout to be theaverage



Figure3: Synthesizedimages(top row) versusactualimagesun-
derthesameillumination (bottomrow).

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

of all the bootstrapimages(Figure4): substituting
�ƒ�

¿

(becausethereis no illumination) into Equation(4) yields
	

MAP

�

Z•[ . This effect also comesinto play when large
regionsof thefaceareoccluded,or in shadow. For instance,
a taskimageilluminatedfrom oneside(andthereforehas
the other side in the dark) producesa syntheticfacewith
mixed identity. The sidethat is illuminatedis oneperson,
while thesidethatis notvisibleis replacedwith theaverage
face(Figure5).

Overall, our algorithmsynthesizesreasonablefaces,es-
peciallywhenillumination is not extreme.For thepurpose
of facerecognition,thisseemsadequate.A naturalquestion
to askis therefore:how doesthequalityof thesyntheticim-
agesaffectrecognitionaccuracy? This is somethingwewill
investigatein future.

5.2. Recognitionexperiments
We built threesimpleexemplar-basedclassi�ersandcom-
paredthem. The �rst classi�er performssingle nearest-
neighborsearchdirectly in imagespace.We call this 1NN.
The secondclassi�er searchesfor the nearestexemplarin

Figure 5: (Left) Input image: face illuminated from one side.
(Middle) Facerecoveredand re-renderedunderfrontal lighting.
The side of the facein shadow is hallucinatedfrom the model,
resultingin a mixedidentity. (Right) Actual image.

Figure 6: Two PIE facesunder four illumination directions.
Thesesubjectsaredifferent from thosein the Yale dataset.The
illumination is alsodifferent.

the global PCA subspace(dimensionality40). We denote
this asglobalPCA. Finally, thethird classi�er computesin-
dividual PCA subspacesfrom theexemplars(dimensional-
ity between35and45),andclassi�esusingthesmallestre-
constructionerror. Call this indivPCA. All PCA subspaces
werecomputedto have an averagereconstructionerror of
1%.

For our recognitionexperiments,we useda subsetof
tenpeoplefrom theCMU PIE dataset[16]. Thesepersons
aredistinct from thosein the Yale dataset(seeFigure6).
Eachpersonhas21 imagestakenunderdifferentillumina-
tion (differentfrom thosein the Yale dataset).All images
werepre-processedasin theYaledataset:af�nely aligned
andtightly cropped. For eachperson,one imagewasar-
bitrarily selectedasthe training image,andfrom this 900
additionalexemplarsweresynthesized.Thesesyntheticim-
ageswerecreatedunderillumination directionsthat range
from

Y•Ç

¿

ˆ

to
�

Ç

¿

ˆ

in both azimuthandelevation angles
onahemisphericalsurfacein front of theface.Theremain-
ing 20 imagesper personwereusedto testthe classi�ers.
Note that becauseour imagesare large (

1
�È*E€

¿,¿,¿ ), we
cannotbypasssynthesizingimagesandcompute¼?½&¾

•

F

‚ di-
rectlyusingEquation5.

Theresultsareasfollows: 39%recognitionaccuracy for
both1NN andglobalPCA, and95%accuracy for indivPCA.
We postulatethat the 1NN and globalPCAclassi�ers are
distractedby “noise”: many facesunderextremeillumina-



tion look alike becauselarge regions are shadowed. We
further speculatethat the 40 eigenfacesin the globalPCA
subspacecapturemostly illumination variation,ratherthan
identity. Theeigenfacesbeyondthese40 (which have been
excludedfrom globalPCA) areprobablymorediscriminat-
ing. As for indivPCA, we pleasedto seethat it is a vi-
ableclassi�er. For this methodto work, large numbersof
trainingimagesmustbeavailablefor eachpersonto berec-
ognized. This is requiredin the computationof the indi-
vidual PCA subspaces,otherwisethe computedsubspaces
will not beaccurate.Sincetrainingimagesareoftenscarce
in facerecognitionapplications,this techniqueis not com-
monly used.By usingour approachof synthesizingexem-
plarsfrom even a singletraining image,we canovercome
this limitation. indivPCAnow becomesafeasibleclassi�er.

6. Discussion
The results from our simple experimentsare encourag-
ing. They show that our model- and exemplar-basedap-
proachfor facerecognitioncan overcomethe limitations
thatplagueothermethods.We mustemphasizethatourap-
proachis not tied to speci�c synthesistechniquesnor clas-
si�er designs.We couldhaveusedtheQuotientImage[15]
to generatenew faceimages,or a neuralnetwork for our
classi�er, andit would not changeour idea. Thesynthesis
methodin Section3.4andtheindivPCAclassi�er in Section
5.2werechosenmerelyto illustrateour ideaof combining
modelsandexemplars,andto show thatsomemathematical
analysiscanbedonewhenwe know thestructuresof both
thesynthesismethodandtheclassi�er. In fact,anumberof
majorpointsmayberaisedat this juncture.

Firstly, whereasotherclassi�cationalgorithmsfocuson
features– �nding discriminatingandinvariantfeatures,and
extracting them from images– we focus on synthesizing
trainingimagesanddesigninganexemplar-basedclassi�er
that is feature-free.1 As we have notedin our introduction,
�nding discriminatingfeaturesthataretruly invariantto all
typesof appearancevariationis veryhard,if notimpossible.
Even if thesefeaturesarefound, it is time-consumingand
error-proneto locatethemonafaceimage,extractandpro-
cessthemfor recognition.By avoiding featuresin 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 thesynthesisstage.Theclassi�er itself is feature-
free.In general,weexpectthemodel-buildingandsynthesis
stageto requirefeatures.But aslong astheresultingclas-
si�er doesnotexplicitly dependon features,we will not be
boggeddown by feature-processingduringrecognition.

1Althoughwehavenotstatedit explicitly, it shouldbeobviousthatany
exemplar-basedclassi�er doesnot rely on featuresdirectly. Rather, the
exemplarsthemselves provide the informationnecessaryto discriminate
onepatternfrom another.

Secondly, our methodneednotbefully automatic.Note
that thereis no reasonfor our model-basedsynthesisnot
to requiremanualintervention from a humanexpert. As
longasourclassi�erworksautomatically, thelearningstage
canuseasmuchmanualhelpaspossibleto createrealistic
images. For example,in Figure3, we could have manu-
ally correctedthede�ciency of ouralgorithmandimproved
the quality of the syntheticimagesbeforeusing them in
our classi�er. Doing so will only help indivPCA learn a
moreaccurateeigenspace.Otherclassi�cationschemestry
to make boththe learningandrecognitionstagefully auto-
matic,but we feel thatthis is unnecessarilyburdensome.

Thirdly, our approachhasthe potentialto handlemany
more kinds of appearancevariation, simply by synthesiz-
ing imagesthat exhibit thosevariations. For example,to
simultaneouslycope with pose, illumination and expres-
sion changes,synthesizetraining imagesundermany dif-
ferentcombinationsof lighting, poseandexpression.The
exemplar-basedclassi�er will learnthemall, regardlessof
variation. Of course,we have yet to demonstratethis con-
clusively, but theextensionis logical andwaiting to beex-
plored. We envisageusingdifferentmodelsto synthesize
different kinds of variations: the one in this paperfor il-
lumination,anotherfor pose,yet a third for facial expres-
sion.We canevenimaginesynthesizingmustaches,beards,
and eye glasses.Obviously, the numberof syntheticim-
ageswill grow combinatoriallywith thekindsof variations
to be synthesized.This imposessomeconstraintson the
exemplar-basedclassi�er: (1) it must be able to learn in-
crementally, asmoretraining imagesaresynthesized;and
(2) its storagerequirementsandclassi�cationtimemustnot
increaseasquickly asthenumberof exemplars.Classi�ers
suchas1NN andglobalPCAclearlywill notwork, whereas
indivPCAis goodcandidate.

Finally, we shouldpoint out that our approachis appli-
cable to other non-faceobjectsas well. In fact, our ap-
proachshouldbeseriouslyconsideredfor recognizingnon-
rigid, deformableobjects,where�nding suitablefeatures
hasproven to be dif�cult. As long asmodelscanbe built
to synthesizeimagesof theseobjectsrealistically, we can
combinethemwith an appropriateexemplar-basedclassi-
�er to do thejob.

7. Conclusion

We concludeby summarizingthekey pointsin this paper:
We have proposeda new approachfor face recognition.
Themain ideais to utilize models,statisticalor otherwise,
to synthesizemany moreimagesfrom a given few, which
canthenbe usedto train an exemplar-basedclassi�er. We
demonstratedthis ideaby showing how a statisticalshape-
from-shadingmodelmaybeusedto synthesizeimagesun-
der novel illumination, andnext by using this setof aug-



mentedtraining imagesto build a simple,exemplar-based
classi�er. We alsoanalyzedthemathematicalstructurebe-
hind thesynthesisandclassi�cationschemeandsuggested
waysto improve theconstructionof theclassi�er. We note
thatoursyntheticimagesarenotperfect;they degradeunder
extremeillumination, but we canexpectbettertechniques
to correctfor this in future. Indeed,the computergraph-
ics communityis relentlesslyperfectingthe art of synthe-
sizing realistic faces. We shouldbe able to leveragetheir
techniquesto furtherour own goals,thatof perfectingface
recognition.

In thenearfuture,we intendto further develop this ap-
proachin severalways. On thesynthesisside,we hopeto
usegraphicsmodelsto generateposeandexpressionvari-
ations. As for classi�er design,we want to explore clas-
si�ers thatcancompactlyrepresentall thesyntheticexem-
plarswithoutcombinatoriallyexploding,or thosethatwere
neverpossiblebeforedueto a lack of trainingdata.Where
thestructurepermits,we intendto mathematicallyanalyze
both the synthesisalgorithm and classi�cation methodin
orderto designbetterclassi�ers.
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We computetheexpectationof eachelementof thematrix
asbefore,by converting into Sphericalcoordinates.This
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