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Abstract This paperpresentsa novel algorithmaiming at analysisandidenti-
�cation of facesviewed from differentposesandillumination conditions.Face
analysisfrom a singleimageis performedby recovering theshapeandtextures
parametersof a 3D MorphableModel in an analysis-by-synthesisfashion.The
shapeparametersarecomputedfrom a shapeerrorestimatedby optical�o w and
thetextureparametersareobtainedfrom a textureerror. Thealgorithmuseslin-
earequationsto recovertheshapeandtextureparametersirrespectiveof poseand
lighting conditionsof thefaceimage.Identi�cation experimentsarereportedon
more than5000 imagesfrom the publicly availableCMU-PIE databasewhich
includesfacesviewed from 13 differentposesandunder22 different illumina-
tions. Extensive identi�cation resultsare available on our web pagefor future
comparisonwith novel algorithms.

1 Intr oduction

Imagesof facesdo not dependon identity only, unfortunately. They are also in�u-
encedby illumination,by theposefrom which thefaceis viewedandby its expression.
Hencea faceanalysissystemis confrontedwith theperplexing taskof separatingdif-
ferentsourcesof imagevariation. The recentFERETtestsrevealedthat recognition
performancedropssigni�cantly whenposeand/ordirectedlight arepresentin theinput
images[16]. Solving thesetwo problemshasbecomea major researchissue.In this
paperwepresentanovel algorithmableto identify facesin presenceof combinedpose
andilluminationvariation.

A commonapproachfor addressingtheseproblemsis to build anexplicit generative
modelof the variationsof faceimages.Then,analysisof a novel faceimagerequires
the �tting of an imagegeneratedby themodelto thenovel image,therebycodingthe
novel imagein termsof modelparameters.This �tting problemis in factanoptimisa-
tion problem:Its goal is to �nd the modelparameterswhich minimisethe difference
betweentheimageproducedby themodelandthenovel image.Theminimisationcan
be performedby a standardgradientdescentalgorithm [15] [6] or by a Levenberg-
Marquardt[17] which is computationallyexpensive as it computesat eachiteration
the gradientof the imagedifference. This predicamentlead�rst Gleicher[12], then
Sclaroff andIsidoro [20] andCooteset al. [8] to derive an optimisation-basedalgo-
rithm in the speci�c context of modelregistration.This new approach,referredto as
ImageDifferenceDecomposition(IDD), makestheassumptionthatthereis a linearde-
pendency betweentheimagedifference(thatis, thedifferencebetweenthemodelimage
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andtheinput image)andtheparameterupdate.Gleicher[12] appliesthismethodto re-
cover theprojective transformationparametersof a small imageregion undermotion.
Sclaroff andIsidoro [20] endeavour to track thenon-rigidmotionof an imageregion.
Cootesetal. [8] useIDD to �t a2D facemodelto anovel faceimage.

Basedon a theoryof thecompleteimageformationprocess(Section2 and3), we
show that, in fact, the error function dependsnon-linearlyon the parametersandthe
linearassumptionmadeby IDD holdsonly onasmalldomainof variations(andnoton
thegeneralproblemwhich interestsus,thatof combinedvariationof poseandillumi-
nation).To approximatethenon-linearimagevariations,inducedby only theazimuth
angle,Cooteset al. [9] hadto learn� ve linear relations.If the numberon non-linear
degreesof freedomincreases(elevation angle,directionof light, etc.), the numberof
linearrelationsrequiredwould grow exponentially. To overcomethis problem,we use
a 3D modelthat is ableto describefacesviewedunderarbitraryposeandilluminated
from any direction.To �t themodel,we do not assumea linearrelationasin IDD, but
we exploit, in Section4, the fact that theerror function is a non-linearmixing of two
linearparts:A shapeerrorfunctionwhich linearly dependson theshapeparametersof
the modelanda texture error which alsodependslinearly on the texture parameters.
Hence,a Linear ShapeandTexture (LiST) �tting algorithmis proposed,in Section5,
whichusesthesetwo linearfunctionsto iteratively updatetheshapeandtextureparam-
eters.Fitting andidenti�cation experimentsarepresented,in Section7, on morethan
5000imagesfrom thepublicly availableCMU-PIE databasewhich show facesviewed
from 13differentposesandunder22differentlighting.

2 Mor phableModel
In this sectionwe brie�y outline theMorphableModel. A detaileddescriptioncanbe
found in [6] and[7]. The 3D MorphableFaceModel is a modelof facesrepresented
in 3D whereshapeinformationis separatedfrom texture information.The shapeand
texture modelsarelearntfrom a setof 200 exemplarfaceswhich wereacquiredby a
3D CyberwareTM scanner. This scannerallows the samplingof texture with little in-
terferencefrom any externallighting. Hencetexturevaluescanberegardedasalbedo
valueswhich arecharacteristicof identity only. Building a 3D MorphableFaceModel
requiresto transformthe shapeand texture spacesinto vector spacesfor which any
convex combinationof exemplarshapesandtexturesdescribesa realistichumanface.
This is achieved by settingthe exemplarfacesin full correspondencewith respectto
a referenceshape.Correspondencesbetweenall exemplarfaceandthe referenceface
areestablishedby anoptical �o w algorithm[2]. This producesa 3D deformation�eld
for eachexemplarfaceswhich is usedto warp the texturesonto the referenceshape
yielding a shape-freetexture. This schemeintroducesa consistentlabelling of ver-
tices acrossthe whole set of exemplarfaces.The geometryof a faceis represented
by a shapevector s = (X 1; Y1; Z1; X 2; : : : ; YN ; ZN ) 2 R 3N that containsthe
X ; Y; Z coordinatesof its N vertices.For simplicity theR; G; B texturevaluesare
sampledat thesameN points,thereforethe texturevectorof a faceis representedby
t = (R1; G1; B1; R2; : : : ; GN ; BN ) 2 R 3N . Realisticnovel shapeandtexturevec-
tors, s and t canbe generatedby convex combinationof the M exemplars,sex and
t ex :

s =
MX

i =1

ai sex
i ; t =

MX

i =1

bi t ex
i ;

MX

i =1

ai =
MX

i =1

bi = 1 (1)
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To takeadvantageof theinherentregularityof humanfacesandreducethedimensional-
ity of theshapeandtexturespaces,apopularstatisticaltechnique,PrincipalComponent
Analysis,is used.PCA is appliedseparatelyon the shapeandtexture spaces,thereby
ignoringthecorrelationbetweenshapeandtextureasopposedto othertechniques[8].
We describetheapplicationof PCA to shapes,its applicationto texturesis straightfor-
ward. After subtractingtheir mean,s, theexemplarsarearrangedin a datamatrix A
andtheeigenvectorsof its covariancematrix C arecomputedusingtheSingularValue
Decomposition[18] of A :

s = 1
M

P M
i =1 sex

i ; ai = sex
i � s; A = (a1; a2; : : : ; aM ) = U�V T;

C = 1
M AA T = 1

M U� 2U T
(2)

The M columnsof the orthogonalmatrix U are the eigenvectorsof the covariance

matrixC, and� 2
i = � 2

i
M areits eigenvalues,wherethe� i aretheelementsof thediagonal

matrix � , arrangedin decreasingorder. Now, insteadof describinga novel shapeand
textureasa convex combinationof exemplars,asin Equation1, we expressthemasa
linearcombinationof shapeandtextureeigenvectors,si andt i , respectively:

s = s +
M � 1X

i =1

� i � s;i si t = t +
M � 1X

i =1

� i � t;i t i ; (3)

To achieve dimensionalityreduction,the last eigenvalues(which arevery small com-
paredto the�rst eigenvalues)aresetto zero.Hence,Equation3, is reformulatedas:

s = s + S� ; t = t + T� (4)

wherethecolumnsof S andT arethemostsigni�cant eigenvectorssi andt i , re-scaled
by theirstandarddeviation. TheMorphableModelshapeandtexturecoef�cients � and
� constituteaposeandilluminationinvariantlow-dimensionalcodingof theidentityof
a faceasthey arederivedfrom characteristicspertainingonly to theidentity (3D shape
andalbedo).They will beusedto identify facesin Section7.2.

An additionalandimportantbene�t of PCA is that it providesan estimateof the
probabilitydensitiesof theshapesandtextures,assumingthatthesedensitiesareGaus-
sian:

p(s) � e� 1
2 k� k2

; p(t ) � e� 1
2 k� k2

: (5)

3 FaceRendering

The MorphableFaceModel is a generative modelwhich canproducephoto-realistic
faceimages.In thissection,wesummarisethegraphicalrenderingprocesswhichtrans-
formsfaceshapeandtexturevectors,s andt , into afaceimageI . For moreinformation
see[6], or [7]. In thissection,weuseahat̂ to denoteentitiespertainingto asinglever-
tex.

ShapeTransformation Let us denoteby ŝ, the (X ; Y; Z ) coordinatesof a vertex of
the shapes. The �rst rigid transformationis a translationby ^t 3d anda rotationabout
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theaxesX ; Y; Z of angles� , 
 and� . Thetranslation̂t 3d is suchasit setstheorigin at
thecentreof the3D shapes. Wedenoteby ŵ theresultof this transformation:

ŵ = R̂� R̂
 R̂� (v̂ + t̂ 3d); t̂ 3d =
NX

j

ŝj (6)

The 2D imagecoordinatesof the vertex, denotedby ŝ2d, are then determinedusing
an orthographicprojection(asopposedto [6]) which is legitimatewhenthe distance
from thecamerato therenderedheadis muchlargerthanits dimension.In practisethis
introducesonly aminorerror. After theprojectiona2D translation,̂t 2d andare-scaling
of f areapplied:

ŝ2d = f
�

1 0 0
0 1 0

�
ŵ + t̂ 2d (7)

Equations4, 6 and 7 canbe expressedasoneequationfor the entiresetof vertices,
clarifying thedependency betweenthe2D imagecoordinatesvectors2d andtheshape
parameters� :

s2d = f P R (s + S � + t 3d) + t 2d (8)

wheret 3d andt 2d aretranslationvectorsof length3N and2N respectively formedby
concatenatinĝt 3d andt̂ 2d. R is a 3N � 3N block diagonalmatrix which performsthe
rotationR� R
 R� of all N vertices.P is the2N � 3N orthographicprojectionmatrix
for the ensembleof vertices.Note that, for rendering,a testof visibility muststill be
performedusingaz-buffer method[11].

Illumination and Colour Transformation We assumethatthefaceis illuminatedby
ambientlight andonedirectedlight. In the samefashionasthe shapetransformation
aforementioned,we denoteby t̂ theR, G, B colourvaluesof onevertex of thetexture
t andby n̂ its unit-lengthnormal(computedby useof theshapês). The illumination
effectsaremodelledusingPhongillumination [11]:

t̂ l = (Âamb + ĥn; l i Âdir )t̂ + ks hv ; r̂ i � Âdir 1; r̂ = 2ĥn; l i � l ; kr k = 1 (9)

wheret̂ l is theresultingcolourof thevertex, Âamb is a diagonalmatrix containingthe
R, G, B colourvaluesof theambientlight, l is thedirectionof thelight, Âdir thediago-
nal matrix holdingits colour, ks, thespecularre�ectance,� , theangulardistribution of
thespecularitiesof humanskin (or shininess), v , theviewing direction,1, a vectorof
onesandr is thedirectionof maximumspecularre�ection.

The secondcolour transformationallows to rendervarioustypesof imagessuch
asphotographfrom differentsources,grey-scaleimagesor paintings[6] [7]. It usesa
diagonalmatrix, G, storingthe R, G, B colour gains,a vector ô containingthe R, G,
B offsetsanda matrix M (c) which interpolatesbetweentheoriginal colourvaluesand
the overall luminancedependingon the colour contrastc. The resultingcolour of the
vertex renderedin theimageat thepositionŝ2d is t̂ M :

t̂ M = G M (c) t̂ l + ô; M (c) = c I + (1 � c)

0

@
0:3 0:59 0:11
0:3 0:59 0:11
0:3 0:59 0:11

1

A (10)
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Again, thedependency of therenderedtextureover themodelparameters� is clari�ed
by summarisingEquations4, 9 and10asone:

t M = (Aamb + Adir ) (t + T� ) + aspec + o (11)

whereAamb andAdir area3N � 3N blockdiagonalmatrix representingtheeffectsof
colour transformation,G andM (c), and,respectively, theambientlight Âamb andthe
lambertianpartof thedirectedlights;aspec containsthespecularpartof thelight ando
theR, G, B offset.

TextureWarping Theimageof afaceis producedby settingthecolourof thevertices,
t M , at thepositionss2d. Naturally, this is performedonly for thevisiblevertices.As the
valuesof s2d arenon-discrete,arasterisationis performed.Also, to obtainasmoothand
continuousimage,a 2D to 2D mappingis achieved,wherebythe colourof pixels be-
tweenverticesis interpolatedusingthetopologyprovidedby a triangularmesh.These
threestepsconstituteawarpingoperation,denotedby thefunctionW(�; �):

I = W(s2d; t M ) (12)

4 Inversionof the FaceImageFormation Process

In Section2 and 3 the problemof the generation of a photo-realisticfaceimageis
described.Algorithms of this kind found many applicationsin the �eld of Computer
Graphics.Here,we areinterestedin theinverseproblem,thatof recoveringtheshape,
texture, rigid transformation,colour transformationandlighting parametersfrom one
imageof a face,I input . This vision problemis generallyreferredto as�tting. In this
section,thetheorymotivatinganovel �tting algorithmis detailedandin thenext section
the�tting algorithmis formally described.

Explaininganinput imagein termsof modelparametersis usuallyperformedusing
an Analysis-by-Synthesisloop whereby, at eachiteration,an imageis generatedusing
the currentestimateof the modelparameters,thenthe differencebetweenthe model
imageandtheinput imageis computed,andanupdateof themodelparameterswhich
reducesthisdifferenceissoughtfor. Thisisaminimisationproblemwhosecostfunction
is theimagedifferencebetweentheimagerenderedby themodelandtheinput image.
Theimagedifference,� t canbecomputedonthereferencegrid obtainedfrom theshape
estimate:

t I = W � 1(s2d; I input ) � t = t M � t I (13)

wheret I is a texture vector formed by the R, G, B valuessampledfrom the input
imageat thepixelsgivenby thecurrentshapeestimates2d. Suchanerrorfunctionwas
introducedby theImageDifferenceDecompositionalgorithm[12] andusedto update
theparametersusinga linearequation:

� p = A � t (14)

wherep regroupsthe modelparameterswhich areto be recoveredandA is a matrix
learntoff-line. However this lineardependency is anassumptionwhichholdsin asmall
domainof variationof I input . In the presenceof poseandillumination variation,the
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imageformationprocess,describedin Section3, allows theexpressionof Equation13
as:

� t =
@t M

@�
� � +

@t M

@�
� � +

@t M

@pi
� pi �

@W � 1(s2d; I input )
@s2d

�
@s2d

@�
� � +

@s2d

@pr
� pr

�

(15)
Several of theseJacobimatricesare not constantdue to the non-linearin�uence of
the shapeand the illumination on the texture (seeEquation9 and 11). This makes
Equation13 non-linearandtheassumptionleadingto Equation14 violated.Thenon-
constancy of thederivativesobligestheir re-computationat eachiterationof the�tting
algorithm. However, wecanstill bene�t from theregularityof theproblemby realising
that someof the derivatives are relatively inexpensive to compute:If � and p i are
maintainedconstant,@t M

@� is constantandcanbe computedat relatively low costand

usedto update� . Hence,� � is obtainedby solvingasimplesystemof linearequations.
Similarly, � , p i andpr areupdatedseparatelywhile maintainingtheotherparameters
constant.This processis repeatediteratively until globalconvergenceis obtained.The
recoveryof eachof theparametersis detailedin thenext two sections.It shouldbenoted
thateachparameterupdateis biasedbecausetheotherparametersarekeptconstant.To
overcomethisproblemaregularisationtechnique,detailedin Section4.3, is used.

4.1 ShapeFitting
Updatingthe shapeparameters� from an imagedifference� t is dif�cult dueto the
combinedin�uence of: (i) theshapeerror(ii) thenormalswhich dependsnon-linearly
on the shapeand (iii) the texture error (seeEquation9 and 11). On the other hand,
recoveringtheshapeparameters� from ashapeerroris easier:if f ; �; 
 and� arekept
constanttherelationbetweentheshapes2d and� is linear(from Equation8):

@s2d

@�
= f P R S (16)

So,thederivativeis the2D projectionof theshapePCAmatrixrotatedandscaledby the
currentestimateof theposeandscaleparameters,�; 
 ; � , andf . Notethatthisgradient
is not learntoff-line nor numericallyestimatedon-line,it simply resultsfrom a matrix
multiplication.Hence,updating� from ashapeerror� s2d requiresonly to solvealinear
systemof equations.Ideally theshapeerrorwouldbedirectlyobtainedfrom theimage
(asfor thetextureerrordescribedin thenext section).However, astheimagedoesnot
containany shapeinformation,theshapeerroris estimatedby applyinganoptical�o w
algorithm[2] betweentheinput imageandthemodelimagerenderedusingthecurrent
parameters.Wedenoteby sof

2d the shaperecoveredby optical�o w in theimageframe.

Rotation, Translation and ScaleParametersUpdate Equation16 is usedto update
theshapemodelparameter� but is not appropriateto updatetheshapetransformation
parametersdue to the non-linearinteractionof the parameters.Therefore,to recover
theseparameters,a Levenberg-Marquardtoptimisation[18] is usedto minimise the
geometricalerrorbetweensof

2d andthemodelpoints[14]:

arg min
f ;�;
 ;� ;t 2d

k sof
2d � (f P R (s + S � + t 3d) + t 2d) k2 = ( ~f ; ~� ; ~
 ; ~� ;~t 2d) (17)

Theparameters� andt 3d arenot optimised.Thecurrentvalueof � is usedandt 3d is
uniquelydeterminedby � (asit is thecentreof massof s). This optimisationis very
fastasthesearchspaceis very low-dimensional(6).
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ShapeModel Parameters Update A Shapeerror, � s2d, is de�ned asthe difference
betweentheshaperecoveredby optical�o w sof

2d andtheshaperenderedusingthenew
rotationandscalingparameters~f ; ~� ; ~
 ; ~� ;~t 2d andthecurrentestimateof � . If the ro-
tation andscalingparametersarekept constant,the dependency between� s2d and�
is linear. Hence,theupdateof � which explainstheremainingof � s2d (not accounted
for by the rotation,translationandscaling)is obtainedin a singlestep,by solving an
over-constrainedlinearsystemof equations:

� s2d = f P R S � � (18)
4.2 Texture Fitting
Illumination and Colour Transformation Update The updateon p i is performed
while maintainingthe other parametersconstant.Unfortunately� t doesnot depend
linearly on thep i and,similarly to thepr updateaforementioned,we have to resortto
a non-linearLevenberg-Marquardtminimisation[18] to recover the illumination and
colourtransformationparameters.Theproblemto besolvedis:

min
A amb ;A dir ;G;c; o

k � t k2 (19)

with � t de�ned by Equation13. Theminimisationcanbeperformedon theensemble
of thevisible verticesor on a subsetthereofto decreasecomputationtime.Again, this
optimisationis fastdueto thelow-dimensionalityof thesearchspace(11).

Texture Model Parameters Update If � , p i andpr arekept constantEquation15
becomes:

� t = (Aamb + Adir ) T � � (20)

Similarly to the shapeparameterupdate,the texture parameterupdateis obtainedin
a singlestepby solving an over-constrainedlinear systemof equationsperformedby
computingthepseudo-inverseof (Aamb + Adir ) T. Again, to speed-uptheprocessing,
only asubsetof thepixelscanbeused.

4.3 Model Constraints
The�tting algorithmexploits thefactthattheshapeandimagedifferencesdependlin-
earlyon, respectively, theshapeandtexturemodelparameters,if theotherparameters
aremaintainedconstant.This restrictionintroducesabiasin @s2d

@� andin @I
@� . Therefore

updating� and � solely basedon Equations18 and20 would lead to inaccuracies.
Theseequationsmustbetradedoff with theprior probabilitiesof theparametersgiven
by Equation5. In theremainingof this section,we discussonly theshapeparameters.
The sameis performedon the texture parameters.Equation18 solves the following
problem:

min
� �

k� s2d � A � � k2 (21)

wherethe matrix A is equalto f P R S. Now, insteadof solving this problem,we
favoursolvingthefollowing problem:

min
� �

�
k� s2d � A � � k2 + � k� cur + � � k2�

(22)

where� cur is the shapemodel parametervector beforethe update.This formula is
motivatedby the fact that the prior probability of � = � cur + � � directly depends
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on its norm. The parameter� tradesoff the prior probability and the �tting quality.
Applying singularvaluedecompositionto A yieldsA = Udiag(wi )V T, wherewi are
thesingularvaluesof A. It canbeshown thatEquation22 is minimal for:

� � = V diag(
wi

w2
i + �

) UT � s2d � V diag(
�

w2
i + �

) V T � cur (23)

Note that (i) if � = 0, the updatecomputedby Equation23 is the sameas the one
obtainedby Equation18 andthat (ii) computingthe updateusingEquation18 is not
muchmoreexpensive ascomputingtheupdateusingEquation23.

Value of � Thevalueof � dependson themagnitudeof k� s2dk2 relative to themag-
nitudeof k� � k2 (Equation22). As � � alsodependson � (Equation23), it appears,at
�rst, that thesevaluesmustbe tunedthroughan iterative process.However, k� s2dk2

andk� � k2 arerelatedby thesingularvaluesof A:

w2
n <

k� s2dk2

k� � k2 < w2
1 (24)

wherewn and w1 are, respectively, the lowest and the largestsingularvaluesof A.
Hence,the following algorithmis usedto tune� : At thebeginningof the �tting algo-
rithm, A is stronglybiaseddueto thefact that theotherparameters(f ; �; 
 and� ) are
far from their optimum,hencewe set� to thesquareof oneof the�rst singularvalues.
Then,astheotherparametersreachtheir optimum,thecon�dencein A increases,and
� is decreasedon thespectrumof thesingularvaluesof A. More speci�c detailabout
thisprocessis givenin thenext Section.

5 LiST - a Linear Shapeand TextureFitting Algorithm

Basedon theinversionof theimageformationprocessdetailedin theprevioussection,
we present,in this section,the �tting algorithmwhich is summarisedin Figure1. The
key featureof this �tting algorithmis theexploitationof linear relationsto updatethe
shapeandtextureparameters.Thereforewe referto this algorithmastheLinear Shape
andTexture (LiST) �tting algorithm.

1. Model Estimate: Beforestartingthe algorithm,the parametersare initialised to
their averagevalues(� = � = 0) except for the poseparametersf ; �; 
 ; � and
t 2d, which mustbeestimatedby useof othermeans(manually, usinga face-pose
detectoror usingadditional3D cameraandheadpositioninformationasdonein
our experiments(seeSection7)). Also, the directionof the light mustbe known
as this parameteris not recoveredby the algorithm.Basedon theseparameters,
a model imageis generatedoverlayingthe input image.It is usedasinput of the
optical�o w algorithm.

2. Optical Flow: A coarse-to-�neoptical�o w algorithm[2] is performedto recover
theshapedeformationbetweentheinput imageandthecurrentmodelestimate.For
the �rst iterationsthereis a largedifferencebetweenthe two images(mostly due
to thefact that theillumination andcolourparametersarenot recoveredyet).This
may leadto inaccuraciesin theoptical �o w algorithm.Thereforethealgorithmis
notappliedontheraw RGBvaluesbut ontheimages�ltered by aLaplaciankernel.
Also, theaccuracy of the�o w recoveredat onepixel dependson themagnitudeof
the Laplacianat that pixel. Thereforeonly the �o w of the salientpixels whose
Laplacianis higherthana threshold(thesalientpixels)is used.
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Input Image

-

-

OF

min

min

PSfragreplacements

I input

s2d

s2d

s2d

sof
2d

sof
2d

sof
2d

� s2d

� t

� t

t M

t M

W � 1

1. Model Estimate: This imageshowsthecurrentmodelestimate
overlayingthe input image.It is usedasoneof the two input im-
agesof theoptical�o w algorithm.

2. Optical Flow: A coarse-to-�neoptical �o w algorithmis per-
formedaimingat recoveringtheshapedeformation,s 2d , between
theinput imageandthecurrentmodelestimate

3. Rotation, translation and scale update: f ; �; 
 ; � andt 2d
areupdatedby solving:

min
f ;�;
 ;� ; t 2d

ksof
2d � ( f P R (s + S� + t 3d ) + t 2d )k2

usingLevenberg-Marquardt.

4. Shape update: � is updatedby solving the following linear
systemof equations:

� s2d = ( f P R S) � �

Equation23 is usedto solve thesystem.

5. Illumination & colour transformation update: Update
A amb ; A dir ; G; c ando by solving:

min
A amb ;A dir ;G;c; o

k� t k2

usingLevenberg-Marquardt.

6. Texture update: � is updatedby solving the following linear
systemof equations:

� t = (A amb + A dir ) T � �

Equation23 is usedto solve thesystem.

Figure1. This �gure visuallydemonstratethesix stepsof the�rst iterationof theLiST
�tting algorithm.

3. Rotation, translation and scale update: f ; �; 
 ; � andt 2d areupdatedby min-
imising thedifferencebetweentheshaperecoveredby optical �o w andthemodel
shapeover the setof salientpixels. This is achieved by solving Equation17. As
the cost function is non-linear, the minimisationis carriedout by a Levenberg-
Marquardtalgorithm[18].

4. Shape update: � is updatedby solving the linearEquation18 by useof Equa-
tion 23. Thevalueof � is chosenbasedon the iterationnumber. At thebeginning
of the algorithm, the shapederivative is strongly biaseddue to the fact that the
otherparametersarefar from their optimum.Hencea strongweight on the prior
probabilitymustbechosen.Therefore,at the �rst iteration,� is setto w2

i 1
, where

wi arethesingularvaluesof thegradientmatrix, i 1 = 0:1 n andn is thenumber
of singularvalues(i.e. the numberof shapeparameters).At the seconditeration,
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i 2 = 0:2 � n, andsoforth. At thetenthiterationandthereafter, thecostfunctionis
not in�uencedby theprior probabilitiesanymore.

5. Illumination and colour transformation update: Similarly to step3,Aamb , Adir ,
G, c ando areupdatedby solvingEquation19usingaLevenberg-Marquardtalgo-
rithm [18].

6. Texture update: Similarly to step4, the texture parameters� are updatedby
solvingthelinearEquation20by useof Equation23. Theselectionof � is thesame
asexplainedat step4. After this step,all the parametershave beensuccessively
updatedanda new iterationis startedat step1. The iterative algorithmis stopped
whenk� t k2 obtainedafterthis iterationbecomesstationary.

6 Discussion

Building on our earlier3D morphablemodel�tting usingstochasticgradientdescent
(SGD) [5], we now developedLiST, analgorithmwhich takesadvantageof the linear
partsof themodel.Appliedto theproblemof facerecognition,weachievedwith LiST a
similarperformancethantheSGDalgorithmin amoreef�cient manner(5 timesfaster).
LiST departsfrom SGD in that it estimatesdifferentshapeand texture errorswhich
areusedto updatethe shapeand texture modelparametersseparately. The accuracy
of theshapeestimatedependson thegoodnessof the textureestimateandvice-versa.
Therefore,it is paramountto interleave shapeandtextureupdateastheconvergenceof
onehelpstheconvergenceof theother. Theability of LiST to recover out of theimage
planerotationanddirectedillumination (seeexperimentsin Section7) originatesfrom
thefactthatit is basedonamodelwhichcloselyapproximatesphysicalreality.

LiST bearssomeresemblancewith theActive ShapeModel (ASM) [10] andwith
theVectorizer[3]. TheASM recoversthe2D shapeof objects,representedasa sparse
numberof landmarkpoints,usinganequationsimilar to theEquation18. Apart from
the shaperepresentation(densephysically-based3D shapeas opposedto sparse2D
shape),themaindifferencebetweenLiST andASM lies in theshapeerrorestimation.
As theASM lacksa texturemodel,theshapeis recoveredby searchingthe imagefor
edgesalongthenormalsof the2D shape.By contrast,LiST usesthefull estimateof the
texturemodelto constrainttheoptical �o w shaperecovery, therebyusingmoreimage
informationthantheASM.

The Vectorizer[3] recoversthe shapeusingoptical �o w betweenthe input image
anda model-generatedimagein a similar fashionto steps1 and2 of LiST. However,
theVectorizerlacksa shapemodelandhencetheshapeyieldedby optical �o w is not
constrainedby ashapeprior probabilityasis achievedby LiST via Equations18and23.

As mentionedin Section4, themaindifferencebetweenImageDifferenceDecom-
positionalgorithmsandLiST is theutilisationby LiST of anexplicit shapeerrorwhich
allows us to take advantageof the linearitiesof the shapemodelto recover the shape
parameters.On theotherhand,in IDD theshapeerror is implicitly representedin the
texture errorwhich is, asexplainedin Section4, a sourceof non-linearities.As these
non-linearitiesare modelledby a constantJacobimatrix, IDD is not designedto be
usedon a generalproblemsuchasfaceimage�tting exhibiting poseandlight varia-
tions.To modelonly onenon-lineardegreeof freedom(the azimuthangle)Cooteset
al. hadto learn� ve constantgradientmatrices[9]. In presenceof combinedposeand
illumination variationthenumberof constantJacobimatricesrequiredto approximate
thenon-linearitieswould increaseexponentially.
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7 Experiments

In this sections,the�tting andidenti�cation performancesareinvestigatedon thePose
Illumination andExpression(PIE) databasefrom CMU [21] which exhibits combined
variationsof poseanddirectedlight. Noneof the 68 individuals in the PIE database
is in the training setof 3D scans.We selectedtwo portionsof the databaseto carry
out our tests:The �rst part includesposevariationsat ambientlight: eachindividual
is imagedfrom 13 differentposes(884 imagesoverall). The secondportion presents
variationwith respectto bothposeanddirectedilluminationandwith anambientlight.
Eachindividual is imagedat3 posesandilluminatedfrom 22differentdirections(4488
imagesoverall). The camerasand�ashesaredistributedin an hemispherein front of
thesubjectasshown in Figure2.
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Figure2.PIEdatabasecameraandlight positions.(a)A plot of theazimuthandaltitude
anglesof thecameras,alongwith thecameraID number. 9 of the13 camerassamplea
half circleat roughlyheadheightrangingfrom a full left to a full right pro�le view(+/-
60degrees);2 cameraswereplacedaboveandbelow thecentralcamera;and2 cameras
werepositionedin thecornersof theroom.(b) 3D locationsof thecameras,the�ashes
andthehead.Courtesyof [21] and[13].

7.1 Fitting
Before�tting a faceimage,the facemustbe detected,its poseestimatedandthe di-
rectionof the light mustbe known. During executionof the algorithm,it re�nes the
estimateof the facelocationandposebut leavestheapproximationof the light direc-
tion constant.Theinitial valueof all theotherparametersis theiraveragevalue.For the
experimentson the PIE database,the faceposewasestimatedautomaticallyfrom the
geometricalinformationprovidedby theCMU database.Indeed,the3D positionof the
cameras,thelight sourcesandtheheadwererecordedat thetimeof thedataacquisition
[21]. Thesedataallow us to recover an initial estimateof the azimuthof the face(� )
andthedirectionof thelight l . Thetwo otheranglesdeterminingtheposeof theface(�
and
 ) wereleft to their averagevalue(0). 2D translationandsizeparameters,t 2d and
f , wereestimatedusingthe2D positionsof thetwo eyesandthemouthalsoprovided
by themakerof thedatabase.As explainedin [13], the2D locationswereautomatically
recoveredusingFaceIt's face�nding moduleandmanuallyveri�ed.

On average,thealgorithmconvergesin 8 iterations.Thetime requiredperiteration
is lessthan a minute on a PentiumIII 800 MHz. More than the half of this time is
consumedin the optical �o w computation.We anticipatean importantspeedup of
the algorithmif we apply it in a coarseto �ne approach,however the impactof this
implementationon thealgorithmperformancesmustbecarefullyevaluated.
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Figure3 shows � ve �tting examples.The �rst line depictsthe initial valuesof the
parameters,thesecondrepresentsthe�tted modelimageandthelastshowstheoriginal
input images.Due to legal reasons,we areallowed to show imagesof very few indi-
vidualsonly. Unfortunately, this subsetof individual is not representative of thewhole
databaseasmany personsworeglassesandhave facialhair.

Figure3. Examplesof Fitting. Top row: Initial parameters,Middle row: Fitting result,
Bottom row: Input image.Thefourthcolumnis anexampleof bad�tting.

7.2 Identi�cation
The�tting procedureprovidesshapeandtexturecoef�cient which,asexplainedin Sec-
tion 2, dependsof the identity only. Identi�cation of a novel faceimageis performed
by matchingthecoef�cients recoveredfrom the imagewith thecoef�cients recovered
from theimageof a known individual.Thematchingcriterionusedis a simplenearest
neighbourclassi�cationruleusingthefollowing correlation-basedsimilarity measure:

d =
h� ; � 0i

k� k k� 0k
+

h� ; � 0i
k� k k� 0k

(25)

wheretheprimedsymbolspertainto thegalleryimage(known individuals)andthenon-
primedto theprobeimage(novel images).We usethecloseduniversemodelwhereby
every probeimageshows anindividual thatcanbefoundin thegallery. To enablepast
andfuturealgorithmassessment,we madepublicly availableour identi�cation results
on our webpage1: for eachprobeimagewe provide theorderedlist of gallery images
alongwith thedistanced betweenthegallery imagesandtheprobeimage.

1 http://graphics.informatik.uni-freiburg.de/publications/list

http://graphics.informatik.uni-freiburg.de/publications/list
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Posevariations Here, the performancesof the �tting algorithm are evaluatedwith
respectto identi�cation across13 differentposeswith ambientlight. Thegallery con-
tainsa singleimageper individual at the samepose.Eachposeis usedin turn in the
gallery. Table1 showsthecompleteconfusionmatrix.Eachof the13� 13cellsreferto
anidenti�cation experimentof 68 probeimagesusinga gallery of 68 individuals.The
last columnof the tableshows thepercentageof correctidenti�cation for a particular
gallery view averagedon the entireprobeset.The only reportedresultsof this setof
experiments(performedon the sameimagesusing the sameinitial parameters(eyes
andmouthcoordinates))is in [13] usingVisionicsFaceIt,oneof the mostsuccessful
commercialfacerecognitionsystem.FaceIt �nished asthe top performerin the Face
RecognitionVendorTest2000[4]. Visionicsclaim that FaceItcanhandleposevari-
ation up to 35 degreesin all direction.Our identi�cation resultsoutperformFaceIt in
all 169 cells.For front gallery andprobeviews, our algorithmoutperformsFaceItby
a few percentsandthe improvementof our algorithmcomparedto FaceItincreasesas
theprobeandgalleryposeincrease,averagingto morethan60 % correctidenti�cation
augmentation.Theseresultsclearly show that, for pose-invariant face identi�cation, a 3D
representationis valuable.

azimuth -66 -47 -46 -32 -17 0 0 0 16 31 44 44 62

altitude 3 13 2 2 2 15 2 1.9 2 2 2 13 3

ProbePose 34 31 14 11 29 09 27 07 05 37 25 02 22 mean
GalleryPose

34 - 81 84 78 60 56 54 41 43 44 50 53 53 61

31 91 - 96 93 87 82 79 78 69 65 63 57 47 77

14 88 97 - 100 93 78 85 82 68 62 54 62 51 79

11 76 94 99 - 94 85 94 91 74 65 50 53 44 78

29 60 84 90 96 - 94 96 93 78 68 59 54 40 78

09 53 79 81 88 94 - 97 90 87 84 76 69 43 80

27 49 78 87 93 97 99 - 99 99 94 75 76 50 84

07 35 75 81 96 93 90 99 - 93 82 62 62 38 77

05 46 78 85 88 90 93 99 94 - 93 91 85 63 85

37 47 81 78 82 82 85 93 79 94 - 91 90 78 83

25 50 71 72 60 71 84 85 65 82 85 - 88 84 77

02 49 56 65 60 62 71 78 68 75 90 91 - 81 73

22 56 43 51 44 43 49 47 50 57 71 74 84 - 59

Table 1. Confusiontablefor posevariation.Eachrow of theconfusiontableshows the
recognitionpercentageon eachof theprobeposesgivena particulargallery pose.The
cameraposition,indicatedby its azimuthandaltitudeanglesis shown in Figure2. The
tablelayoutis courtesyof [13].
Combined pose& light variations Here,we usedthe portion of the PIE database
containing4488imagesof facesof 68 individualsviewedfrom 3 poses(front (camera
27), side(cam.5) andpro�le (cam.22)) andilluminatedfrom 21 differentdirections.
Againonly asingleimageperindividual is usedin thegallery. Eachposeis usedin turn
in thegallery. Wechoselight number12 for thegalleryasthe�tting is generallyfair at
that condition.Table2 shows theconfusionmatrix for eachgallery brokendown into
probeviews andilluminations.It appearsthatthebestgeneralisationperformancesare
obtainedwith a side-view gallery. As expected,thepoorestperformancesareobtained
by a pro�le-view. This is probablydueto the lack of featuresat that view: only one
eye visible, no nostril edges,only half a mouthvisible. The resultsfor generalisation
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acrosslight variationfor similar or near-by poses(front andside)arepromising.The
decreasein identi�cation performancefor pro�le views is similar to that experienced
with ambientlight only (seeprevious paragraph).Thereforewe conjecturethat this
performancedropis duemoreto posevariationthanto light variation.To augmentour
understandingof theeffectsof combinedpose-illuminationvariationson identi�cation
accuracy, animagedatabasewith moreposesshouldbeused.

light
ambient

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

mean

FrontGallery
Front SidePro�le

97 84 48

71 60 22

95 78 28

98 83 45

98 91 65

98 89 65

98 92 65

98 94 48

100 97 57

98 89 58

100 97 72

- 98 78

98 97 77

98 98 83

98 97 80

95 94 71

97 89 75

97 85 58

97 86 54

100 97 72

100 98 58

97 97 78

97 91 60

SideGallery
Front SidePro�le

88 91 49

50 69 31

84 87 26

85 96 47

94 97 65

94 100 65

96 99 71

99 100 71

100 100 75

93 99 71

97 100 82

99 - 91

100 100 91

99 100 91

97 100 93

99 99 84

91 94 87

88 96 60

88 99 57

99 100 75

100 100 81

97 100 90

93 96 71

Pro�le Gallery
Front SidePro�le

57 72 87

29 49 51

63 54 54

54 51 66

51 53 81

65 62 84

57 65 87

63 78 96

69 88 100

60 60 78

66 75 93

75 78 -

82 85 100

82 90 100

81 90 100

87 93 100

76 85 100

43 47 78

51 50 81

59 71 85

74 79 97

74 90 100

65 71 86

Table2. Identi�cation resultsin presenceof combinedposeandilluminationvariation.
The�rst columnliststhedirectedlight number. Thethreegroupsof triple columnsshow
theresultsobtainedfor threedifferentgalleries:Front,sideandpro�le. For eachgallery,
thepercentageof correctidenti�cation for a pose-illuminationconditionis displayed.
SeeFigure2 for �ash light positions.

8 Conclusion
ThispaperpresentedLiST, anovel algorithmfor �tting a3D MorphableModel to face
images.LiST exploits the linearity of the model in the recovery of shapeandtexture
parametersleadingto arobustandef�cient algorithm.Theshapeparametersarerecov-
eredusinglinearequationsfrom ashapeerrorestimatedby optical�o w (usingtheinput
imageandthecurrenttexture).Thetextureparametersarealsocomputedusinglinear
equationsfrom atextureerrorestimatedusingthecurrentshape.LiST wasevaluatedon
thedif�cult problemof combinedpose-illuminationvariationfaceidenti�cation. State
of theart resultswereobtained.However they shouldbecon�rmed on a databasecon-
tainingmoreindividuals.LiST opensupavenuesfor furtherresearch:
Initial parameters robustness: Now that the usefulnessof our algorithm hasbeen
shown on faceidenti�cation applications,we want to evaluatetheperformanceof our
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algorithmwith respectto noisyinitial parameterestimation.
Ef�ciency : An ef�cient wayof speedingupthealgorithmis to implementit in acoarse
to �ne fashion.We areplanningto evaluatetheimpactof a coarseto �ne implementa-
tion on thealgorithmperformances.
Illumination Recovery Recently, Basri et al. [1] and Ramamoorthiet al. [19] have
shown that the diffuse part of the illumination was well approximatedby a 9D lin-
earspace.We want to leveragethese�ndings in our algorithmandrecover the light
parametersalsousing linear equations.Additionally, this methodwould alleviate the
constraintson theinitial light directionrequirements.
Acknowledgement: We thank Simon Baker and Ralph Grossfor providing us with
PIE, a greatfaceimagedatabaseandfor thesupportthey gave us in theuseof it. We
also thank Nikos Canterakisfor interestingdiscussions.This material is basedupon
work supportedby theEuropeanResearchOf�ce of theUS Army undercontractNo.
N68171-01-C-9000.
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