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Abstract This paperpresentsa novel algorithmaiming at analysisand identi-
cation of facesviewed from differentposesandillumination conditions.Face
analysisfrom a singleimageis performedby recovering the shapeandtextures
parameter®f a 3D MorphableModel in an analysis-by-synthesigshion.The
shapeparameterarecomputedrom a shapeerrorestimatedy optical o w and
thetexture parameterareobtainedfrom a texture error. The algorithmuseslin-

earequationgo recovertheshapeandtexture parametergrespectve of poseand
lighting conditionsof the faceimage.ldenti cation experimentsarereportedon
more than 5000 imagesfrom the publicly available CMU-PIE databasevhich
includesfacesviewed from 13 differentposesand under22 differentillumina-
tions. Extensve identi cation resultsare available on our web pagefor future
comparisorwith novel algorithms.

1 Intr oduction

Imagesof facesdo not dependon identity only, unfortunately They are alsoin u-
encedvy illumination, by the posefrom which thefaceis viewedandby its expression.
Hencea faceanalysissystemis confrontedwith the perpleing taskof separatinglif-
ferentsourcesof imagevariation. The recentFERET testsrevealedthat recognition
performancelropssigni cantly whenposeand/ordirectedight arepresentn theinput
images[16]. Solvingthesetwo problemshasbecomea major researctissue.In this
papemwe presentnovel algorithmableto identify facesin presencef combinedoose
andillumination variation.

A commonapproachor addressingheseproblemss to build anexplicit generatre
modelof the variationsof faceimages.Then,analysisof a novel faceimagerequires
the tting of animagegeneratedy the modelto the novel image,therebycodingthe
novel imagein termsof modelparametersThis tting problemis in factanoptimisa-
tion problem:Its goalis to nd the modelparametersvhich minimisethe difference
betweertheimageproducediy the modelandthe novel image.The minimisationcan
be performedby a standardgradientdescentalgorithm[15] [6] or by a Levenbeg-
Marquardt[17] which is computationallyexpensve asit computesat eachiteration
the gradientof the imagedifference. This predicamentead rst Gleicher[12], then
Sclarof andlsidoro[20] and Cooteset al. [8] to derive an optimisation-baseadlgo-
rithm in the speci ¢ context of modelregistration.This new approachreferredto as
Image DifferenceDecompositior{DD), makestheassumptionthatthereis alinearde-
pendeng betweentheimagedifferencgthatis, thedifferencebetweerthemodelimage
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andtheinputimage)andthe parameteupdate Gleicher[12] appliesthis methodto re-
cover the projective transformatiorparameter®f a smallimageregion undermotion.
Sclarof andlsidoro[20] ende&our to track the non-rigid motion of animageregion.
Cootesetal. [8] uselDD to t a2D facemodelto anovel faceimage.

Basedon a theoryof the completeimageformationprocesgSection2 and3), we
shaw that, in fact, the error function dependsion-linearlyon the parametersandthe
linearassumptionmadeby IDD holdsonly on a smalldomainof variations(andnoton
the generalproblemwhich interestaus, that of combinedvariationof poseandillumi-
nation).To approximatehe non-linearimagevariations,inducedby only the azimuth
angle,Cooteset al. [9] hadto learn ve linearrelations.If the numberon non-linear
degreesof freedomincreasegelevation angle,directionof light, etc.),the numberof
linearrelationsrequiredwould grow exponentially To overcomethis problem,we use
a 3D modelthatis ableto describefacesviewed underarbitrary poseandilluminated
from ary direction.To t themodel,we do notassumea linearrelationasin IDD, but
we exploit, in Section4, the factthatthe error functionis a non-linearmixing of two
linearparts:A shapeerrorfunctionwhich linearly depend®on the shapegparametersf
the modeland a texture error which also dependdinearly on the texture parameters.
Hence,a Linear Shapeand Texture (LiST) tting algorithmis proposedin Section5,
which useghesetwo linearfunctionsto iteratively updatethe shapeandtexture param-
eters.Fitting andidenti cation experimentsarepresentedin Section7, on morethan
5000imagesfrom the publicly available CMU-PIE databasevhich shav facesviewed
from 13 differentposesandunder22 differentlighting.

2 Morphable Model

In this sectionwe brie y outline the MorphableModel. A detaileddescriptioncanbe
foundin [6] and[7]. The 3D MorphableFaceModel is a modelof facesrepresented
in 3D whereshapeinformationis separatedrom texture information. The shapeand
texture modelsarelearntfrom a setof 200 exemplarfaceswhich wereacquiredby a
3D Cyberwae™ scannerThis scannemllows the samplingof texture with little in-
terferencdrom ary externallighting. Hencetexture valuescanbe regardedasalbedo
valueswhich arecharacteristiof identity only. Building a 3D MorphableFaceModel
requiresto transformthe shapeand texture spacednto vector spacedor which ary
cornvex combinationof exemplarshapesandtexturesdescribes realistichumanface.
This is achieved by settingthe exemplarfacesin full correspondencwith respecto
a referenceshape Correspondencdsetweenall exemplarfaceandthe referenceace
areestablishedy anoptical o w algorithm[2]. This producesa 3D deformationeld
for eachexemplarfaceswhich is usedto warp the texturesonto the referenceshape
yielding a shape-fredexture. This schemeintroducesa consistentabelling of ver-
tices acrossthe whole setof exemplarfaces.The geometryof a faceis represented

X; Y; Z coordinate®f its N vertices.For simplicity theR; G; B texturevaluesare
sampledatthe sameN points,thereforethe texture vectorof a faceis representedby

tors, s andt canbe generatedy cornvex combinationof the M exemplars,s® and
tex:

s=  as¥; t= hte; a = bh=1 1)
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To take advantageof theinherentregularity of humanfacesandreducehedimensional-
ity of theshapeandtexturespacesapopularstatisticatechniquepPrincipalComponent
Analysis,is used.PCA is appliedseparatelyon the shapeandtexture spacesthereby
ignoringthe correlationbetweershapeandtexture asopposedo othertechniqueg8].
We describethe applicationof PCA to shapesits applicationto texturesis straightfor
ward. After subtractingtheir mean,s, the exemplarsarearrangedn a datamatrix A
andtheeigervectorsof its covariancematrix C arecomputedusingthe SingularValue
Decompositior18] of A:

P
=— 1 M . - = - A e — .
S= i i S a=s¥ 5 A= (apayiii;aw)=UV T

- 1 T_ 1 21T
= iaaT= tu 2

The M columnsof the orthogonalmatrix U are the eigervectorsof the covariance

2

matrixC,and ? = - areits eigevalueswherethe ; aretheelementof thediagonal
matrix , arrangedn decreasingprder Now, insteadof describinga novel shapeand
texture asa corvex combinationof exemplarsasin Equationl, we expressthemasa
linearcombinationof shapeandtexture eigervectors,s; andt;, respectiely:

N1 N1

S= S+ i si S t=1t+ i it 3)
i=1 i=1

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

S=5+S ; t=1+T (4)

wherethe columnsof S andT arethemostsigni cant eigervectorss; andt;, re-scaled
by theirstandardieviation. TheMorphableModel shapeandtexturecoefcients and
constitutea poseandilluminationinvariantlow-dimensionatodingof theidentity of

afaceasthey arederivedfrom characteristicpertainingonly to theidentity (3D shape
andalbedo).They will beusedto identify facesin Section7.2

An additionalandimportantbene t of PCA is thatit providesan estimateof the
probabilitydensitief the shapesindtextures,assuminghatthesedensitiesareGaus-
sian:

ps) ek K p) e kK (5)

3 FaceRendering

The MorphableFaceModel is a generatie modelwhich can producephoto-realistic
faceimagesin this sectionwe summariseéhegraphicakrenderingorocessvhichtrans-
formsfaceshapeandtexturevectors s andt, into afaceimagel . For moreinformation
seg[6], or [7]. In this sectionwe usea hat* to denoteentitiespertainingto a singlever-
tex.

ShapeTransformation Let usdenoteby 8, the (X;Y;Z) coordinatesf a vertex of
the shapes. The rst rigid transformatioris a translationby t3y4 anda rotationabout
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theaxesX;Y;Z ofangles , and . Thetranslatiorf'sy is suchasit setsthe origin at
thecentreof the 3D shapes. We denoteby W theresultof this transformation:

X
W=RRR (0+f5); fsau= % 6)

i

The 2D image coordinatesof the vertex, denotedby 4,4, are thendeterminedusing
an orthographicprojection(asopposedo [6]) which is legitimate whenthe distance
from thecamerao therenderecheadis muchlargerthanits dimensionln practisethis

introducesonly aminor error. After the projectiona 2D translationf,y andare-scaling
of f areapplied:

100

0= 510

W + £ (7)

Equations4, 6 and [7 canbe expressecdas one equationfor the entire setof vertices,
clarifying the dependengchbetweerthe 2D imagecoordinatevectors,q andthe shape
parameters :

Sod = fPR(S+S +tag)+ taog (8)

wheret 34 andt ,4 aretranslationvectorsof length3N and2N respectrely formedby
concatenatindsy andf,g. Risa3N 3N block diagonalmatrix which performsthe
rotationR R R of all N vertices.Pisthe2N 3N orthographigrojectionmatrix
for the ensembleof vertices.Note that, for rendering,a testof visibility muststill be
performedusinga z-buffer method[11].

lllumination and Colour Transformation We assumehatthefaceis illuminatedby

ambientlight and onedirectedlight. In the samefashionasthe shapetransformation
aforementionedye denoteby f theR, G, B colourvaluesof onevertex of the texture

t andby f its unit-lengthnormal (computedby useof the shapes). Theillumination

effectsaremodelledusingPhongillumination [11]:

£ = (Ramp + 10 R )E+ ks hviti Agr 1, f=2m;li I krk=1 (9)

wheref is theresultingcolourof thevertex, Aamp iS adiagonalmatrix containingthe
R, G, B colourvaluesof theambientight, | is thedirectionof thelight, Air thediago-
nal matrix holdingits colour, ks, thespeculare ectance, , theangulardistribution of
the specularitieof humanskin (or shinines} v, the viewing direction, 1, a vectorof
onesandr is thedirectionof maximumspeculare ection.

The secondcolour transformationallows to rendervarioustypesof imagessuch
asphotographirom differentsourcesgrey-scaleimagesor paintings[6] [7]. It usesa
diagonalmatrix, G, storingthe R, G, B colour gains,a vector6 containingthe R, G,
B offsetsanda matrix M (c) which interpolatedetweerthe original colourvaluesand
the overall luminancedependingon the colour contrastc. The resultingcolour of the
vertex renderedn theimageat the position8,q is fu

0 1
0:30:590:11

fw =GM(@©f +6; M@ =cl+ (1 c)@030590:11A (10)
0:30:590:11
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Again,thedependengcof therenderedexture over the modelparameters is clari ed
by summarising=quation$4,[9 and10 asone:

tm = (Aamb + Adir ) (t_+ T )+ 8spec + O (11)

whereA;mp andAg; area3N 3N block diagonalmatrix representinghe effectsof
colourtransformationG andM (c), and,respectiely, the ambientlight Aamp andthe
lambertianpartof thedirectedlights; aspec cOntainsthe speculapartof thelight ando
theR, G, B offset.

Texture Warping Theimageof afaceis producedy settingthecolourof thevertices,
twm , atthepositionssyq. Naturally thisis performedonly for thevisible vertices As the
valuesof s,4 arenon-discretearasterisatioris performedAlso, to obtainasmoothand
continuousmage,a 2D to 2D mappingis achieved, wherebythe colour of pixels be-
tweenverticesis interpolatedusingthe topologyprovided by a triangularmesh.These
threestepsconstitutea warpingoperationdenotedy thefunctionW ( ; ):

I'= W(szq;tm) (12)

4 Inversion of the Facelmage Formation Process

In Section2 and/3 the problemof the genertion of a photo-realisticfaceimageis
describedAlgorithms of this kind found mary applicationsin the eld of Computer
GraphicsHere,we areinterestedn theinverseproblem,that of recoreringthe shape,
texture, rigid transformationgcolour transformatiorandlighting parametergrom one
imageof aface,linput . This vision problemis generallyreferredto as tting. In this
sectionthetheorymotivatinganovel tting algorithmis detailedandin thenext section
the tting algorithmis formally described.

Explaininganinputimagein termsof modelparameterss usuallyperformedusing
an Analysis-by-Synthesleop whereby at eachiteration,animageis generatedising
the currentestimateof the model parametersthenthe differencebetweenthe model
imageandtheinputimageis computedandan updateof the modelparametersvhich
reduceshisdifferencds soughtfor. Thisis aminimisationproblemwhosecostfunction
is theimagedifferencebetweertheimagerenderedby the modelandtheinputimage.
Theimagedifference, t canbecomputednthereferenceyrid obtainedrom theshape
estimate:

t=WwW 1(SZd;linput ) t=tw (13)

wheret, is a texture vector formed by the R, G, B valuessampledfrom the input
imageatthe pixelsgivenby the currentshapeestimates,y. Suchanerrorfunctionwas
introducedby the ImageDifferenceDecompositioralgorithm[12] andusedto update
the parametersisingalinearequation:

p=At (14)
wherep regroupsthe model parametersvhich areto be recoveredandA is a matrix

learntoff-line. Howeverthislineardependengis anassumptiomwhich holdsin asmall
domainof variationof oy . In the presenceof poseandillumination variation, the
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imageformationprocessdescribedn Section3, allows the expressiorof Equation13
as:

_@u | @u | Qu D @V (s2qd; linput ) @og . B o
@ @ @ @24 @ @ '
(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-linearandthe assumptiorleadingto Equation14 violated. The non-
constang of the derivativesobligestheir re-computatiorat eachiterationof the tting
algorithm. However, we canstill bene t from theregularity of the problemby realising
that someof the derivatives are relatively inexpensve to compute:If — andp, are

maintainedconstant,%M is constantand canbe computedat relatively low costand

usedto update .Hence, isobtainedy solvingasimplesystenof linearequations.
Similarly, , p; andp, areupdatedseparatelyhile maintainingthe otherparameters
constantThis procesds repeatedteratively until global corvergenceis obtained.The
recovery of eachof theparameterss detailedn thenext two sectionslt shouldbenoted
thateachparameteupdates biasedbecause¢he otherparameterarekeptconstantTo
overcomethis problema regularisationtechniquedetailedin Section4.3, is used.

t

4.1 ShapeFitting

Updatingthe shapeparameters from animagedifference t is dif cult dueto the
combinedn uence of: (i) the shapeerror (ii) the normalswhich dependsion-linearly
on the shapeand (iii) the texture error (seeEquation9 and/11). On the other hand,
recoveringtheshapeparameters fromashapeerroris easier:if f; ; and arekept
constantherelationbetweertheshapes,q and s linear (from Equation8):

@24

@ fPRS (16)
So,thederivativeiis the 2D projectionof theshapePCA matrix rotatedandscaledoy the
currentestimateof the poseandscaleparameters; ; , andf . Notethatthis gradient
is not learntoff-line nor numericallyestimatedn-line,it simply resultsfrom a matrix
multiplication.Henceupdating fromashapeerror s,q requiresonlyto solvealinear
systemof equationsldeally the shapeerrorwould be directly obtainedrom theimage
(asfor thetexture errordescribedn the next section).However, astheimagedoesnot
containary shapanformation,the shapeerroris estimatedy applyinganoptical ow
algorithm[2] betweertheinputimageandthe modelimagerenderedisingthe current
parametersWe denoteby sgfj the shapeaecoreredby optical o w in theimageframe.

Rotation, Translation and ScaleParameters Update Equatiori16lis usedto update
theshapemodelparameter butis notappropriateo updatethe shaperansformation
parametersiue to the non-linearinteractionof the parametersTherefore to recover
theseparametersa Levenbeg-Marquardtoptimisation[18] is usedto minimise the
geometricabrrorbetweersgg andthemodelpoints[14]:

arg mint ksdy (FPR(S+S +tag)+tag) k2= (137~ ) (17)
.

Theparameters andtsq arenotoptimised.Thecurrentvalueof  is usedandt sq is
uniguelydeterminedcby  (asit is the centreof massof s). This optimisationis very
fastasthe searctspacds very low-dimensional6).
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ShapeModel Parameters Update A Shapeerror, s,q, is de ned asthe difference
betweerthe shaperecoreredby optical o w sgg andthe shapeenderedisingthe new

rotationandscalingparameters$™ ~; ~; 7 thq andthe currentestimateof . If thero-
tation and scalingparametersre kept constantthe dependeng between s,4 and

is linear Hence theupdateof  which explainsthe remainingof sq (notaccounted
for by the rotation, translationandscaling)is obtainedin a single step,by solving an
over-constrainedinear systemof equations:

s;g=fPRS (18)
4.2 TextureFitting
lllumination and Colour Transformation Update The updateon p; is performed
while maintainingthe other parametersonstant.Unfortunately t doesnot depend
linearly onthep; and,similarly to thep, updateaforementionedye have to resortto
a non-linearLevenbeg-Marquardtminimisation[18] to recover the illumination and
colourtransformatiorparametersThe problemto be solvedis:

min k tk? (19)
Aamb ;A dir ;GiC; 0
with t de ned by Equation13. The minimisationcanbe performedon the ensemble

of thevisible verticesor on a subsethereofto decrease€omputatiortime. Again, this
optimisationis fastdueto the low-dimensionalityof the searchspacg11).

Texture Model Parameters Update If , p; andp, arekeptconstantEquation15
becomes:
t= (Aamb + Adir ) T (20)

Similarly to the shapeparameteupdate the texture parameteuupdateis obtainedin
a single stepby solving an over-constrainedinear systemof equationsperformedby
computingthe pseudo-imerseof (Aamp + Agir ) T. Again,to speed-ugheprocessing,
only a subsebf the pixelscanbeused.

4.3 Model Constraints

The tting algorithmexploits the factthatthe shapeandimagedifferencesiependin-
early on, respectiely, the shapeandtexture modelparametersf the otherparameters
aremaintainecconstantThisrestrictionintroduces biasin % andin @@. Therefore

updating and solely basedon Equations18 and20 would lead to inaccuracies.
Theseequationsnustbetradedoff with the prior probabilitiesof the parametergiven
by Equation5. In the remainingof this sectionwe discussonly the shapeparameters.
The sameis performedon the texture parametersEquation18 solves the following
problem:

mink s,g A K? (21)

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

min ks,g A K+ Kk o+ Kk (22)

where ¢ is the shapemodel parametewector beforethe update.This formulais
motivatedby the factthatthe prior probabilityof = ¢, + directly depends
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on its norm. The parameter tradesoff the prior probability andthe tting quality.
Applying singularvaluedecompositiorio A yieldsA = Udiag(w;)V T, wherew; are
thesingularvaluesof A. It canbeshowvn thatEquation22 is minimalfor:

. Wi .
=V dlag(Wiz_"_ YUT 559 V duag(wi2 - YVT e (23)
Note that (i) if = O, the updatecomputedby Equation23 is the sameas the one

obtainedby Equationi18 andthat (iij) computingthe updateusing Equation18 is not
muchmoreexpensve ascomputingthe updateusing Equation23.

Valueof Thevalueof dependsnthe magnitudeof k s,qk? relative to the mag-
nitudeof k  k? (Equation22). As  alsodependon (Equation23), it appearsat
rst, thatthesevaluesmustbe tunedthroughan iterative process However, k sqk?
andk k2 arerelatedby the singularvaluesof A:

k spgk?
2 2d 2
Wn < k k2 < Wl

wherew, andw; are,respectrely, the lowestand the largestsingularvaluesof A.
Hence thefollowing algorithmis usedto tune : At the beginning of the tting algo-
rithm, A is stronglybiaseddueto the factthatthe otherparameter¢f; ; and ) are
far from their optimum,hencewe set to the squareof oneof the rst singularvalues.
Then,asthe otherparameterseachtheir optimum,the con dencein A increasesand

is decreasedn the spectrumof the singularvaluesof A. More speci c detail about
this processs givenin the next Section.

(24)

5 LIST - aLinear Shapeand Texture Fitting Algorithm

Basedon theinversionof theimageformationprocessletailedin the previoussection,
we presentjn this section the tting algorithmwhich is summarisedn Figure1l The
key featureof this tting algorithmis the exploitation of linear relationsto updatethe
shapeandtexture parametersThereforewe referto this algorithmasthe Linear Shape
and Texture (LiST) tting algorithm.

1. Model Estimate: Before startingthe algorithm, the parametersre initialised to
their averagevalues( = = 0) exceptfor the poseparameters; ; ; and
toq, which mustbe estimatedoy useof othermeangmanually usinga face-pose
detectoror usingadditional3D cameraand headpositioninformationasdonein
our experiments(seeSection7)). Also, the direction of the light mustbe known
asthis parameteiis not recosered by the algorithm. Basedon theseparameters,
a modelimageis generatedverlayingthe input image.lIt is usedasinput of the
optical o w algorithm.

2. Optical Flow: A coarse-to- neoptical o w algorithm[2] is performedo recover
theshapealeformatiorbetweertheinputimageandthecurrentmodelestimateFor
the rst iterationsthereis a large differencebetweenthe two images(mostly due
to thefactthattheillumination andcolour parametersirenot recoseredyet). This
may leadto inaccuraciesn the optical o w algorithm.Thereforethe algorithmis
notappliedontheraw RGBvaluesbut ontheimagesltered by aLaplaciankernel.
Also, theaccurag of the o w recoreredat onepixel depend®on the magnitudeof
the Laplacianat that pixel. Thereforeonly the ow of the salientpixels whose
Laplacianis higherthanathresholdthe salientpixels)is used.
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Input Image

1. Model Estimate: Thisimageshaws thecurrentmodelestimate
overlayingtheinputimage.lt is usedasoneof the two inputim-
agesof theoptical o w algorithm.

2. Optical Flow: A coarse-to- neoptical o w algorithmis per
formedaimingatrecoreringtheshapedeformations,q, between
theinputimageandthe currentmodelestimate

3. Rotation, translation and scale update: f; ;

7 andtog
areupdatedoy solving:

min - ksgy  (FPR(S+S + tsq) + tog)k’
fis ioabad

usingLevenbeg-Marquardt.

4. Shape update: s updatedby solvingthe following linear
systemof equations:

s24 = (f PRS)

Equation23Jis usedto solve the system.

5. lllumination & colour transformation update: Update
Aamb ;Adir ; G; cando by solving:

min k tk?
Aamb A dir G ©

usingLevenbeg-Marquardt.

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

t= (Aamb + Adir )T

Equation23Jis usedto solve the system.

Figurel. This gure visually demonstrat¢hesix stepsof the rst iterationof theLiST
tting algorithm.

3. Rotation, translation and scale update: f; ; ; andt,y areupdatedby min-
imising the differencebetweenthe shaperecoseredby optical o w andthe model
shapeover the setof salientpixels. This is achieved by solving Equation17. As
the costfunction is non-lineay the minimisationis carriedout by a Levenbeg-
Marquardtalgorithm[18].

4. Shape update: is updatedby solving the linear Equation18 by useof Equa-
tion 23. Thevalueof is chosenbasedon theiterationnumber At the beginning
of the algorithm, the shapederiative is strongly biaseddue to the fact that the
otherparametersare far from their optimum.Hencea strongweight on the prior
probability mustbe chosenTherefore at the rst iteration, is setto Wiz1 , Where
w; arethe singularvaluesof the gradientmatrix,i; = 0:1 n andn is the number
of singularvalues(i.e. the numberof shapeparameters)At the secondteration,
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i» = 0:2 n, andsoforth. At thetenthiterationandthereafterthe costfunctionis
notin uenced by the prior probabilitiesanymore.

5. lllumination and colour transformation update: Similarlyto step3, Aamb ,» Adir »
G, cando areupdateddy solving Equation19 usinga Levenbeg-Marquardialgo-
rithm [18].

6. Texture update: Similarly to step4, the texture parameters are updatedby
solvingthelinearEquation20 by useof Equation23 Theselectiorof isthesame
asexplainedat step4. After this step,all the parametersiave beensuccessiely
updatedanda new iterationis startedat stepl. Theiterative algorithmis stopped
whenk tk? obtainedafterthis iterationbecomestationary

6 Discussion

Building on our earlier3D morphablemodel tting usingstochastiggradientdescent
(SGD)[5], we now developedLiST, analgorithmwhich takesadwantageof thelinear
partsof themodel.Appliedto the problemof facerecognitionwe achieredwith LiST a
similar performanceéhanthe SGDalgorithmin amoreef cient manner(5 timesfaster).
LiST departsfrom SGDin thatit estimateglifferentshapeand texture errorswhich
are usedto updatethe shapeand texture model parameterseparatelyThe accurag
of the shapeestimatedependsn the goodnes®f the texture estimateandvice-versa.
Thereforejt is paramounto interleave shapeandtexture updateasthe corvergenceof
onehelpsthe corvergenceof the other Theability of LiST to recover out of theimage
planerotationanddirectedillumination (seeexperimentsn Section7) originatesfrom
thefactthatit is basedn a modelwhich closelyapproximatephysicalreality.

LiST bearssomeresemblancavith the Active ShapeModel (ASM) [10] andwith
the Vectorizer[3]. The ASM recoversthe 2D shapeof objects representedsa sparse
numberof landmarkpoints,usingan equationsimilar to the Equation18. Apart from
the shaperepresentatiorfdensephysically-based3D shapeas opposedo sparse2D
shape)the maindifferencebetweerLiST andASM liesin the shapeerrorestimation.
As the ASM lacksa texture model,the shapes recoreredby searchinghe imagefor
edgesalongthenormalsof the2D shapeBy contrastLiST useshefull estimateof the
texture modelto constraintthe optical o w shaperecorery, therebyusingmoreimage
informationthanthe ASM.

The Vectorizer[3] recoversthe shapeusingoptical o w betweenthe input image
anda model-generateiinagein a similar fashionto stepsl and2 of LiST. However,
the Vectorizerlacksa shapemodelandhencethe shapeyielded by optical o w is not
constrainedy ashapeprior probabilityasis achiavedby LiST via Equationgl8and23.

As mentionedn Section4, the maindifferencebetweerimageDifferenceDecom-
positionalgorithmsandLiST is theutilisationby LiST of anexplicit shapeerrorwhich
allows usto take advantageof the linearitiesof the shapemodelto recorer the shape
parametersOn the otherhand,in IDD the shapeerroris implicitly representedh the
texture error which 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 one non-lineardegreeof freedom(the azimuthangle) Cooteset
al. hadto learn ve constanigradientmatrices][9]. In presencef combinedposeand
illumination variationthe numberof constantlacobimatricesrequiredto approximate
thenon-linearitiesvould increasesxponentially
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7 Experiments

In this sectionsthe tting andidenti cation performancesareinvestigatedon the Pose
lllumination and Expression(PIE) databasérom CMU [21] which exhibits combined
variationsof poseanddirectedlight. None of the 68 individualsin the PIE database
is in the training setof 3D scans.We selectedtwo portionsof the databasdo carry
out our tests:The rst partincludesposevariationsat ambientlight: eachindividual
is imagedfrom 13 differentposes(884 imagesoverall). The secondportion presents
variationwith respecto bothposeanddirectedillumination andwith anambientight.
Eachindividualis imagedat 3 posesandilluminatedfrom 22 differentdirections(4488
imagesoverall). The camerasand ashesaredistributedin an hemispheren front of
the subjectasshowvn in Figure2.
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(a) (b)
Figure2. PIEdatabaseameraandlight positions(a) A plot of theazimuthandaltitude
anglesof thecamerasalongwith thecamerdD number9 of the 13 camerasamplea
half circle atroughly headheightrangingfrom afull left to afull right pro le view(+/-
60 degrees)2 camerasvereplacedabove andbelow the centralcameraand2 cameras
werepositionedn the cornersof theroom. (b) 3D locationsof thecamerasthe ashes
andthehead.Courtesyof [21] and[13].

7.1 Fitting

Before tting afaceimage,the facemustbe detectedjts poseestimatedandthe di-
rection of the light mustbe known. During executionof the algorithm, it re nes the
estimateof the facelocationand posebut leavesthe approximationof the light direc-
tion constantTheinitial valueof all theotherparameterss their averagevalue.For the
experimentson the PIE databasethe faceposewas estimatedautomaticallyfrom the
geometricalnformationprovidedby the CMU databasdndeed the 3D positionof the
camerasthelight sourceaindtheheadwererecordedhatthetime of thedataacquisition
[21]. Thesedataallow usto recover aninitial estimateof the azimuthof the face( )
andthedirectionof thelight |. Thetwo otheranglesdeterminingthe poseof theface(
and ) wereleft to their averagevalue(0). 2D translationandsize parameterd,,4 and
f , wereestimatedusingthe 2D positionsof the two eyesandthe mouthalsoprovided
by themaker of thedatabaseAs explainedin [13], the 2D locationswereautomatically
recoveredusingFaceltsface nding moduleandmanuallyveri ed.

On averagethealgorithmcornvergesin 8 iterations.Thetime requiredperiteration
is lessthana minute on a Pentiumlll 800 MHz. More thanthe half of this time is
consumedn the optical o w computation.We anticipatean importantspeedup of
the algorithmif we apply it in a coarseto ne approachhowever the impactof this
implementatioron thealgorithmperformancesnustbe carefully evaluated.
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Figure3 shavs ve tting examples.The rst line depictsthe initial valuesof the
parameterghesecondepresentthe tted modelimageandthelastshavstheoriginal
inputimages.Due to legal reasonsye areallowedto shav imagesof very few indi-
vidualsonly. Unfortunately this subsebf individual is not representatie of thewhole
databasasmary personsvore glasseandhave facialhair.

m

Figure 3. Examplesf Fitting. Top row: Initial parameterayiiddle row: Fitting result,
Bottom row: Inputimage.Thefourth columnis anexampleof bad tting.

7.2 Identi cation

The tting procedurgrovidesshapeandtexturecoefcient which,asexplainedin Sec-
tion 2| dependsf the identity only. Identi cation of a novel faceimageis performed
by matchingthe coefcients recoveredfrom theimagewith the coefcients recovered
from theimageof a known individual. The matchingcriterion usedis a simplenearest
neighbourclassi cationrule usingthefollowing correlation-basedimilarity measure:

_ h;°i+h;q
"k kk %X k kk %

wheretheprimedsymbolspertainto thegalleryimage(known individuals)andthenon-
primedto the probeimage(novel images) We usethe closeduniveisemodelwhereby
every probeimageshaws anindividual thatcanbefoundin the gallery. To enablepast
andfuture algorithmassessmentye madepublicly availableour identi cation results
on our web pagé: for eachprobeimagewe provide the orderedlist of gallery images
alongwith the distanced betweerthe galleryimagesandthe probeimage.

d

(25)

L hitp://graphics.informatik.uni-freiburg.de/publications/list
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Posevariations Here, the performance®f the tting algorithm are evaluatedwith
respecto identi cation acrossl3 differentposeswith ambientlight. The gallery con-
tainsa singleimageper individual at the samepose.Eachposeis usedin turnin the
gallery. Table1 shavs thecompleteconfusionmatrix. Eachof the13 13cellsreferto
anidenti cation experimentof 68 probeimagesusinga gallery of 68 individuals.The
lastcolumnof the table shavs the percentagef correctidenti cation for a particular
gallery view averagedon the entire probeset. The only reportedresultsof this setof
experiments(performedon the sameimagesusing the sameinitial parametergeyes
andmouth coordinates))s in [13] using Visionics Facelt,one of the mostsuccessful
commercialfacerecognitionsystem.Facelt nished asthe top performerin the Face
RecognitionVendorTest2000[4]. Visionics claim that Faceltcanhandleposevari-
ation up to 35 degreesin all direction.Our identi cation resultsoutperformFaceltin
all 169 cells. For front gallery and probeviews, our algorithm outperformsFaceltby
afew percentsandtheimprovementof our algorithmcomparedo Faceltincreasess
the probeandgallery poseincreaseaveragingto morethan60 % correctidenti cation
augmentationTheseresultsclearly show that, for pose-irvariant faceidenti cation, a 3D
representationis valuable.

azimuth || -66|-47 || -46| -32||-17| o || o || o || 16 || 31| 44 || 44 || 62
altitude 3 (13 2 2 2 |15 2 ||19] 2| 2| 2|l 13| 3
ProbePose|| 34 || 31 || 14 || 12 || 29 || 09 || 27 || 07 || 05 || 37 || 25 || 02 || 22 ||mean
GalleryPosg
34 - || 81|l 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| 761 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| 621 62| 38| 77
05 46 || 78 || 85| 88 || 90 || 93| 99 || 94 || - || 93| 91| 85| 63 || 85
37 a7 || 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 the confusiontableshavs the
recognitionpercentagen eachof the probeposegyiven a particulargallery pose.The
camergosition,indicatedby its azimuthandaltitudeanglesis shavn in Figure2. The
tablelayoutis courtesyof [13].

Combined pose & light variations Here,we usedthe portion of the PIE database
containing4488imagesof facesof 68 individualsviewed from 3 poseqfront (camera
27), side(cam.5) andpro le (cam.22)) andilluminatedfrom 21 differentdirections.
Againonly asingleimageperindividualis usedin thegallery. Eachposeis usedin turn
in the gallery. We chosdight numberl2 for thegallery asthe tting is generallyfair at
that condition. Table 2| shaws the confusionmatrix for eachgallery broken down into
probeviews andilluminations.It appearshatthe bestgeneralisatioperformancesre
obtainedwith a side-viev gallery. As expected the poorestperformancesireobtained
by a pro le-view. This is probablydueto the lack of featuresat that view: only one
eye visible, no nostril edgespnly half a mouthvisible. The resultsfor generalisation
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acrosdight variationfor similar or nearby poses(front andside)are promising.The
decreasén identi cation performancdor pro le views is similar to that experienced
with ambientlight only (seeprevious paragraph)Thereforewe conjecturethat this

performancealropis duemoreto posevariationthanto light variation.To augmenbour

understandin@f the effectsof combinedpose-illuminatiorvariationson identi cation

accurag, animagedatabasa&vith moreposesshouldbe used.

FrontGallery SideGallery Pro le Gallery
light | [FrongSidePro le| [FroniSidePro le| |[Fron{SidePro le
ambient | 97 | 84 | 48 88 | 91| 49 57 | 72| 87
2 71 | 60 | 22 50 | 69 | 31 29 | 49 | 51
3 95 | 78 | 28 84 | 87| 26 63 | 54 | 54
4 98 | 83| 45 85 | 96 | 47 54 | 51| 66
5 98 | 91| 65 94 | 97 | 65 51 | 53| 81
6 98 | 89 | 65 94 | 100| 65 65 | 62 | 84
7 98 | 92| 65 96 | 99 | 71 57 | 65| 87
8 98 | 94 | 48 99 |100| 71 63 | 78 | 96
9 100 | 97 | 57 100 | 100 | 75 69 | 88 | 100
10 98 | 89 | 58 93 | 99 | 71 60 | 60 | 78
11 100 | 97 | 72 97 |100| 82 66 | 75| 93
12 - | 98| 78 99 | - 91 75 | 78 -
13 98 | 97| 77 100 | 100 | 91 82 | 85| 100
14 98 | 98 | 83 99 |100| 91 82 | 90 | 100
15 98 | 97 | 80 97 | 100| 93 81 | 90 | 100
16 95 | 94| 71 99 | 99 | 84 87 | 93| 100
17 97 | 89| 75 91 | 94 | 87 76 | 85| 100
18 97 | 85| 58 88 | 96 | 60 43 | 47| 78
19 97 | 86 | 54 88 | 99 | 57 51 | 50 | 81
20 00 | 97 | 72 99 |100| 75 59 | 71| 85
21 100 | 98 | 58 100 | 100 | 81 74 | 79| 97
22 97 | 97| 78 97 | 100| 90 74 | 90 | 100
mean| | 97 | 91 | 60 93 | 96| 71 65 | 71| 86

Table 2. Identi cation resultsin presencef combinedposeandillumination variation.
The rst columnliststhedirectedight number Thethreegroupsof triple columnsshav

theresultsobtainedor threedifferentgalleries:Front,sideandpro le. For eachgallery;

the percentag®f correctidenti cation for a pose-illuminationconditionis displayed.
SeeFigure?2 for ash light positions.

8 Conclusion

This papempresentedLiST, anovel algorithmfor tting a3D MorphableModelto face
images.LiST exploits the linearity of the modelin the recovery of shapeandtexture
parametergeadingto arobustandef cient algorithm.The shapegyarameterarerecov-

eredusinglinearequationgrom ashapeerrorestimatecy optical o w (usingtheinput
imageandthe currenttexture). The texture parametersre alsocomputedusinglinear
equationgrom atextureerrorestimatedisingthecurrentshapeLiST wasevaluatedon

thedif cult problemof combinedpose-illuminatiorvariationfaceidenti cation. State
of theartresultswereobtained However they shouldbe con rmed on a databaseon-
tainingmoreindividuals.LiST opensup avenuedor furtherresearch:

Initial parameters robustness Now that the usefulnesf our algorithm hasbeen
shavn on faceidenti cation applicationswe wantto evaluatethe performanceof our
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algorithmwith respecto noisyinitial parameteestimation.

Ef ciency : An ef cient way of speedingip thealgorithmis to implementt in acoarse
to ne fashion.We areplanningto evaluatethe impactof a coarseo ne implementa-
tion onthealgorithmperformances.

lllumination Recovery Recently Basri et al. [1] and Ramamoorthiet al. [19] have
shawvn that the diffuse part of the illumination was well approximatedoy a 9D lin-
ear spaceWe want to leveragethese ndings in our algorithmand recover the light
parameterslso using linear equations Additionally, this methodwould alleviate the
constraint®n theinitial light directionrequirements.
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