Faceldenti cation acrossDiffer ent Posesand llluminations
with a 3D Mor phable Model

V. Blanz,S.RomdhaniandT. Vetter
Universityof Freiburg
Geoges-KohlerAllee 52,79110Freilurg, Germaly
volker, romdhaniyvetter @informatik.uni-freilurg.de

Abstract

We presenta novel appmoad for recaynizingfacesin im-
agestaken from different directionsand under differentiil-
lumination. The methodis basedon a 3D morphableface
modelthat encodeshapeandtexture in termsof modelpa-
rametes, and an algorithmthat recovers theseparametes
from a singleimage of a face For faceidenti cation, we
usethe shapeandtexture parametes of the modelthat are
sepaatedfromimaging parametes, sud asposeandillu-
mination. In additionto the identity, the systenprovidesa
measue of con dence We report experimentalresultsfor
mote than 4000imagesfrom the publicly available CMU-
PIE database

1 Intr oduction

A numberof algorithmshave beendevelopedfor face
recognitionfrom x ed viewpoints, yet few attemptshave
beenmadeto tacklethe problemof combinedvariation of
poseand illumination (an overview is givenin [15].) To
handlethe extremeimagevariationsinducedby thesepa-
rameterspnecommonapproachakenby variousgroupsis
to usegeneratie imagemodels[6, 10, 14, 5]. For image
analysisthe generaktratey of all thesetechniquess to t
the generatie modelto a novel image,therebyparameter
izing it in termsof themodel.

In orderto malke identi cation independenbf imaging
conditions,the goal is to separaténtrinsic modelparame-
tersof the facefrom extrinsic imaging parameters.Many
view-basedapproachessestatisticaltechniquedo address
this problem. Headposesthat rangefrom frontal to pro-
le views needto be coveredin view-basedmethodsby a
setof separatanodelsfor differentviews [3]. In another
approachgivenseveralfront views with differentillumina-
tion directionsof eachpersonasetof modelsfor new poses
canbe generatedyntheticallyandthencombinedto cover
limited rotationsin azimuthof upto [5].

In our approachthe separatiorof intrinsic and extrin-
sic parameterss achieved by taking the model-basedp-
proachto its extremein anexplicit simulationof theprocess

of imageformation using 3D computergraphicstechnol-
ogy. We apply a three-dimensionainorphablefacemodel
thathaspreviously beenintroducedfor computergraphics,
andan algorithmto t this modelto images[2]. Froma
singleimage,the algorithmestimategacial shapeandtex-
ture,alongwith pose,illumination, andcamergparameters
suchascolor contrast.Our 3D modelcoversall headposes
anda wide rangeof illumination conditions,andit consid-
ers specularre ection and castshadevs. For tting the
modelto animage,the systemcurrently requiresapprox-
imateprior informationabouttheseexternalconditions.

In the following section,we summarizethe conceptof
the morphablefacemodel. In Section3, we describean
algorithm for recovering model parametergrom images.
Finally, we presentresults obtainedwith the CMU-PIE
databasef faceimageq12].

2 Morphable Model of 3D Faces

Generalizingthe well-known morphing betweenpairs
of three-dimensionabbjects,the morphablefacemodelis
basedon a vector spacerepresentatiorof faces[14]. In
thisvectorspaceary cornvex combinatiorof shapeandtex-
turevectorsof asetof examplesdescribearealistichuman
face.Thefollowing paragraphgescribeanautomatedech-
nigueto derveamorphablenodelfrom asetof laserscans,
andgive ade nition of shapeandtexturevectors.

The databaseof laser scansusedin this study con-
tainsscansof 100 malesand 100 femalesrecordedwith a
3030PSscannerScansarestoredin cylin-
dricalcoordinateselativeto averticalaxis. In angularsteps
andvertical steps , at a spacingof and
thedallcemeasure&idlus , alongwith red greemndblue
component®f surfacetexture

(1)

All headswere consistentlyalignedin 3D spacewith the
methodof 3D3D absoluteorientation[7]. Since surface
dataare unavailablefor hair, the backof the headwasre-
movedfrom eachscan,usinganinteractize tool.



The core step of building a morphableface model is
to establishdensepoint-to-pointcorrespondenceetween
each face and a referenceface, which can be a scan
from the databaseor ary other 3D face model. Dense
correspondencés given by a vector eld

suchthateachpoint
rst scancorrespondgo the point
in the secondscan. To nd this vector eld, we extended
anoptic ow algorithm[1] from grey-level images
to vectorvaluedarrays , replacingproductsof grey

in the

values in thealgorithmby scalamproducts
)
with weightfactors , , that compensatéor

differentvariationswithin the radiusandtexture data. The
coordinatesand texture valuesof all  verticesof the ref-
erenceace(in our model, ) areconcatenatetb

shapeandtexturevectors
®3)
(4)
Vectors and  of the examples in the

databasareformedin aconsistentvay usingthe ow eld
from the referencefaceto face . Corvex combi-
nationsof the examplesproducenovel shapeand texture
vectors and . Previousresults[2] indicatethat shape
andtexture canbe combinedndependently:

()

To avoid changesn overall sizeandbrightness, and
shouldsumto 1. The additionalconstraints

imposedon convex combinationswill be replacedby a
probabilisticcriterionin thenext section.

We performa Principal ComponeniAnalysis(PCA, see
[8]) separatelyn the shapeandtexturevectors and ,
ignoringthecorrelationbetweershapeandtexturedata.For
shapesubtractingheaverage™,

adatamatrix canbede ned. We
calculatethe eigervectorsof the covariancematrix
— by a Singular Value Decompositionof . The
eigervaluesof , describethe vari-
ancewithin the dataalongeacheigervector . By
the sameprocedurewe obtaintexture variances and
eigervectors . Theeigervectorsform anorthogonabasis,

- (6)
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Moreover, PCA givesanestimateof the probabilityden-
sity functionwithin facespacebasednthesetof examples

(7)

3 Model-Basedimage Analysis

In an analysis-by-synthesi®op, the morphableface
modelcanbe tted to a novel faceshownn in aninputim-
age . The goal of theimageanalysisis to nd
modelparameters and , andfaceposition,orientation
andillumination suchthatthe model,renderedy computer
graphicsalgorithms producesanimageascloseaspossible
to theinputimage(Figure2, illustratedwith linearcombi-
nationsaccordingo (5) ratherthan(6) for visualization.)

We rst summarizethe algorithmsand parametersn-
volvedin creatinganimagefrom the model,andthendis-
cusshow the modelis tted to aninputimage.Finally, we
describeouridenti cation criterion.

The three-dimensionapositions and the color of the
model's verticesare de ned by the coefcients  and
in (6). Renderinganimageincludesthe following steps:

Image positions of vertices: A rigid transformation
mapsthe object-centereaoordinates
of eachvertex to apositionrelative to the camera:

(8)

Theangles and control in-depthrotationsaroundthe
verticalandhorizontalaxis,and de nesarotationaround
thecameraaxis. isascalingfactorand aspatialshift.



In a perspeciie projection,the coordinatesof vertex
aremappedo imageplanecoordinates

—

is thefocallengthof thecamerawhichis locatedin the
origin, and de nestheimage-plangositionof the
opticalaxis (principal point).

lllumination and Color: Shadingof surfacesdepends
on the direction of the surfacenormals . In the tting
processwe only considerthe centersof triangles,mostof
whichareabout in size.Normalsattriangles'cen-
tersarecomputedy avectorproductof theedgesnormal-
izedto unit length,androtatedalongwith the head(Equa-
tion 8).

The illumination model of Phong (see [4]) approxi-
mately describeghe diffuse and specularre ection on a
surface.Oneachvertex , theredchanneis

where istheredcomponentf thediffusere ection co-
efcient storedin the texture vector and
aretheredintensitiesof theambientanddirectedlight, is
thedirectionof illumination, is the speculare ectance,

de nestheangulardistribution of the specularities, is
the viewing direction, and is the
directionof maximumspeculare ection [4].

Input imagesmay vary a lot with respectto the over
all toneof color. In orderto be ableto handlea variety
of colorimageswe transformcolor valueswith respecto
color contrast,aswell asgain and offsetin eachchannel.
Thetransformectolors , and aredravnataposition

in the nal image

In the processof tting the modelto a novel image,
not only the shapeand texture coefcients and are
optimized, but also the following rendering parameters,
which we concatenatento a vector : The angles ,
and , the headpositionin the imageplane,controlledby

, Size , color and intensity of the light sources
and , aswell
ascolorcontrastandgainandoffsetof colors.

Otherparameterssuchasthefocal length  of thecam-
era,the 3D translation , thedirection of thelight, and
thespeculare ectanceparameterarekept x ed.

The optimizationalgorithmstartsfrom the averageface
at a positionand orientationroughly alignedwith the face
in theimage.The prealignments currentlydonemanually

The primary goalin analyzingafaceis to minimizethe
sum of squaredifferencesover all color channelsand all
pixelsin theinputimageandthe syntheticreconstruction,

(10)

For Gaussianpixel noise with a standarddeviation
, the likelihood of observing , given , IS

In order to achieve plausible results, we use a max-

imum a posteriori estimator (MAP), minimizing
[2] . Assumingthat

and areindependentthe prior probability is
the productof the probabilitiesin Equation(7) anda nor-
mal distribution for , usingthe startingvaluesfor ~ and
adhocvaluesfor . Theoverall costfunctionto be min-
imizedis then

(11)

For eachiteration of the optimization processthe t-
ting algorithmanalyticallycomputeghegradientof thecost
functionandthenupdateghe parameters:

— (12)

Since contritutions of the pixels of the entire image
might be redundantwe usea modi cation of a stochastic
gradientdescentalgorithm [9]. At eachiteration, the t-
ting algorithmselectsa subsebf 40 randomtriangles,and
evaluates andits gradientonly attheir centers.To make
surethatthe expectationvalueof this reducectostfunction
equalsthe entirefunction  on the face,we selecttrian-
gleswith probabilitiesthatareproportionako theareashey
coverin theimage.Areasarecomputedat the beginning of
the optimization,and once every few thousanditerations.
At the sametime, a z-buffer methoddiscardsall triangles
thatareoccludedn thecurrentestimateof shapeandorien-
tation.

The rst iterationsonly optimize the rst parameters

andall parameters , atahighvalue
of . Laterin the optimization,the algorithm considers
more and more coefcients, and is decreased.While
PCA of a databasef 200 facesprovides 199 coefcients
, werestrictthe procesgo the mostrelevant99.

In orderto recover detailsof the face more precisely
we de ned the regions of the eyes, nose,mouth, andthe
surroundingfacesggmenton the referenceface[2]. Thus,
eachvertex of the morphablemodelis assignedo one of
the four sggments . After the entire face model
hasbeenglobally tted to theimage,theseregionsareop-
timized separatelyusing independentinear combinations
(6) andevaluating  only onthatsegment. Currently the

tting processakes40 minutesonaPentiumlll, 800MHz.



As aresultof the tting procedureye obtainasetof pa-
rameters and
for the globalresult,andoneset for
eachof thefacesggments All of theseparameterarecom-
binedfor a comparisorof faces.

For eachsetof parameteraye de ne ascalarproduct

Hence the Mahalanobiglistancd8] from theaverageis
and
The similarity betweentwo facescan be measuredn
termsof Mahalanobigdistances.However, it provedto be
morereliable(cf. [11]) to use

(13)

4 Experimentson Model Fitting

In this andthe next sections,the tting andidenti ca-
tion performanceareinvestigatenthePIE databasé&om
CMU [12]. We selectedhe portion of the databasavhich
presentsvariation of both poseand directedillumination
andwith an ambientlight. This portion includesimages
of 68 individualsat 3 posesandilluminatedfrom 22 differ-
entdirections(66 imagesper individual). The individuals
in the PIE databasarenot containedn our setof 3D scans.

As explainedin Section3.2,initial valuesof therender
ing parametermustbeprovidedto theimageanalysisalgo-
rithm. Someof thesearecomputedautomaticallyfrom the
geometricalinformation provided by the CMU database:
The 3D position of the camerasthe light sourcesandthe
headwererecordedat thetime of the dataacquisition[12].
Thesedataallow us to recover an initial estimateof the
poseangles andthedirectionof thelight . Ontheother
hand translationandsizeparameters, and , must
be manuallyadjustedonceperview of eachperson).The
otherparameters,, , |, ,

, , color contrast,gamsandoffsets wereglven
genericvaluesfor the entire setof images. Exceptfor the
focal length andfor the light direction , the parameters
arere ned by theimageanalysisalgorithm.

Figure3 shavs exampleof initial parameterandof pa-
rametersecoveredby thealgorithm.As the fth columnof
this gure shaws, theiterative tting doesnot alwayscon-
verge to an acceptablesolution. After tting the modelto
all 4488imageson several PCs resultswereassessedisu-
ally by anoperator Percentagesf acceptabletting results
areshavnin Tablel.

Our experimentsindicatethat it is easierto t a front
facethana pro le face. Glassesaffect the quality of re-
sultsconsiderably(28 out of 68 individualswearglasses),
in particularonthesideview whereglassesake morespace

front side| prole
meanw/o glasses 94 % 91 % 80%
meanwith glasses 86 % 65% 72%
mean 91% 80% 7%
worstandbestillum. | 68-98% | 41-95% | 14-89%
+ - + -
Vis. assessetl | 95% | 5% +[193% | 7%
Vis. assessed | 13% | 87% -1 21% | 79%

thanfrom the front view. Ignoringthosepointswith high-
estcontributionto  in the tting procedurd9] makesour
algorithmrobustwith respecto glassesaandbeards.How-
ever, thismethodmayreducequality for dif cult posesand
illuminations,andis thereforenot appliedhere.

The quality of resultsvariesacrossdifferentillumina-
tion conditions(Table 1, lastrow). It is consistentlylow
for someextremeconditionswheremostof thefaceis dark
exceptfor strongspecularitieon theforeheadandthe chin
(seethird columnof Figure3).

In this section,we presentan automatedechniquefor
assessinghe quality of tting in termsof a Fitting Scoe
(FS).We demonstratén the next sectionthatthe FSis cor-
relatedwith identi cation performanceandmaybe usedas
acon dencemeasure.

A tting scorecanbe derivedfrom the imageerrorand
from themodelcoefcients of each tted segmentfrom the
average:

— (14)

where isthenumberof visibleverticesand
thefeaturesrom whichthe FSis computed.

The function is learnedby a Classi cation Support
VectorMachine[13]:

regroups

(15)

where  is the numberof supportvectorsand is
the ith supportvector The good ts are given the value
and the poor ts Half of the data
wereusedfor trainingandthe otherhalf for validation. The
SVM kernel, is Gaussianandwe choseanasymmet-
ric costfunction which penalizegositive deviations. This
constraintimits thenumberof poor ts classi edascorrect
ts (falsepositives)andensureshattheloweridenti cation
performancef thepoor ts will notpollutethebetteriden-
ti cation performanceof the accuratets. Table2 shavs
classi cationresultsoverthetrainingandvalidationsets.



Toprow
Bottom row

5 Identi cation

Givenasetof galleryimagesof facestheidenti cation
systemstoresthe modelcoefcients and computedby
the tting algorithm(Figure1). In orderto identify a per
sononaprobeimage the tting algorithmcomputesnodel
coefcients, anduseghesimilarity measurg13)to nd the
nearesheighboumwithin thegallery.

Thegalleryis composeaf asingleimagefor eachof the
68 individuals. All galleryimageshave the sameillumina-
tion direction,whichis closeto thecameraaxis. The probe
setis composef imagesof all 68
individualsat 3 posesandilluminatedfrom 22 directions,
but without the galleryimages.We usethe closeduniverse
modelfor evaluatingtheperformancesoeachof the68 per
sonsin the probesetcanbe foundin the gallery. None of
the individualsshawvn in the gallery or probeimagesis in
thedatabasef 3D scans.

In this section,we demonstrate¢hat the tting scoreis
a good measureof the identi cation con dence. Figure 4
shavs theidenti cation resultswith respecto the FSfor a
galleryof sideviews ( ). We dividedthe probeimages
into 8 bins of differentFS andcomputedhe percentagef

Middle row

correctidenti cation for eachof thesebins (histogramin
Figured). Thereis astrongcorrelationbetweentting score
andidenti cation performanceindicatingthatFSis a good
measuref identi cation con dence.

Figure5 is the cumulative versionof Figure4. It shavs
thatfrom theimageswith acceptablets ( ), which
are 80 % of the images,92.8 % are correctly identi ed,
despitethe wide poseandillumination variations. On the
wholesetof images82.6% arecorrectlyidenti ed.

Table3 presentsdenti cation resultsbasedon galleries
composeaf front, sideandpro le views,respectiely. The
tableindicateghatthebestgeneralizatiomperformancesare
obtainedwith a side-viev gallery. As expectedthepoorest
performancesreobtainedby a pro le-view.

6 Conclusions

Giventhe large variationsin illuminationsandchanges
in viewpoint from front to pro le, the performanceof our
algorithm seemspromising. For further evaluation, the
methodneedsto be appliedto a larger dataset,since our
currentresultsarebasedon 68 individualsonly.
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The correlationbetweentting scoreandidenti cation
performanceprovides us with a useful measureof con -
dence.Theidenti cation performancen thoseimageshat
wereratedwith a high tting scorewas97.4%. This indi-
cateshatthe modelparametersf shapeandtexturearean
appropriaterepresentationf the identity of a face. It also
suggestshathigheridenti cation performancentheentire
setcanbeachievedby increasinghereliability of the tting
algorithm.

Currently the systemrequiressomemanualinteraction
for initializing the tting process,but we are developing
methodgo alleviatethis, andspeedup the tting process.
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probeview
front side prole

front view mean | 98 94 94 85 69 65
gallery std 2.0 6.3 8.0 20.7 | 18.3 18.2

sideview mean | 95 89 98 90 78 70
gallery std 3.1 6.4 3.0 9.2 16.9 18.9

prole view | mean | 76 71 81 71 89 84
gallery std 7.2 9.2 104 122 | 125 164

References

[1] J. Bemgen and R. Hingorani. Hierarchicalmotion-based
framerate conversion. Technicalreport, David Sarnof Re-
searchCenterPrincetonNJ 08540,1990.

[2] V. BlanzandT. Vetter A morphablemodelfor the synthe-
sis of 3d faces. In ComputerGraphicsProceedingsSIG-
GRAPH'99 pagesl87-194] os Angeles,1999.

[3] T.F. CootesK. Walker, andC. J. Taylor. View-basedac-
tive appearancenodels. In Int. Conf on Autom.Faceand
Gestue Rec@nition, pages227-232Grenoble 2000.

[4] J.Foley andA. v. Dam. Fundamental®f interactive com-
putergraphics Thesystemgrogrammingseries Addison-
Wesle/, ReadingMa, 1984.

[5] A. GeoghiadesP. BelhumeurandD. Kriegman.Fromfew
to mary: lllumination conemodelsfor facerecognitionun-
dervariablelighting andpose.lEEE Trans.on PatternAnal-
ysisand Machine Intelligence 23(6):643—-6602001.

[6] P. Hallinan. A deformablemodelfor the recanition of hu-
manfacesunderarbitrary illumination. PhDthesisHarvard
University, CambridgeMassachusett4,995.

[7] R.HaralickandL. Shapiro.Computerandrobotvision vol-
ume2. Addison-Wesleg, ReadingMa, 1992.

[8] S.Haykin. Neuml Networks:A Compehensivé-oundation
PrenticeHall, 1998.

[9] M. JonesandT. Poggio.Multidimensionalmorphablemod-
els: A frameavork for representingand matching object
classeslint. Journal of Comp.Msion, 29(2):107-1311998.

[10] A. Lanitis, C. Taylor, andT. Cootes. Automaticfaceiden-
ti cation systemusing e xible appearancenodels. Image
andVision Computing 13(5):393-4011995.

[11] H. MoonandP. J.Phillips. Computationahndperformance
aspectof pca-basedace-recognitioralgorithms. Percep-
tion, 30:303-3212001.

[12] T. Sim, S. Baker, and M. Bsat. The cmu pose,illumina-
tion, andexpression(PIE) databasef humanfaces. Tech-
nical Report CMU-RI-TR-01-02, The Robotics Institute,
Carngjie Mellon University, January2001.

[13] V. N. Vapnik. The Nature of StatisticalLearning Theory
SpringerVerlag,New York, 1995.

[14] T.VetterandT. Poggio.Linearobjectclassesandimagesyn-
thesisfrom a singleexampleimage.|[EEE Trans.on Pattern
AnalysisandMachine Intelligence 19(7):733—7421997.

[15] W.Zhao,R.ChellappaA. RosenfeldandP. J.Phillips. Face
recognition:A literaturesuney. 2000. submitted.



