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Abstract

Wepresenta novelapproach for recognizingfacesin im-
agestaken from differentdirectionsand underdifferent il-
lumination. Themethodis basedon a 3D morphableface
modelthatencodesshapeandtexture in termsof modelpa-
rameters,andan algorithmthat recovers theseparameters
from a single image of a face. For face identi�cation, we
usetheshapeandtexture parameters of themodelthat are
separatedfromimaging parameters,such asposeandillu-
mination. In addition to the identity, thesystemprovidesa
measure of con�dence. We report experimentalresultsfor
more than 4000imagesfrom the publicly availableCMU-
PIE database.

1 Intr oduction
A numberof algorithmshave beendevelopedfor face

recognitionfrom �x ed viewpoints, yet few attemptshave
beenmadeto tacklethe problemof combinedvariationof
poseand illumination (an overview is given in [15].) To
handlethe extremeimagevariationsinducedby thesepa-
rameters,onecommonapproachtakenby variousgroupsis
to usegenerative imagemodels[6, 10, 14, 5]. For image
analysis,thegeneralstrategy of all thesetechniquesis to �t
thegenerative modelto a novel image,therebyparameter-
izing it in termsof themodel.

In order to make identi�cation independentof imaging
conditions,the goal is to separateintrinsic modelparame-
tersof the facefrom extrinsic imagingparameters.Many
view-basedapproachesusestatisticaltechniquesto address
this problem. Headposesthat rangefrom frontal to pro-
�le views needto be coveredin view-basedmethodsby a
setof separatemodelsfor differentviews [3]. In another
approach,givenseveralfront viewswith differentillumina-
tion directionsof eachperson,asetof modelsfor new poses
canbegeneratedsyntheticallyandthencombinedto cover
limited rotationsin azimuthof up to ����� [5].

In our approach,the separationof intrinsic andextrin-
sic parametersis achieved by taking the model-basedap-
proachto its extremein anexplicit simulationof theprocess

of imageformation using 3D computergraphicstechnol-
ogy. We applya three-dimensionalmorphablefacemodel
thathaspreviously beenintroducedfor computergraphics,
andan algorithmto �t this model to images[2]. From a
singleimage,thealgorithmestimatesfacialshapeandtex-
ture,alongwith pose,illumination, andcameraparameters
suchascolor contrast.Our 3D modelcoversall headposes
anda wide rangeof illumination conditions,andit consid-
ers specularre�ection and cast shadows. For �tting the
model to an image,the systemcurrently requiresapprox-
imateprior informationabouttheseexternalconditions.

In the following section,we summarizethe conceptof
the morphablefacemodel. In Section3, we describean
algorithm for recovering model parametersfrom images.
Finally, we presentresults obtainedwith the CMU-PIE
databaseof faceimages[12].

2 Mor phableModel of 3D Faces
Generalizingthe well-known morphing betweenpairs

of three-dimensionalobjects,the morphablefacemodelis
basedon a vector spacerepresentationof faces[14]. In
thisvectorspace,any convex combinationof shapeandtex-
turevectorsof asetof examplesdescribesarealistichuman
face.Thefollowing paragraphsdescribeanautomatedtech-
niqueto deriveamorphablemodelfrom asetof laserscans,
andgivea de�nition of shapeandtexturevectors.
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The databaseof laser scansused in this study con-
tainsscansof 100 malesand100 femalesrecordedwith a
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3030PSscanner. Scansarestoredin cylin-
dricalcoordinatesrelativeto averticalaxis. In angularsteps
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andverticalsteps; , at a spacingof <&=?>5� and <.= @.A2B�CDC ,
thedevicemeasuresradius
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All headswere consistentlyalignedin 3D spacewith the
methodof 3D3D absoluteorientation[7]. Sincesurface
dataareunavailablefor hair, the backof the headwasre-
movedfrom eachscan,usinganinteractive tool.
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The core step of building a morphableface model is
to establishdensepoint-to-pointcorrespondencebetween
each face and a referenceface, which can be a scan
from the databaseor any other 3D face model. Dense
correspondenceis given by a vector �eld �
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in the secondscan. To �nd this vector �eld, we extended
anoptic �o w algorithm[1] from grey-level images�
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that compensatefor
differentvariationswithin theradiusandtexturedata.The
coordinatesandtexture valuesof all * verticesof the ref-
erenceface(in our model, *
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shapeandtexturevectors
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Vectors
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of the examples6
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from the referencefaceto face 6 . Convex combi-
nationsof the examplesproducenovel shapeand texture
vectors

,

and
3

. Previous results[2] indicatethat shape
andtexturecanbecombinedindependently:
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To avoid changesin overall sizeandbrightness,
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probabilisticcriterionin thenext section.
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We performa PrincipalComponentAnalysis(PCA,see
[8]) separatelyon theshapeandtexturevectors
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ignoringthecorrelationbetweenshapeandtexturedata.For
shape,subtractingtheaverageS ,
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Moreover, PCAgivesanestimateof theprobabilityden-
sity functionwithin facespace,basedonthesetof examples
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3 Model-BasedImageAnalysis
In an analysis-by-synthesisloop, the morphableface

modelcanbe �tted to a novel faceshown in an input im-
age
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. The goal of the imageanalysisis to �nd
modelparameters
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n
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, andfaceposition,orientation
andilluminationsuchthatthemodel,renderedby computer
graphicsalgorithms,producesanimageascloseaspossible
to the input image(Figure2, illustratedwith linearcombi-
nationsaccordingto (5) ratherthan(6) for visualization.)

We �rst summarizethe algorithmsand parametersin-
volved in creatingan imagefrom themodel,andthendis-
cusshow themodelis �tted to an input image.Finally, we
describeour identi�cation criterion.
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The three-dimensionalpositionsand the color of the
model's verticesarede�ned by the coef�cients
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in (6). Renderinganimageincludesthefollowing steps:
Image positions of vertices: A rigid transformation
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The angles
:

and É control in-depthrotationsaroundthe
verticalandhorizontalaxis,and Ê de�nesa rotationaround
thecameraaxis.

Â

is ascalingfactor, and hËÈ a spatialshift.
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In a perspective projection,the coordinatesof vertex ¾
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� is thefocal lengthof thecamerawhichis locatedin the
origin, and
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de�nestheimage-planepositionof the
opticalaxis(principalpoint).

Illumination and Color: Shadingof surfacesdepends
on the direction of the surfacenormals  . In the �tting
process,we only considerthecentersof triangles,mostof
whichareabout<&= ��CGC

�

in size.Normalsat triangles'cen-
tersarecomputedby avectorproductof theedges,normal-
izedto unit length,androtatedalongwith thehead(Equa-
tion 8).

The illumination model of Phong (see [4]) approxi-
mately describesthe diffuse and specularre�ection on a
surface.Oneachvertex ¾ , theredchannelis
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whereED½ is theredcomponentof thediffusere�ection co-
ef�cient storedin the texture vector
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directionof maximumspecularre�ection [4].

Input imagesmay vary a lot with respectto the over-
all tone of color. In order to be able to handlea variety
of color images,we transformcolor valueswith respectto
color contrast,aswell asgain andoffset in eachchannel.
Thetransformedcolors �
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In the processof �tting the model to a novel image,
not only the shapeand texture coef�cients
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are
optimized, but also the following renderingparameters,
which we concatenateinto a vector
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ascolorcontrast,andgainandoffsetof colors.

Otherparameters,suchasthefocal length � of thecam-
era,the3D translationh

È , the direction & of the light, and
thespecularre�ectanceparametersarekept�x ed.

Theoptimizationalgorithmstartsfrom theaverageface
at a positionandorientationroughlyalignedwith the face
in theimage.Theprealignmentis currentlydonemanually.

Theprimarygoal in analyzinga faceis to minimizethe
sum of squaredifferencesover all color channelsand all
pixelsin theinput imageandthesyntheticreconstruction,
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For Gaussianpixel noise with a standarddeviation
b>= , the likelihood of observing
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In order to achieve plausible results, we use a max-
imum a posteriori estimator (MAP), minimizing
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For eachiteration of the optimizationprocess,the �t-
ting algorithmanalyticallycomputesthegradientof thecost
functionandthenupdatestheparameters:
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Since contributions of the pixels of the entire image
might be redundant,we usea modi�cation of a stochastic
gradientdescentalgorithm [9]. At eachiteration, the �t-
ting algorithmselectsa subsetof 40 randomtriangles,and
evaluates

8
9

andits gradientonly at their centers.To make
surethattheexpectationvalueof this reducedcostfunction
equalsthe entire function

8
9

on the face,we selecttrian-
gleswith probabilitiesthatareproportionalto theareasthey
cover in theimage.Areasarecomputedat thebeginningof
the optimization,andonceevery few thousanditerations.
At the sametime, a z-buffer methoddiscardsall triangles
thatareoccludedin thecurrentestimateof shapeandorien-
tation.

The �rst iterationsonly optimize the �rst parameters
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= . Later in the optimization,the algorithmconsiders
more andmore coef�cients, and b

= is decreased.While
PCA of a databaseof 200 facesprovides199 coef�cients
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, we restricttheprocessto themostrelevant99.
In order to recover detailsof the facemore precisely,

we de�ned the regionsof the eyes, nose,mouth, and the
surroundingfacesegmenton the referenceface[2]. Thus,
eachvertex of the morphablemodel is assignedto oneof
the four segments

Â

A ...
Â

� . After the entire facemodel
hasbeenglobally �tted to the image,theseregionsareop-
timized separately, using independentlinear combinations
(6) andevaluating
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only on thatsegment.Currently, the
�tting processtakes40minutesonaPentiumIII, 800MHz.
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As aresultof the�tting procedure,weobtainasetof pa-
rameters
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eachof thefacesegments.All of theseparametersarecom-
binedfor a comparisonof faces.
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The similarity 
 betweentwo facescanbe measuredin

termsof Mahalanobisdistances.However, it provedto be
morereliable(cf. [11]) to use
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4 Experimentson Model Fitting

In this and the next sections,the �tting and identi�ca-
tion performancesareinvestigatedonthePIEdatabasefrom
CMU [12]. We selectedtheportion of thedatabasewhich
presentsvariation of both poseand directedillumination
and with an ambientlight. This portion includesimages
of 68 individualsat 3 posesandilluminatedfrom 22differ-
ent directions(66 imagesper individual). The individuals
in thePIEdatabasearenotcontainedin oursetof 3D scans.

As explainedin Section3.2, initial valuesof therender-
ing parametersmustbeprovidedto theimageanalysisalgo-
rithm. Someof thesearecomputedautomaticallyfrom the
geometricalinformation provided by the CMU database:
The 3D positionof the cameras,the light sourcesandthe
headwererecordedat thetime of thedataacquisition[12].
Thesedataallow us to recover an initial estimateof the
poseangles
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andthedirectionof the light & . On theother
hand,translationandsizeparameters,
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, color contrast,gainsandoffsets,weregiven
genericvaluesfor the entiresetof images.Exceptfor the
focal length � andfor the light direction & , the parameters
arere�ned by theimageanalysisalgorithm.

Figure3 showsexamplesof initial parametersandof pa-
rametersrecoveredby thealgorithm.As the�fth columnof
this �gure shows, the iterative �tting doesnot alwayscon-
verge to an acceptablesolution. After �tting the model to
all 4488imagesonseveralPCs,resultswereassessedvisu-
ally by anoperator. Percentagesof acceptable�tting results
areshown in Table1.

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

front side pro�le
meanw/o glasses 94% 91% 80%
meanwith glasses 86% 65% 72%
mean 91% 80% 77%
worstandbestillum. 68-98% 41-95% 14-89%
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thanfrom the front view. Ignoring thosepointswith high-
estcontributionto

8�9

in the�tting procedure[9] makesour
algorithmrobustwith respectto glassesandbeards.How-
ever, thismethodmayreducequality for dif�cult posesand
illuminations,andis thereforenotappliedhere.

The quality of resultsvariesacrossdifferent illumina-
tion conditions(Table 1, last row). It is consistentlylow
for someextremeconditionswheremostof thefaceis dark
exceptfor strongspecularitieson theforeheadandthechin
(seethird columnof Figure3).
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In this section,we presentan automatedtechniquefor
assessingthe quality of �tting in termsof a Fitting Score
(FS).We demonstratein thenext sectionthattheFSis cor-
relatedwith identi�cation performanceandmaybeusedas
acon�dencemeasure.

A �tting scorecanbederivedfrom the imageerror and
from themodelcoef�cients of each�tted segmentfrom the
average:(�)
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M
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where
*

is thenumberof visibleverticesand
+

regroups
thefeaturesfrom which theFSis computed.

The function �

M
�?N

is learnedby a Classi�cationSupport
VectorMachine[13]:(�)
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where
*

( is the numberof supportvectorsand
+

4

is
the ith supportvector. The good �ts are given the value

(�)

O

A and the poor �ts

(�)

O V

A . Half of the data
wereusedfor trainingandtheotherhalf for validation.The
SVM kernel,

/

M
� N

is Gaussian,andwe choseanasymmet-
ric costfunctionwhich penalizespositive deviations. This
constraintlimits thenumberof poor�ts classi�edascorrect
�ts (falsepositives)andensuresthattheloweridenti�cation
performanceof thepoor�ts will notpollutethebetteriden-
ti�cation performanceof the accurate�ts. Table2 shows
classi�cationresultsover thetrainingandvalidationsets.
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5 Identi�cation

Givena setof galleryimagesof faces,theidenti�cation
systemstoresthemodelcoef�cients

�

and
�

computedby
the �tting algorithm(Figure1). In orderto identify a per-
sononaprobeimage,the�tting algorithmcomputesmodel
coef�cients, andusesthesimilarity measure(13) to �nd the
nearestneighbourwithin thegallery.

Thegalleryis composedof asingleimagefor eachof the
68 individuals.All gallery imageshave thesameillumina-
tion direction,which is closeto thecameraaxis.Theprobe
setis composedof @��

�
M
	

�

���

V

A

N O

�5� ��< imagesof all 68
individualsat 3 posesandilluminatedfrom 22 directions,
but without thegalleryimages.We usethecloseduniverse
modelfor evaluatingtheperformance,soeachof the68per-
sonsin theprobesetcanbe found in the gallery. Noneof
the individualsshown in the gallery or probeimagesis in
thedatabaseof 3D scans.

�	��
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���%"
���
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�

� ' � ���Q')%&�

In this section,we demonstratethat the �tting scoreis
a goodmeasureof the identi�cation con�dence. Figure4
shows the identi�cation resultswith respectto theFSfor a
galleryof sideviews( � � B � ). Wedividedtheprobeimages
into 8 binsof differentFSandcomputedthepercentageof

correctidenti�cation for eachof thesebins (histogramin
Figure4). Thereis astrongcorrelationbetween�tting score
andidenti�cation performance,indicatingthatFSis a good
measureof identi�cation con�dence.

�	� � ¹’�)�9'���
���%"
���
 � '�
 �Q��� � �5�

Figure5 is thecumulative versionof Figure4. It shows
that from the imageswith acceptable�ts (

(�)

�

< ), which
are 80 % of the images,92.8 % are correctly identi�ed,
despitethe wide poseandillumination variations. On the
wholesetof images,82.6% arecorrectlyidenti�ed.

Table3 presentsidenti�cation resultsbasedon galleries
composedof front, sideandpro�le views,respectively. The
tableindicatesthatthebestgeneralizationperformancesare
obtainedwith a side-view gallery. As expected,thepoorest
performancesareobtainedby a pro�le-view.

6 Conclusions

Given the 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,sinceour
currentresultsarebasedon68 individualsonly.

5
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The correlationbetween�tting scoreandidenti�cation
performanceprovides us with a useful measureof con�-
dence.Theidenti�cation performanceon thoseimagesthat
wereratedwith a high �tting scorewas97.4%. This indi-
catesthat themodelparametersof shapeandtexturearean
appropriaterepresentationof the identity of a face. It also
suggeststhathigheridenti�cation performanceontheentire
setcanbeachievedby increasingthereliability of the�tting
algorithm.

Currently, the systemrequiressomemanualinteraction
for initializing the �tting process,but we are developing
methodsto alleviatethis,andspeedup the�tting process.
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probeview

front side pro�le

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

pro�le view mean 76 71 81 71 89 84

gallery std 7.2 9.2 10.4 12.2 12.5 16.4
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