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Abstract
Thispapersummarizesthemainconceptsof Morphable

Modelsof 3D faces,and describestwo algorithmsfor 3D
surfacereconstructionand face recognition. The �r st al-
gorithmis basedonananalysis-by-synthesistechniquethat
estimatesshapeandposeby fully reproducingtheappear-
anceof the face in the image. The secondalgorithm is
basedon a setof feature point locations,producinghigh-
resolutionshapeestimatesin computationtimes of 0.25
seconds.A variety of different applicationparadigmsfor
model-basedfacerecognitionarediscussed.

1 Intr oduction
Lookingbackat thedevelopmentof visionresearch,sig-

ni�cant progresshasbeeninitiatedby theinsight thatmost
recognitiontasks,suchas faceidenti�cation, do not nec-
essarilyrequirea full reconstructionof the geometryand
the optical propertiesof the objectsthat are to be recog-
nized. Instead,many successfulapproacheshave identi�ed
invariant featuresor quantitiesin the imagesthat reliably
characterizeindividual objects.For frontal views andcon-
stantlighting conditions,a numberof differentalgorithms
have achievedvery impressive results(for anoverview, see
[14]).

With the focus of researchin facerecognitionshifting
moreandmoretowardsuncontrolledimagingconditions,it
hasturnedout to be surprisinglydif�cult to �nd features
or quantitiesin imagesof facesthat remaininvariantwith
respectto changesin poseandillumination. In the image
domain,the changesinducedby 3D rotationsof facesand
by changesin illuminationarenotoriouslycomplex, despite
the relatively simplenatureof the underlyingtransforma-
tions in three-dimensionalspace. 3D rotationandhidden
surfaceremoval arecapturedby a simplematrix equation
and a depthbuffer operation,and illumination effects of
specularnon-metallicsurfacesareeasyto approximateby
modelssuchasthePhongilluminationmodel[8]. Moreso-
phisticatedmodelswouldbeinvolvedonly if subtleeffects,
suchassubsurfacelight scatteringin facial tissue,wereto
be simulated,which doesnot seemto be relevant for face
recognition.

An obvious invariant feature in different imagesof a
rigid objectis the3D surfacegeometrywith thelocalre�ec-
tion propertiesof the material. The strategy pursuedwith
3D MorphableModels [5], therefore,hasbeento extract
completeshapeandtextureestimatesasinvariantfeatures,
andto exploit thefactthatchangesin poseandillumination
aremuchlesscomplex in the3D domainthanin images.In
otherwords,theapproachtransfersthe invarianceproblem
to a simple,intuitive,explicit andpreciseformalismfor the
poseandilluminationtransformations,at thepriceof possi-
bly recoveringmoreinformationfrom the imagethannec-
essaryfor a purerecognitiontask,andfacinga challenging
shapereconstructionproblem.

For shapereconstruction,imageanalysishasto dealwith
poseandillumination changesin imagespace.In contrast,
imagesynthesismayperformthesetransformationsbothin
imagespace,for examplein imagebasedrendering,or in
3D, asit is donein standardcomputergraphics.Again, the
MorphableModel approachusesthe fact that thesetrans-
formationsare simpler in 3D, by performingan iterative
analysis-by-synthesiswith 3D transformations. The non
face-speci�cparameterssuchasheadpose,focal lengthof
thecamera,illuminationandcolorcontrastaremodeledex-
plicitly, andthey areestimatedautomatically. Unlike other
approaches,suchas Shape-From-Shading,thereis no re-
strictionwith respectto illumination modelsor re�ectivity
functions:Any modelfrom computergraphicscanbeused
in thesynthesisiterations,andit affectsonly thecomputa-
tional complexity of the�tting algorithm.

In orderto solve theill-posedproblemof reconstructing
anunknown shapewith unknown texturefrom a singleim-
age,theMorphableModel approachusesprior knowledge
abouttheclassof solutions.In thecaseof facereconstruc-
tion, this prior knowledgeis representedby a parameter-
ized manifold of face-like shapesembeddedin the high-
dimensionalspaceof generaltexturedsurfacesof a given
topology. Morespeci�cally, theMorphableModelcaptures
the variationsobserved within a datasetof 3d scansof ex-
amplesby convertingthemto avectorspacerepresentation.
For surfacereconstruction,thesearchis restrictedto thelin-
earspanof theseexamples.



In the following threesections,we summarizethe con-
ceptof MorphableModelsanddescribetwo algorithmsfor
shapereconstruction.For furtherdetails,see[5, 6, 3]. Sec-
tion 5 will thendiscusstheadvantagesanddisadvantagesof
severaldifferentparadigmsfor usingtheMorphableModel
in facerecognition.

2 A Mor phableModelsof 3D Faces
The MorphableModel of 3D faces[13, 5, 6] is a vector

spaceof 3D shapesand texturesspannedby a set of ex-
amples.Derived from 200 texturedCyberware (TM) laser
scans,theMorphableModelcapturesthevariationsandthe
commonpropertiesfound within this set. Shapeand tex-
turevectorsarede�ned suchthatany linearcombinationof
examples
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is a realistic faceif S, T arewithin a few standarddevi-
ationsfrom their averages. In the conversionof the laser
scansinto shapeandtexturevectorsSi , T i , it is essentialto
establishdensepoint-to-pointcorrespondenceof all scans
with areferencefaceto makesurethatvectordimensionsin
S, T describethesamepoint,suchasthetip of thenose,in
all faces.Densecorrespondenceis computedautomatically
with analgorithmderivedfrom optical�o w [5].

EachvectorSi is the3D shape,storedin termsof x; y; z-
coordinatesof all verticesk 2 f 1; : : : ; ng, n = 75972of a
3D mesh:

Si = (x1; y1; z1; x2; : : : ; xn ; yn ; zn )T : (2)

In the sameway, we form texture vectorsfrom the red,
green,andbluevaluesof all vertices'surfacecolors:

T i = (R1; G1; B1; R2; : : : ; Rn ; Gn ; Bn )T : (3)

Finally, we perform a Principal ComponentAnalysis
(PCA, see[7]) to estimatethe probability distributionsof
facesaroundtheir averagess andt , andwe replacetheba-
sis vectorsSi , T i in Equation(1) by an orthogonalsetof
eigenvectorssi , t i :
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3 Estimation of 3D Shape,Texture,Poseand
Lighting

From a given set of model parameters� and � (4),
we can computea color imageI mo del (x ; y ) by standard
computergraphicsprocedures,including rigid transforma-
tion, perspective projection, computationof surface nor-
mals,Phong-Illumination,andrasterization.Theimagede-
pendson a numberof renderingparameters� . In our sys-
tem, theseare 22 variables: 3D rotation (3 angles),3D

translation(3 dimensions),focal length of the camera(1
variable),angleof directedlight (2 angles),intensityof di-
rectedlight (3 colors),intensityof ambientlight (3 colors),
color contrast(1 variable),gain in eachcolor channel(3
variables),offsetin eachcolor channel(3 variables).

All parametersare estimated simultaneously in an
analysis-by-synthesisloop. The main goal of the analysis
is to �nd the parameters� , � , � that make the synthetic
imageI mo del assimilar aspossibleto the original image
I input in termsof pixel-wiseimagedifference
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(5)
All sceneparametersarerecoveredautomatically, start-

ing from a frontal posein the centerof the image,andat
frontal illumination. To initialize theoptimizationprocess,
we usea setof featurepoint coordinates[6]: Themanually
de�ned 2D featurepoints (qx;j ; qy;j ) and the imageposi-
tions(px;k j ; py;k j ) of thecorrespondingverticeskj de�ne a
function
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that is addedto the imagedifferenceE I in the �rst itera-
tions.

In orderto avoid over�tting effectsthatarewell-known
from regressionandotherstatisticalproblems(see[7]), we
addregularizationtermsto the cost function that penalize
solutionsthat are far from the averagein termsof shape,
texture,or therenderingparameters.Thefull costfunction
is
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The standarddeviations � S;i and � T ;i areknown from

PCA of shapesand textures. � i are the standardstarting
valuesfor � i , and� R ;i aread–hocestimatesof their stan-
darddeviations.

Thecostfunction(7) canbederivedfrom aBayesianap-
proachthatmaximizestheposteriorprobabilityof � , � and
� , given I input andthe featurepoints[5, 6]. E I is related
to independentGaussiannoisewith astandarddeviation � I

in thepixel values,andtheregularizationtermsarederived
from theprior probabilities.Thesystemperformsanopti-
mal tradeoff betweenminimizing E I andachieving a plau-
sibleresult.

Theoptimizationis performedwith aStochasticNewton
Algorithm [6]. The �tting processtakes4.5 minuteson a
2GHzPentium4 processor.

Figure 1 shows a numberof reconstructedtest faces.
Note that, even thoughthe training set of 3D scanscon-
tained199Caucasianfacesandonly 1 Asianface,thesys-
tem canstill be appliedto a muchwider ethnicvariety of



Figure 1. Reconstructions of 3D shape and texture from FERET images [11] (top row). In the second
row, results are rendered into the original images with pose and illumination reco vered by the
algorithm. The thir d row sho ws novel views.

faces.All shapesandtexturesin Figure1 arelinearcombi-
nationsof the200scannedfaces.

Unlike Figure1, we canalsoenhancethe detailsof the
surfacetexturewith amethodpresentedin [5]. Thiswill be-
comerelevantin someof thefacerecognitionparadigmsde-
scribedin Section5. Thelinearcombinationof texturesT i

cannotreproduceall local characteristicsof thenovel face,
suchasmolesor scars.We extracttheperson's truetexture
from the image,wherever it is visible, by an illumination-
correctedtexture extraction algorithm [5]. At the bound-
arybetweentheextractedtextureandthepredictedregions,
we producea smoothtransitionbasedon a reliability cri-
terion for texture extractionthat dependson the anglebe-
tweentheviewing directionandthesurfacenormal.Dueto
facialsymmetry, were�ect textureelementsthatarevisible
ononeandoccludedon theothersideof theface.

4 Fast 3D Reconstruction fr om Feature
Points

The most costly part of the �tting procedure,in terms
of computationtime, is the high-quality reconstructionof
facial details,suchas the shapeof the noseand the lips.
While the relative positionof thesefeaturesin the faceis
certainlyrelevant for mostapplications,it may sometimes

be acceptablenot to reconstructtheir individual shapein
detail. In previouswork [3], wehavepresentedanalgorithm
that producesa coarsereconstructionfrom a given set of
facialfeaturepointsin 0.25seconds(ona1.7GHzPentium
Xeonprocessor).

In this algorithm,thereconstructionis basedentirelyon
thegiven2D positionsof featurepoints,with acostfunction
asin Equation(6). UnlikeChapter3, theproblemis further
simpli�ed by assumingorthographicprojection,which is
well justi�ed for humanfacesfor cameradistanceslarger
than2 meters.Then,the2D imagepositionsof thevertices
kj are
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with an orthographicprojectionP, a known, �x ed ro-

tation R , scalings and translationt , an averageposition
(xk j ; yk j

; zk j )T of thevertex kj andprincipalcomponents
x i;k ; yi;k ; zi;k . In this setting,EF is a quadraticcostfunc-
tion in the shapeparameters� i , and the solution can be
founddirectlyusingaSingularValueDecomposition.

In orderto avoid over�tting, it is crucialin thisapproach

to adda regularizationterm � �
P

i
� 2

i
� 2

S ;i
to theoverall cost



Figure 2. From an original image at unkno wn
pose (top, left) and a frontal star ting position
(top, right), the algorithm estimates 3D shape
and pose from 17 feature coor dinates, inc lud­
ing 7 directional constraints (second row).
We used 140 principal components and 7 vec­
tor s for transf ormations. The thir d row sho ws
the texture­mapped result. Computation time
is 250ms.

function,asin Equation(7), with a regularizationfactor�
thatcanbeestimatedfrom theexpectednoiseor uncertainty
in thefeaturepoint coordinates[3].

For mostapplications,therotationmatrix,scalingfactor
andtranslationvectorareunknown. We have developedan
algorithmthatapproximatestheeffect of thesetransforma-
tionsin alinearway[3]. Residualerrorsdueto thisapproxi-
mationareremovedby asecondpassof thesamealgorithm,
with updatedvariablesR , s andt . After the secondpass,
theresultis stableandprecise.

Finally, the color valuesof the input imageare texture
mappedon thesurface.Unlike Chapter3, it is not possible
to correctfor illumination,sincenoestimateof illumination
is availablein this reducedalgorithm. Texturevaluesfrom
theright andleft sideof thefacecanbemirror re�ected to
obtaina fully texturefacefrom asinglesideview, asshown

in Figure2.
Somefacial features,suchas the lips or the eyebrows,

have a linear structure,so correspondencecan be de�ned
only perpendicularto this line, but not alongthe line. For

thesefeatures,thenormk
�
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with avectorn perpendicularto thefeatureline.
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Figure 3. Coef�cient­based recognition: The
representation of faces in terms of model co­
ef�cients � i , � i for 3D shape and texture is
independent of viewpoint. For recognition,
all probe and galler y images are processed
by the model �tting algorithm.

5 Model-basedFaceRecognition

In this section,we discussa numberof different ap-
proachesfor facerecognitionacrosslargechangesin view-
pointandillumination. For enrollment,thefacerecognition
systemis providedwith onegallery imageof eachindivid-
ual person,and in testing,eachtrial is performedwith a
singleprobeimage.In anidenti�cation task,thesystemre-
ports the identity of the probeperson,and in veri�cation,
it checkstheclaimedidentity of a person.Theapproaches
describedbelow areeasyto generalizeto taskswith more
thanonegalleryor probeimageperpersonavailable.

3D Shape-and Texture-BasedApproach:
Thereconstructedshapeandtexturevectorss andt form

a representationof 3D facesthatcanbeestimatedfrom im-
agesby the�tting algorithmdescribedin Chapter3 or, with
lessprecision,with the methodin Chapter4. Therearea
numberof optionsfor distancemeasuresbetween3D faces
to rely on for facerecognition.
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Figure 4. Viewpoint Normalization: From a
probe image (top left), the Morphab le Model
generates a transf ormed front view. This is in­
put to a view­based face recognition system
for comparison with the set of frontal galler y
views.

With an ideal reconstructionalgorithm,shapeand tex-
ture would be viewpoint- and illumination-independent
However, for unknown cameraparametersandanunknown
3D shape,thereareanumberof ambiguitiesin shaperecon-
struction,suchasoverallsizeandtheratioof thescalealong
theleft-right andfront-backaxes.Thesewouldposesignif-
icantproblemsto 3D shapecomparisons,which is why we
recommendthefollowing approach.

Coef�cient-Based Approach: The MorphableModel
providesaclass-speci�c,low dimensionalrepresentationof
facesin termsof modelcoef�cients, andthis representation
is also adjustedto the probability distribution of facesin
face-space.The linear coef�cients � i and � i of the Mor-
phableModel are obtainedalong with the 3D shapeand
textureby �tting themodelto theinput image.It is straight-
forwardto basefacerecognitionon a distancemeasurede-
�ned on thesevalues� i and� i .

Due to ambiguitiesandresidualerrorsin model�tting,
different imagesof the samepersonproduceslightly dif-
ferentmodelcoef�cients, so the representationis not per-
fectly invariant to the imagingconditions. Therefore,the
ratio of variationwithin individualsandbetweenindividu-
alshasto beconsideredby thedistancemeasure.In [6], this
is achievedby a PCA of thecoef�cients estimatedfrom an
arbitrarydatasetof images(differentfrom thetestsetused

in the evaluation). Then,the modelcoef�cients � i and� i

arerescaledalongtheprincipalaxesof within-subjectvari-
ation.

Oncethe gallery imagesand the probeimagearecon-
verted into model coef�cients, identi�cation is a simple
nearest-neighboursearchin this low-dimensionalrepresen-
tation with the distancemeasuredescribedabove. This
searchcanbeperformedveryef�ciently .

On 1940probeimages(194 individuals)of the FERET
dataset[11], this approachgivesan overall rateof 95.9%
correctidenti�cation [6]. The imagescontainlarge varia-
tions in poseandsomevariationin illumination. Figure1
shows someof the input imagesandthe reconstructed3D
faces.

The imagesof the PIE databasefrom CMU [12] cover
an even larger rangein pose(frontal to pro�le) and large
variationsin illumination,includingharshlighting from be-
hind. On 4488test images(68 individuals),the algorithm
achieved 95.0%correctidenti�cation if the gallery image
wasasideview [6]. For veri�cation ata1%falsealarmrate,
correctveri�cation (hit rate)is 77.5%for theCMU-PIEand
87.9%for theFERETdataset.The�tting algorithmwasini-
tialized with a setof six to eight manuallyde�ned feature
points.

Viewpoint Normalization Approach: While the pre-
viousapproachis applicableacrosslargechangesin view-
point, this comesat the price of a relatively high compu-
tationalcost. In contrast,mostfacerecognitionalgorithms
that arecommerciallyavailabletodayarerestrictedto im-
ageswith close-to-frontalviews only, but they are more
computationallyef�cient. In a combinedapproach[10, 2],
wehave usedtheMorphableModelasapreprocessingtool
for generatingfrontalviewsfrom non-frontalimageswhich
aretheninput to theimage-basedrecognitionsystems.This
approachpaysoff if someof the images,for exampleall
gallery or all probeimages,arefrontal views, sothe�tting
algorithmis only runon theremainingsubset.

For generatingfrontal views, the MorphableModel is
usedto estimate3D shapeandtextureof the face,andthis
faceis renderedin a frontal poseandat a standardsizeand
illumination. Restrictedto theface,themodelcannotrotate
thehairstyleandtheshouldersof theindividual in animage.
In orderto obtaincompleteportraitsthataresuitablefor the
commercialsystems,thealgorithminsertsthe faceinto an
existing frontal portrait automatically(Figure4). In other
words,the hairstyleandshouldersof all preprocessedim-
agesarethoseof astandardperson,andtheinnerpartof the
faceis taken from thenon-frontalinput image. For details
onexchangingfacesin images,see[4].

In theFaceRecognitionVendorTest2002,theviewpoint
normalizationapproachhasimprovedrecognitionratessig-
ni�cantly for nine out of ten commercialfacerecognition
systemstested[10]. In a comparisonwith coef�cient-



basedrecognition,basedon the sameimagedataand the
sameresultsof the �tting algorithm, recognitionratesin
thecoef�cient-basedapproachwerecomparableto thebest
resultsin the viewpoint-normalizationapproach[2]. This
indicatesthat not muchdiagnosticinformationon identity
is lost whenthe transformedimageis renderedandsubse-
quentlyanalyzedin view-basedrecognitionsystems.

Synthetic Training SetApproach: Insteadof generat-
ing a single standardview from eachgiven input image,
3D facereconstructioncanalsohelp to build a large vari-
ety of differentviews,which arethenusedasa trainingset
for learning2D featuresthat are invariant with respectto
poseand illumination. This approachhasbeenpresented
in [9]. Froma small numberof imagesof an individual, a
3D facemodelwasreconstructed,and7700imagesper in-
dividualwererenderedatdifferentposesandilluminations.
Along with the syntheticimages,the renderingprocedure
also provides the 2D positionsof features,and imagere-
gionsaroundthesefeaturescanbe croppedautomatically.
Thesesubimagesareusedfor traininga supportvectorma-
chine classi�er for eachfeaturetype and eachindividual.
For eachindividual,all featureclassi�ersarecombinedto a
person-speci�ccomponent-basedrecognitionsystemwhich
is computationallyef�cient androbustat thesametime.

6 Conclusions
Recentwork in facerecognitionhasdemonstratedthat

MorphableModelsof 3D facesprovide a promisingtech-
niquefor facerecognitionunderuncontrolledimagingcon-
ditions. The processof 3D shapereconstructionby �tting
theMorphableModeltoanimagegivesafull solutionof the
3D vision problem. For facerecognition,however, a full
3D reconstructionmay not alwaysbe necessary. In those
cases,theMorphableModel mayhelp to improve existing
image-basedclassi�er systemsby preprocessingthegallery
or probe images. A comparisonof the performanceof
coef�cient-basedrecognitionanda combinedapproachhas
demonstratedthat both alternatives perform equally well,
andthatacombinationdoesnot imply a lossof characteris-
tic information[2].

In addition to poseand viewpoint, facial expressions
posean interestingand relevant challengeto currentface
recognitionsystems. In the MorphableModel, facial ex-
pressionscan, for example,be modeledby recording3D
scansof a faceat differentexpressions,establishingpoint-
to-point correspondenceto the neutral referenceface of
theMorphableModel,andaddingthefacialexpressionsas
new vectorsto the dataset[1]. In this extendedspace,the
recordedsetof facialexpressioncanbeappliedto any other
individualface.If theextendedMorphableModelis �t to an
imageof anexpressive face,theexpressioncanbeapprox-
imatelyreconstructed,andby settingthecoef�cients of the
facialexpressionvectorsto 0, the facecanbebroughtto a

neutralexpressionautomatically[1]. Similar to the view-
point normalizationapproach,this canbeusedfor prepro-
cessingimagesandcreatingstandardviews from arbitrary
images.
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