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Abstract

Thispapersummarizeshe mainconceptf Morphable
Modelsof 3D faces,and describeswo algorithmsfor 3D
surfacereconstructionand face recagnition. The r st al-
gorithmis basedon ananalysis-by-synthestecniquethat
estimateshapeand poseby fully reproducingthe appear
ance of the face in the image. The secondalgorithm is
basedon a setof featule point locations, producinghigh-
resolution shapeestimatesin computationtimes of 0.25
seconds.A variety of different application paradigmsfor
model-basedacerecanition are discussed.

1 Intr oduction

Looking backatthedevelopmenif visionresearchsig-
ni cant progresshasbeeninitiated by theinsightthatmost
recognitiontasks,suchas faceidenti cation, do not nec-
essarilyrequirea full reconstructiorof the geometryand
the optical propertiesof the objectsthat are to be recog-
nized. Instead mary successfuapproachebave identi ed
invariant featuresor quantitiesin the imagesthat reliably
characterizendividual objects. For frontal views andcon-
stantlighting conditions,a numberof differentalgorithms
have achieved very impressie results(for anoverview, see
[14]).

With the focus of researchin facerecognitionshifting
moreandmoretowardsuncontrolledmagingconditions,it
hasturnedout to be surprisinglydif cult to nd features
or quantitiesin imagesof facesthat remaininvariantwith
respectto changedn poseandillumination. In theimage
domain,the changesnducedby 3D rotationsof facesand
by changesn illumination arenotoriouslycomple, despite
the relatively simple natureof the underlyingtransforma-
tions in three-dimensionaspace. 3D rotation and hidden
surfaceremoval are capturedby a simple matrix equation
and a depth buffer operation,and illumination effects of
speculamon-metallicsurfacesare easyto approximateby
modelssuchasthe Phongillumination model[8]. More so-
phisticatednodelswould beinvolvedonly if subtleeffects,
suchassubsurécelight scatteringn facial tissue,wereto
be simulated,which doesnot seemto be relevant for face
recognition.

An oblvious invariant featurein different imagesof a
rigid objectis the 3D surfacegeometrywith thelocalre ec-
tion propertiesof the material. The stratgy pursuedwith
3D MorphableModels[5], therefore,hasbeento extract
completeshapeandtexture estimatesasinvariantfeatures,
andto exploit thefactthatchangesn poseandillumination
aremuchlesscompl« in the 3D domainthanin images.In
otherwords,the approachransfersheinvarianceproblem
to asimple,intuitive, explicit andpreciseformalismfor the
poseandilluminationtransformationsattheprice of possi-
bly recosering moreinformationfrom the imagethannec-
essaryfor a purerecognitiontask,andfacinga challenging
shapereconstructiorproblem.

For shapeaeconstructionimageanalysishasto dealwith
poseandillumination changesn imagespace.ln contrast,
imagesynthesisnay performthesetransformation®othin
imagespace for examplein imagebasedrendering,or in
3D, asit is donein standarccomputergraphics.Again, the
MorphableModel approachusesthe fact that thesetrans-
formationsare simplerin 3D, by performing an iterative
analysis-by-synthesiwith 3D transformations. The non
face-speci cparametersuchasheadpose focal lengthof
the camerajllumination andcolor contrastaremodeledex-
plicitly, andthey areestimatechutomatically Unlike other
approachessuchas Shape-From-Shadinghereis no re-
striction with respecto illumination modelsor re ectivity
functions: Any modelfrom computergraphicscanbe used
in the synthesidterations,andit affectsonly the computa-
tional compleity of the tting algorithm.

In orderto solve theill-posedproblemof reconstructing
anunknovn shapewith unknavn texture from a singleim-
age,the MorphableModel approachusesprior knowledge
aboutthe classof solutions.In the caseof facereconstruc-
tion, this prior knowledgeis representedy a parameter
ized manifold of face-like shapesembeddedn the high-
dimensionalspaceof generaltextured surfacesof a given
topology More speci cally, the MorphableModel captures
the variationsobsenred within a datasebf 3d scansof ex-
ampleshy corvertingthemto avectorspacerepresentation.
For surfacereconstructionthesearclis restrictedo thelin-
earspanof theseexamples.



In the following threesectionswe summarizethe con-
ceptof MorphableModelsanddescribetwo algorithmsfor
shapereconstructionFor furtherdetails,seg[5, 6, 3]. Sec-
tion 5will thendiscusgheadwantagesinddisadwantage®f
severaldifferentparadigmdor usingthe MorphableModel
in facerecognition.

2 A Mor phable Models of 3D Faces

The MorphableModel of 3D faces[135, 6] is a vector
spaceof 3D shapesand texturesspannedy a setof ex-
amples.Derived from 200 textured Cyberwae (TM) laser
scansthe MorphableModel captureghevariationsandthe
commonpropertiesfound within this set. Shapeand tex-
turevectorsarede ned suchthatary linearcombinationof
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is arealisticfaceif S, T arewithin a few standarddevi-
ationsfrom their averages. In the corversionof the laser
scansnto shapeandtexturevectorsS;, T, it is essentiato
establishdensepoint-to-pointcorrespondencef all scans
with areferencdaceto make surethatvectordimensionsn
S, T describehesamepoint, suchasthetip of thenose,in
all faces.Densecorrespondencis computedautomatically
with analgorithmderivedfrom optical o w [5].
EachvectorS; isthe3D shapestoredin termsof x; y; z-
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In the sameway, we form texture vectorsfrom the red,
greenandbluevaluesof all vertices'surfacecolors:

Ti=(R1;G1;B1;R2;:: ;R0 G Br)': (3)

Finally, we perform a Principal ComponentAnalysis
(PCA, see[7]) to estimatethe probability distributions of
facesaroundtheir averagess andt, andwe replacethe ba-
sisvectorsS;, T; in Equation(1) by an orthogonalsetof
eigervectorss;, t;:
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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 imagel no gel (X;y) by standard
computergraphicsproceduresincluding rigid transforma-
tion, perspectie projection, computationof surface nor
mals,Phong-llluminationandrasterizationTheimagede-
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),jntensityof di-
rectedlight (3 colors),intensityof ambientlight (3 colors),
color contrast(1 variable),gain in eachcolor channel(3
variables) pffsetin eachcolor channek3 variables).

All parametersare estimated simultaneouslyin an
analysis-by-synthesi®op. The main goal of the analysis
isto nd the parameters, , that make the synthetic
imagel mo ge1 @ssimilar aspossibleto the original image
linput in termsof pixel-wiseimagedifference
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All sceneparametersirerecoveredautomatically start-
ing from a frontal posein the centerof the image,andat
frontal illumination. To initialize the optimizationprocess,
we usea setof featurepoint coordinate$6]: The manually
de ned 2D featurepoints (g ; gy;; ) andthe imageposi-
tions(pxx; ; Pyx; ) of thecorrespondingerticesk; de ne a
function

Er = X k O pX;kj k2: (6)
i Ok;j Py k;
thatis addedto the imagedifferenceE, in the rst itera-
tions.

In orderto avoid over tting effectsthatarewell-known
from regressiorandotherstatisticalproblems(see[7]), we
addregularizationtermsto the costfunction that penalize
solutionsthat are far from the averagein termsof shape,
texture, or therenderingparametersThe full costfunction
is
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The standarddeviations s; and t. areknown from
PCA of shapesandtextures. —; arethe standardstarting
valuesfor ;, and gr. aread-hocestimatesof their stan-
darddeviations.

Thecostfunction(7) canbederivedfrom a Bayesiarap-
proachthatmaximizeshe posteriorprobabilityof , and

, givenlinp,e andthe featurepoints[5, 6]. E, is related
to independenGaussiamoisewith a standardieviation |
in the pixel values,andtheregularizationtermsarederived
from the prior probabilities. The systemperformsan opti-
mal tradeof betweerminimizing E, andachievzing a plau-
sibleresult.

Theoptimizationis performedwith a StochastidNewton
Algorithm [6]. The tting procesdakes4.5 minuteson a
2GHzPentium4 processor

Figure 1 shavs a numberof reconstructedest faces.
Note that, even thoughthe training set of 3D scanscon-
tained199 Caucasiariacesandonly 1 Asianface,the sys-
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
algorithm. The third row shows novel views.

faces.All shapesandtexturesin Figurel arelinearcombi-
nationsof the200scannedaces.

Unlike Figure 1, we canalsoenhancehe detailsof the
surfacetexturewith amethodpresentedh [5]. Thiswill be-
comerelevantin someof thefacerecognitionparadigmsle-
scribedin Section5. Thelinearcombinationof texturesT ;
cannotreproduceall local characteristicef the novel face,
suchasmolesor scars.We extractthe persons truetexture
from theimage,wherever it is visible, by anillumination-
correctedtexture extraction algorithm [5]. At the bound-
ary betweerthe extractedtextureandthe predictedregions,
we producea smoothtransitionbasedon a reliability cri-
terion for texture extractionthat dependson the anglebe-
tweentheviewing directionandthe surfacenormal. Dueto
facialsymmetrywere ect textureelementghatarevisible
ononeandoccludedon the othersideof theface.

4 Fast 3D Reconstruction from Feature
Points

The most costly part of the tting procedurejn terms
of computationtime, is the high-quality reconstructiorof
facial details, suchasthe shapeof the noseand the lips.
While the relative position of thesefeaturesin the faceis
certainlyrelevant for mostapplications,jt may sometimes

images with pose and illumination

recovered by the

be acceptablenot to reconstructtheir individual shapein
detail. In previouswork [3], we have presentednalgorithm
that producesa coarsereconstructiorfrom a given set of
facialfeaturepointsin 0.25secondgonal.7 GHz Pentium
Xeonprocessor).

In this algorithm,the reconstructions basedentirely on
thegiven2D positionsof featurepoints,with acostfunction
asin Equation(6). Unlike Chapter3, theproblemis further
simpli ed by assumingorthographicprojection, which is
well justi ed for humanfacesfor cameradistancedarger
than2 meters.Then,the 2D imagepositionsof the vertices
k; are

o Xk; X Xik
ki = PR s @@ Vi, A+ i@yi:kj AR+t

py;kl ij i Zi;kj
(8)

with an orthographicprojectionP, a known, x ed ro-
tation R, scalings andtranslationt, an averageposition
(X 'Yk, 1 2k )T of thevertex k; andprincipalcomponents
Xik ; Vik ; Zik - In this setting,E¢ is a quadraticcostfunc-
tion in the shapeparameters ;, and the solution can be
founddirectly usinga SingularValueDecomposition.

In orderto avoid over tting, ibis CI’LZJCia“n thisapproach

to adda regularizationterm ; —— to theoverall cost
Sii



Figure 2. From an original image at unkno wn
pose (top, left) and a frontal starting position
(top, right), the algorithm estimates 3D shape
and pose from 17 feature coor dinates, includ-

ing 7 directional constraints (second row).

We used 140 principal components and 7 vec-

tors for transf ormations. The third row shows

the texture-mapped result. Computation time

is 250ms.
function, asin Equation(7), with a regularizationfactor
thatcanbeestimatedrom theexpectedhoiseor uncertainty
in thefeaturepoint coordinate$3].

For mostapplicationstherotationmatrix, scalingfactor
andtranslationvectorareunknavn. We have developedan
algorithmthatapproximateshe effect of thesetransforma-
tionsin alinearway|[3]. Residuakrrorsdueto thisapproxi-
mationareremovedby aseconcasof thesamealgorithm,
with updatedvariablesR, s andt. After the secondpass,
theresultis stableandprecise.

Finally, the color valuesof the input imageare texture
mappedon the surface.Unlike Chapter3, it is not possible
to correctfor illumination, sinceno estimateof illumination
is availablein this reducedalgorithm. Texture valuesfrom
theright andleft sideof thefacecanbe mirror re ectedto
obtainafully texturefacefrom asinglesideview, asshavn

in Figure2.

Somefacial features,suchasthe lips or the eyebraws,
have a linear structure,so correspondencean be de ned
only perpendiculato this line, but not alongtheline. For

thesdfeaturesthenormk Paki k2inEp
Ox;j py;k]
is replacedby a squaredscalarproduct
(n (9 Dk )2 ©)

Cx;j Py k;
with avectorn perpendiculato thefeatureline.
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Figure 3. Coef cient-based 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 gallery images are processed
by the model tting algorithm.

5 Model-basedFaceRecognition

In this section,we discussa numberof different ap-
proachegor facerecognitionacrosdarge changesn view-
pointandillumination. For enrolimentthefacerecognition
systemis providedwith onegallery imageof eachindivid-
ual person,andin testing, eachtrial is performedwith a
singleprobeimage.In anidenti cation task,the systenre-
portsthe identity of the probeperson,andin veri cation,
it checksthe claimedidentity of a person.The approaches
describedbelon are easyto generalizeto taskswith more
thanonegallery or probeimageper personavailable.

3D Shape-and Texture-BasedApproach:

Thereconstructedhapeandtexturevectorss andt form
arepresentatioof 3D facesthatcanbe estimatedrom im-
agesvy the tting algorithmdescribedn Chapter3 or, with
lessprecision,with the methodin Chapter4. Therearea
numberof optionsfor distancemeasurebetweer3D faces
to rely onfor facerecognition.
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Figure 4. Viewpoint Normalization: From a
probe image (top left), the Morphab le Model
generates atransf ormed front view. This is in-
put to a view-based face recognition system
for comparison with the set of frontal gallery
views.

With an ideal reconstructioralgorithm, shapeand tex-
ture would be viewpoint- and illumination-independent
However, for unknovn camergparameterandanunknovn
3D shapethereareanumberof ambiguitiesn shapaecon-
struction suchasoverall sizeandtheratio of thescalealong
theleft-right andfront-backaxes. Thesewould posesignif-
icantproblemsto 3D shapecomparisonswhich is why we
recommendhefollowing approach.

Coef cient-Based Approach: The Morphable Model
providesaclass-speci cJow dimensionatepresentationf
facedn termsof modelcoefcients, andthis representation
is also adjustedto the probability distribution of facesin
face-space.The linear coefcients ; and ; of the Mor-
phableModel are obtainedalong with the 3D shapeand
textureby tting themodelto theinputimage.lt is straight-
forwardto basefacerecognitionon a distancemeasureale-

ned onthesevalues ; and ;.

Due to ambiguitiesandresidualerrorsin model tting,
differentimagesof the samepersonproduceslightly dif-
ferentmodel coefcients, so the representatioiis not per
fectly invariantto the imaging conditions. Therefore,the
ratio of variationwithin individualsandbetweenindividu-
alshasto beconsideredy thedistancemeasureln [6], this
is achieved by a PCA of the coefcients estimatedrom an
arbitrarydatasebf images(differentfrom the testsetused

in the evaluation). Then,the modelcoefcients ; and
arerescaledalongthe principal axesof within-subjectvari-
ation.

Oncethe gallery imagesandthe probeimageare con-
verted into model coefcients, identi cation is a simple
nearest-neighbowearchn this low-dimensionarepresen-
tation with the distancemeasuredescribedabove. This
searclcanbe performedvery ef ciently.

On 1940probeimages(194 individuals) of the FERET
datasef11], this approachgives an overall rate of 95.9%
correctidenti cation [6]. The imagescontainlarge varia-
tionsin poseandsomevariationin illumination. Figurel
shavs someof the inputimagesandthe reconstructe®D
faces.

The imagesof the PIE databasdrom CMU [12] cover
an even larger rangein pose(frontal to pro le) andlarge
variationsin illumination, includingharshlighting from be-
hind. On 4488testimages(68 individuals), the algorithm
achieved 95.0% correctidenti cation if the gallery image
wasasideview [6]. Forveri cation atal%falsealarmrate,
correctveri cation (hit rate)is 77.5%for the CMU-PIE and
87.9%for theFERETdatasetThe tting algorithmwasini-
tialized with a setof six to eightmanuallyde ned feature
points.

Viewpoint Normalization Approach: While the pre-
vious approachs applicableacrosdarge changesn view-
point, this comesat the price of a relatively high compu-
tationalcost. In contrastmostfacerecognitionalgorithms
that are commerciallyavailable today are restrictedto im-
ageswith close-to-frontalviews only, but they are more
computationallyef cient. In a combinedapproact10, 2],
we have usedthe MorphableModel asa preprocessingpol
for generatingrontal views from non-frontalimageswhich
aretheninputto theimage-basedecognitionsystemsThis
approachpaysoff if someof the images,for exampleall
gallery or all probeimages arefrontal views, sothe tting
algorithmis only run ontheremainingsubset.

For generatingfrontal views, the MorphableModel is
usedto estimate3D shapeandtexture of the face,andthis
faceis renderedn afrontal poseandat a standardsizeand
illumination. Restrictedo theface themodelcannotrotate
thehairstyleandtheshoulderof theindividualin animage.
In orderto obtaincompleteportraitsthataresuitablefor the
commercialsystemsthe algorithminsertsthe faceinto an
existing frontal portrait automatically(Figure4). In other
words, the hairstyleand shouldersof all preprocessedn-
agesarethoseof astandargersonandtheinnerpartof the
faceis taken from the non-frontalinput image. For details
on exchangingfacesin imagessee[4].

In theFaceRecognitioriVendorTest2002 theviewpoint
normalizationapproacthasimprovedrecognitionratessig-
ni cantly for nine out of ten commercialfacerecognition
systemstested[10]. In a comparisonwith coefcient-



basedrecognition,basedon the sameimage dataand the
sameresultsof the tting algorithm, recognitionratesin
the coefcient-basedapproactwerecomparabldo the best
resultsin the viewpoint-normalizatiorapproach2]. This
indicatesthat not muchdiagnosticinformationon identity
is lost whenthe transformedmageis renderedand subse-
guentlyanalyzedn view-basedecognitionsystems.

Synthetic Training SetApproach: Insteadof generat-
ing a single standardview from eachgiven input image,
3D facereconstructiorcanalsohelp to build a large vari-
ety of differentviews, which arethenusedasa training set
for learning2D featuresthat are invariant with respectto
poseand illumination. This approachhasbeenpresented
in [9]. Froma smallnumberof imagesof anindividual, a
3D facemodelwasreconstructedand7700imagesperin-
dividualwererenderedt differentposesandilluminations.
Along with the syntheticimages,the renderingprocedure
also providesthe 2D positionsof features,andimagere-
gionsaroundthesefeaturescan be croppedautomatically
Thesesubimagesreusedfor traininga supportvectorma-
chineclassi er for eachfeaturetype and eachindividual.
For eachindividual, all featureclassi ersarecombinedo a
person-speci component-basa@cognitionsystemwhich
is computationallyef cient androbustatthe sametime.

6 Conclusions

Recentwork in facerecognitionhasdemonstratedhat
MorphableModels of 3D facesprovide a promisingtech-
niquefor facerecognitionunderuncontrolledmagingcon-
ditions. The processf 3D shapereconstructiorby tting
theMorphableModelto animagegivesafull solutionof the
3D vision problem. For facerecognition,however, a full
3D reconstructiormay not always be necessary In those
casesthe MorphableModel may help to improve existing
image-basedlassi er systemsy preprocessinthegallery
or probeimages. A comparisonof the performanceof
coefcient-basedrecognitionanda combinedapproachas
demonstratedhat both alternatves perform equally well,
andthata combinationrdoesnotimply alossof characteris-
tic information[2].

In addition to pose and viewpoint, facial expressions
posean interestingand relevant challengeto currentface
recognitionsystems. In the MorphableModel, facial ex-
pressionscan, for example, be modeledby recording3D
scansof afaceat differentexpressionsestablishingooint-
to-point correspondencéo the neutral referenceface of
the MorphableModel, andaddingthe facial expressionsas
new vectorsto the datase{l1]. In this extendedspace the
recordedsetof facialexpressiorcanbeappliedto ary other
individualface.If theextendedMlorphableModelis t toan
imageof anexpressve face,the expressioncanbe approx-
imatelyreconstructedandby settingthe coefcients of the
facial expressiorvectorsto 0, the facecanbe broughtto a

neutralexpressionautomatically[1]. Similar to the view-
point normalizationapproachthis canbe usedfor prepro-
cessingmagesand creatingstandardviews from arbitrary
images.
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