Regularized3D Mor phable Models

CurzioBasso,ThomasVetter

Universityof Basel,Departemeninformatik

Bernoullistrassd 6
4056Basel,Switzerland
Curzio.Basso@unibas.ch

Abstract

Three-dimensionamorphablemodelsof objectclasses
are a powerfultool in modelinganimationandrecanition.
We introducehere the new conceptof regularized3D mor-
phablemodelsalongwith an iterative learning algorithm,
by adding in the statistical model a noise/egularization
termwhich is estimatedrom the examplesset. With regu-
larized 3D morphablemodelswe are able to handlemiss-
ing information, as it often occurs with data obtainedby
3D acquisitionsystemsadditionally, the new modelsare
lesscomple than, but as powerful as the non-regularized
ones.\We presentthe resultsobtainedfor a setof 3D face
modelsand a comparisorwith the onesobtainedby a tra-
ditional morphablemodelon the samedataset.

1. Intr oduction

Imagemorphing[16] consistsin generatinggiven two
inputimages.a sequenc®f new onesdescribinga smooth
transitionbetweerthetwo inputs.Equallyimportantis that
atthesametime it preseresall their essentiafeatures Ex-
ploiting the factthat the imageof an objectdependon its
shapeand on its appeaance a correctmorphingcan be
achieved by deformingthe shapesof the input imagesin
sucha way that their featuresare alignedwhile their ap-
pearancesrekeptconstantA morphedimageis obtained
by interpolatingwith the desiredcoefcients the two de-
formedimagesalsoknown aswarpedor shape-feeimages
[8]. Morphing amongobjectsbelongingto the sameclass
is usedin ComputerVision for implementinganalysis-by-
synthesigechniquesthat usea statisticalmodelof theim-
agesof a certainclassin orderto analyzethem: insteadof
directly building a statisticalmodelfrom the training im-
ages,one estimategheir correspondencwith a reference
imageandthenbuild a linear modelof the warpedimages
[15, 3].
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3D morphablemodelq5] arebasednthe sameadeabut
use3D meshesstrainingdataratherthanimagesthuspre-
sentingthe advantageof beingindependentrom poseand
illumination. The correspondencestimationin the caseof
3D polyhedralsurfaces[11, 12, 9, 1] consistsin nding a
mappingbetweerthe pointsof theinputmodels.This s of-
tenperformednteractvely by theuser who selectsa nite
numberof correspondencdsetweerthe verticesof thetwo
surfacesfrom thissparseset,thecorrespondender theen-
tire surfacesis estimatedThe reconstructiorof the whole
function can be more or less sophisticatedranging from
simple linear interpolationto RBF networks [17].The ad-
vantageof suchan approachis thatit canbe aspreciseas
onewants,by manuallyde ning moreandmorecorrespon-
denceshowever, when morphing betweenmore than two
models(polymorph is required,manualselectionof the
desiredfeaturescanprove impractical.

In the original paperthe correspondencassedin build-
ing the 3D morphablemodelwere learntvia an automatic
method[5]. By parameterizingn 2D the input 3D exam-
ples,the correspondencesould be estimatedisinga mod-
i ed versionof the optical ow; the samealgorithm had
beenin factalreadyemployedfor building morphablemod-
els of images[14]. In that contet, the optical ow was
wrappednto aniterative processstimatingat the sameit-
erationboththecorrespondencemdthemorphablenodel.

Thepositive effectonthereconstructiorf partialdataof
theassumptiorof anadditive Gaussiamoiseperturbingthe
completedatahasbeenalreadyclari ed [6]. On the other
hand,handlingmissingdatais importantnotonly in tting
3D morphablemodelsto novel examples,but in learning
themaswell, sinceacquisitionsystemsdo rarely provide
3D surfacedatawithoutholesor othererrors;also,theinput
datacouldpresenboundarieshathave beenarti cially set,
leadingto errorsin the correspondencestimation.We ex-
tendthe 3D morphablemodelswith theassumptiorthatthe
trainingvectorswith whichthey arebuilt derive from amul-
tivariateGaussiamlistribution with additive Gaussiamoise.
We shawv how this assumptiorleadsto analgorithmwhich



iteratively estimateshedatadistribution andthe correspon-
denceandthatcomparedo otheriterative algorithmspre-
viously proposed[14, 5, 4]) hasthe big advantageof be-
ing ableto procespartialinformation.We call the 3D mor-
phablemodelsderivedin sucha way regularized because
of the connectionwith regularizationmethodsof statistical
learning.
The paperis organizedasfollows:

We rst describeformally the polymorphsfor 3D
triangular meshesand the 3D correspondencerob-
lem (sec.2); thenwe shav how this problemcanbe
rephrasedsanimageregistrationproblem(sec.2.1)
andequippedwith this equivalentformulation,we de-
scribebrie y a previous methodusedto solve the 3D
problemby makinguseof optical o w (sec.2.2).

Assumingthe 3D correspondenceroblemhasbeen
solved,in section3 we summarizahestatisticaframe-
work usedto modelthe datadistribution. This model
is thenusedto give a de nition of the regularized3D
morphablemodels.

In ourframework, the 3D correspondencesdthesta-
tistical distribution of the data,aswell asthe recon-
structionsof missing information, are estimatedto-
getherin aniterative processThis new learningalgo-
rithm is describedn sectior4.

In section5 we applythelearningalgorithmto atrain-
ing setof 2003D modelsof humanfacesshaving the
improvementsothin termof quality of the 3D corre-
spondencandof theresultingstatisticalmodel.

2. Correspondencéestimation

In orderto de ne thecorrespondenceroblemin 3D, we
limit thediscussiorio 3D triangularmeshesndintroducea
formal de nition of them,by makinguseof -dimensional

simplicial complexes.Sucha complex  , with  vertices,
is asetwhoseelementsanbevertices , edges or
triangles , with theindices : it de-
nes theconnectvity of agivenmesh . Theactualshape
andappearancef  arede ned by two vectors

and if is thepositionof thever-
tex ,and its color, and arede-
ned as?

Then,a3D triangulameshwith coloredverticescanberep-
resenteds

1 Usually(e.g.[1Q) and arede®nedassetsof vectors
and , but we preferto stackall thesevectorstogetherin
orderto allow usto combinethemlinearly.

The correpondenc@roblem ariseswhen we have two
meshes, and , with and  verticesrespec-
tively, and we want to morph betweenthem. To perform
themorph,we needto transformoneof the meshesn such
away thatit usesthe sameconnectvity of the othermesh
andat the sametime it approximatesvell the original sur
face:

Thetransformednesh s calledwarpedmeshandwith
it we canwrite themorphasa parameterizedhesh:

For the essentaifeaturesof to be keptintact while
varying , not only hasthe warpedmeshto approximates
theoriginal one,but its -th vertex hasto correspondo the
-th vertex of . We needthereforea correspondenciee-
tweenthe verticesof andthe surfacede ned by ,
sothatwe canbuild accordingly

In orderto be ableto de ne sucha correspondenceye
needa parameterizatiorof the 3D mesh,so that we can
identify its points by a vector of coefcients. A natural
parameterizationis given by barycentriccoordinatesary
pointin thetriangle canberepresentedvith three
coefcients, , and ,whichde neits position(colour):

andwith additionalconstraint

Note that if the pointis on an edge,thenonly the coef-
cientsrelative to the extremesof the edgewill be different
from zero;in casethe point is one of the verticesthe cor
respondingcoefcient will be 1. In generalarny point of a
3D meshis de ned in barycentriccoordinatesvhich cover
thewhole mesh by meanf avector with
andatmostthreecoordinateglifferentfrom zero.

Denotingby apointof ,andby apointof ,
bothin barycentriccoordinatesa 3D densecorrespondence
is de ned by a 1-1 continuougfunction

Given the 3D correspondenceand denoting by the

barycentriccoordinatesof the -th vertex of and by
its correspondingpoint in , the warp is
a transformatiorwhere  and now stack  vectors

(ratherthan ) de nedby



In fact,thewarpingis nothingelsethanaresamplingf the
original mesh  , sothatthe samplingpoints have now
the samenumberand the samepositions(with respectto
thefeaturesysin

The correspondenceroblem consistsin choosingthe
optimal , sothattheresultingmorph is smoothover
the parameterslomainandpreseresall the essentiafea-
tures.Although these3D correspondencesan be de ned
manually an alternatve strateyy is to turn the 3D problem
into an imageregistrationproblem,for which mary auto-
maticalgorithmsexist.

The schemeadescribechbore canbe extendedto a setof

meshes  to obtaina polymorph,by de ning a com-
mon connectWity  andfor eachmesha 3D correspon-
dencebetween and . Then,denotingby and
the shapeandtexture vectorsof the warpedmesh |, we
canwrite theresultof a polymorphas

1)

with the constraints (thatis we stayin the
corvex hull of the examples).One shouldbe aware how-
ever, thatwithin this setting mustbe limited to a setof
verticesfor which thecorrespondencesanbede nedto all
themeshes , otherwisesomeof the vectors and
could be incompleteandthe equation(1) would be mean-
inglessWe will seein section3 how themorphablemodel,
makinguseof thestatisticainformation,allowsto relaxthis
restriction.

2.1. 3D Correspondenceas?2D Registration

Two-dimensionaparameterizationsf the3D meshesl-
low to representhem as images:then, their featuresare
turnedinto image featuresand automatedmage registra-
tion algorithmscanbeapplied.

Givena set , Whereeach de nes
a positionin for the -th vertex of the mesh,anda 1-1
mapping

which mapseachpoint of to a point in the planewe
have a 2D parameterizationf the meshde ned by thein-
verse . Using the 2D parameterizatiomne canrepre-
sentthe 3D meshwith animage (thatis, the
imagehas6 channelsile nedin suchaway that

which meansthat the position and color of a point of
is thelinearinterpolationof (at most)threepixelsof . Ac-
cordingly, all the3D featuref  areprojectedo features

in theimage,andthe 3D correspondendeetweerpointsof

two mesheshecomesa mapping , some-

timesknownas ow eld. Given , the3D correspondence
from to canbefoundas

The point
; from thereit is mappedy

is rst mappedto its 2D projectionin by
to a correspondingosi-

tionin , anditis nally back-mappetb apointin by
theinverse
The optimal is, asexplainedin the introduction,not

easyto de ne formally. In practice,oneminimizesthe cost
function

(2)

taking careof choosinga distancefunction whichis
appropriatthatis, it yieldssatisfyingresults)for thegiven
problemsetting.

is derivedby corvertingthe vertex positionsto cylin-
drical coordinates

and then settinga vertex 2D position to its azimuthand
heightvalues:

Notethatwith this parameterizationye canreducethe di-
mensionalityof sincetwo of the three geometrycoef-
cients( and ) arealreadygivenby the positionin theim-
age:

As distancemeasurewe usea weighted -norm of the

form

3)

wherethe weights  compensatéor the dishomogeneity
betweerthedifferentdimensions.

The problemof nding the optimal is whatis known
asimageregistration,andit is a fairly standardoroblemin
computervision, which however doesnot meanthatit has
beensolved. The optical o w is oneof thealgorithmsused
to tacklethe problem,andamodi ed versionhasbeenused
in previousworksin orderto automaticallysolve thecorre-
spondenc@roblemin 3D [5].

2.2. 3D Correspondenceria Optical Flow

In its traditional form, the optical o w takes as input
two gray-level images and , assumedo
be snapshotsaken at differenttimesof the samesequence



. Theoptical o w equatioris derivedfrom thefun-
damentabssumptiorthat objectsin the sequencenaintain
their brightnesses:

Assumingthat and ,
andthatin a neighborhood of the vec-
tor eld is approximatelyconstanta local solutionfor

of theabove equationcanbeapproximatedby min-
imizing the costfunction

(4)

where . Sincetheassumption
of localconstang of isin generahotsatis ed,it is advis-
ableto usea coarse-to- nestratgy [2]: two Gaussiampyra-
mids of the imagesarebuilt, andthenthe algorithmis ap-
plied from thecoarsesto the nest resolution,usingthere-
sult of a coarseresolutionto pre-warp the level currently
processedThe rationaleis that at the coarsestevel of the
Gaussiarpyramid oneexpectthe assumptiorof local con-
stany of the o w to be approximatelyexact,andat ner
levels the pre-warping should compensatédor the biggest
variationsonthe eld.

In the caseof theimagerepresentations and  of two
3Dmeshes and ,equation4)isreplacedoy

Note thatthis last equationcanbe derived from (2) by ap-

proximating with a rst orderTaylor expansionand
by rescalingthe valuesof theimages and with the
weights

Although the optical o w shouldwork in theory with
theintensitiesof theimagesexperienceshavs thatit is of-
tenbetterto usetheir gradientandaccordinglya Laplacian
pyramidratherthana Gaussiamone.Thismodi cation how-
evermakesthealgorithmmuchmoresensitve to thebound-
ariesof the objectsin theimageswhich cansometimdead
to undesirableesults.In fact,in caseof projectionsof 3D
meshesmissingdatawill leadto arti cial boundariesvhich
will introduceerrorsin the estimatedcorrespondencen
sectiord we describehow to avoid this problem.

3. Regularized Mor phable Models

Equation(1) de nes a 3D polymorph,restrictedby ne-
cessityto the minimum commondomainof the different
meshedetweenwhich we morph. We shov now how we
canovercomethisrestrictionby exploiting the statisticalin-
formationof a setof examplespuilding whatwe call a 3D
morphablemodel.

Assumethatboththe geometryandtexture warpedvec-
torsof theexamples, and , areobtainedrom alinear
Gaussiargeneratie model. Thatis, we assumehatall the
shapevectors (the agumentis similar for texture vec-
tors), oncethey arewarpedto a commonspacearegener
atedas

()

where with andboth and areran-
domvariablesdrawn from a Gaussiarlistribution:

In caseof , the relation betweenthe obsened
variable andthe unobsered variable would be com-
pletely determinedoy the mean , which canbe estimated
with the sampleaverage , and by the ma-
trix . Themodelcoefcients of ashapevector aregiven

by

andwelook for thematrix thatminimizesthereconstruc-
tion erroroverthe exampleset,

where isthe datamatrixholdinginits -thcolumn
the vector . Principal ComponentsAnalysis (PCA)
nds the solutionby solving the eigenproblenof the data
covariancematrix ; withoutdelvinginto details,it can
be shavn that by decomposing via SingularValue De-
composition(SVD),

the optimalsolutionis givenby .
If , thesolutionis slightly morecomplec: theran-
domvariable hasthenormaldistribution

andits modelcoefcients are

(6)

Althoughthe meancanbestill estimatediia thesampleav-
erage PCA estimateof the matrix  is no longeroptimal;
however, aniterative EM-algorithmcanbe usedto estimate
boththe generatie matrix andthe noise [13]. It is inter
estingto notethat s relatedto the effectivedegreesof
freedonof theridgeregressiont

(7)



where is the varianceof the -th principal component.

Theabove equationtells usthatthegreaterthevalueof

the more constraintwill the model be, sincethe value of
decreases.

Using the EM-algorithm we can have an estimateof
the full matrix  evenif someof the elementsof are
missing(or unreliable).Note thatin this casetheinference
equation(6) would have to be modi ed, sincethe vector

would have fewer dimensionsDenotingby ~ the ma-
trix obtainedby removing from  the rows corresponding
tothemissingdimension®f , anddecomposing by SVD
into , werecovertheshapecoefcients as

(8)

In the caseof more dimensionghanexamples,andas-
sumingwe wantto retainall the principalcompo-
nentstheestimateof  givenby the EM-algorithmwould
be zero, becausehe reconstructionerror would be zero.
However, assumingve have atestsetof examplesnotused
in building themodelandwhichwe denoteby thematrix
onecanapplythemaximum-likelihoodestimatorof , de-
ned as

9)

wherethematrix holdsthereconstructionsf thetestex-
amplesderived from the inferenceequationg6) - full in-
formation- or (8) - missinginformation.In caseno testset
is available,cross-alidationcanstill be used.

Given the generatie model of equation(5), we can
rewrite the equation(1) for a polymorphas

(10)

where and are( )-dimensionalectors.Note that
the simplicial comple<  in this casehasnot to berestrict
to acommondomainfor which we have correspondenc®
all the examples,becausall the elementsf the matrices

and will bede ned evenif for someof theexamples
no correspondingoint was found. The above equationis
thede nition of a3D morphablemodel.

By following the sameproceduredescribedn sec.2.1,
anddenotingby thecoefcients of arigid transformation,
we canprojectthe morphablemodeldescribedy equation
(10) to animagerepresentation . Note thatin
this casethe imageresultingfrom the projectiondepends
on the modelcoefcients and andon therigid trans-
formationde ned by . In particular the 2D projections
andthe rst dimensionof  will depencon and , while
theremainingdimensionof  will dependnthe .

Figure 1. Rather than directl y estimate the
correspondence between the reference (left)
and an example (right), an approximation of
the latter is computed (middle) and used as
reference in estimating the correspondence

by optical o w.

4. Learning Algorithm

Algorithm: Iterative Learning
Input:
Output: ,
1 initialize to and to ;
2 while do
3 foreach do
4 if estimate and ;
5 estimate ;
6 warp: :
end
selectsubset ;

~

estimate ;
end

©

We can now reformulatethe registration problem of
equation(2) so that the referencemesh is actuallya
3D morphablemodel.Substituting  with and
using as metric the reweighted -norm de ned by equa-
tion (3), we have for eachexample

(11)

To minimizethe errorde ned in (11), we take anitera-
tive approachalternatingbetweerthe estimationof the pa-
rameters andof the ow ; the whole algorithm
canbesubdvidedin six distinctblocks:

Initialization (stepl). We chooseoneof theexamplessay
, andsetthe morphablemodelto it:



Thechoiceof theinitial reference  is highly in uential
onthe nal result:sinceit providesthecommondomainof
parameterization , it shouldideally providesall the fea-
turespresenin the othersamples.

ModelFitting (step4). Themorphablemodelis tted to the
example by maximizingthe posteriorprobability

Assumingfor the parameter a Gaussiardistribution with
mean andvariances |, let

be the costfunction derived from the prior probabilitiesof
the model parametersThen, for eachinput example
we minimize

by usinga stochastidNewton descen{SND,[7]); notethat
the variance  of the residualsis, althoughrelated,dif-

ferentfrom theregularizationterm , andthatits valueis

empirically chosen.The approximationof is regular

ized by reconstructingt via equation(6), and we denote
its cylindrical projectionby . Note that at the rst iter-

ation, whenno morphablemodel hasbeenestimatedthis
stepis skippedandall the aresetto the cylindrical pro-
jectionof thereference .

Optical Flow (step5). For eachinput example
minimize

, we

via optical ow, as describedin sec.(2.2).However, the
squaredlistancds not summedverthewholeimages put
ratheronly in theregionswhere and overlap.Thiscon-
dition is requiredbecausef the high sensitvity of the opti-
cal o w algorithmto theboundarieslf the2D projection

is missingsomepart,it will presentaboundarywhichin the
approximation is placedsomavhereelse(sincethe mor-
phablemodelhasthe missingpart); the optical o w, trying
to make theboundariesnatch will endup with awronges-
timationof thecorrespondence.

At the rst iteration,we alsocomputean estimate of
therigid parameterdy compensatindor the rigid compo-
nentsin the ow ; this is not neededat the subsequent
stepssincethe estimategiven by SND is muchmore pre-
cise.

Warping (step 6). Eachinput example is warpedto
asdescribedat the end of section2.1. However, spe-
cial attentionmustbe paidin theimplementatiorto thefact
thattheestimatedorrespondendeacorporatesirigid trans-
formation, either as a rigid componentn  or explicitly
throughthe parameter of . In orderto model
with only the non-rigid deformationsof the ob-
ject class,we have to getrid of theserigid componentsin
casesomepartof  wasnotincludedin the minimization
of step(5), the correspondingerticesof the warpedmesh
will bemarkedasbeingmissing.

Subsetselection(step 7). At eachiteration, we selecta
trainingsubset , With

The warpedmeshes  with will be usedfor
building themodel.Giventhedif culty in automaticallyas-
sessinghe correctnes®f correspondencehis stepis car
ried outby a humansupervisor

The supervisorevaluatesthe correspondencef an ex-
ampleby checkingits caricature andanti-face Caricatures
are3D meshesomputedby addingto the position(or tex-
ture colour) of eachvertex of the exampleits difference(or
a multiple of it) from a givenreferencetipically the aver-
age.In the caseof anti-facesthe differenceis subtractedo
thereferenceln termsof morphablemodel,this is equiva-
lentto multiply the (shape)oefcients by afactorof ei-
ther 2 (caricature)or -1 (anti-face).Correspondencerrors
shav up asvisible artefactsin caricaturegof shapeand of
texturetoo) andanti-faces.

Statistical Analysis (steps 8-9). The warped examples
areprocesse@sdescribedn sec.3,in or-

der to estimatethe matrices and which de nes
the morphablemodel (see equation (10)). A new esti-
mateof the noisecovarianceis alsocomputedasin equa-
tion (9); note that during mostof the iterations,the setof
warpedmeshes s partitionedinto a training set
usedfor building the model,andthe complementwith re-
gard to the entire set of examples;this latter subsetcan
be usedas test setin estimatingthe noise.A nal esti-
mateof thenoise thatis whenall theexamplesareusedfor
training, is obtainedvia 10-fold cross-alidation.

5. Results

Figure 2 shavs three examplesof wrong correspon-
dencesthat the optical o w may produce,becauseof the
forced matching betweenboundariesarti cially set. The
threerenderedmageson thetop row areshapecaricatures
of samplesfor which this problemoccurred.On the bot-
tom row the resultsof the learningalgorithm are shavn:
asonecansee,the artefactsof the above row have disap-
peared.



Figure 2. Three examples where artefacts given by previous methods (top row) are removed (bottom
row). The images are rendered from shape caricatures (see sec. 4) of warped 3D meshes.

Oneshouldbe warned,however, of the intrinsic limita-
tions of statisticalreconstructiorwhen dealingwith high-
dimensionaldata.ln this case an edge effectcanoccur, by
whichall new datatendsto beatthe edgeof thedistribution
of training data,causingthe reconstructiorto be in effect
an extrapolation.Whenthis happensthe maximum-likely
reconstructiorof the datacan often be sub-optimalffor vi-
sualizationtasks,especiallybecauseof the lack of an ex-
ternal constrainton the continuity of the surface.ln gure
3 we shov a 3D model of a faceboundedto a small re-
gion (comparedo thetypical datawe use)andwith holes;
in this casemore than half (53.8%) of the verticesof the
commondomainis missing.As shavnin the gure, thesta-
tisticalreconstructiomvouldnot t well to theoriginaldata,
The reconstructiorof the approximationobtainedoy SND
can be usedinstead,sinceit minimizesthe distancefrom
the original surface. The remainingdiscontinuitiesare re-
moved by blending.We preferfor this kind of processing
thetermcompletiorsinceit is norealstatisticalreconstruc-
tion.

The regularizationterm in the statisticalmodel allows

for acontinuousnodulationof themodelcompleity, rather
thana discreteonebasedn discardinga certainnumberof

principalcomponentsSincethe modelcompleity controls
thegeneralizatioperformanceadaptinghis compleity it-
eratively during the learningalgorithm (wherenew exam-
plesareapproximated)insteadof selectinga subsebf the
principalcomponentsittheendof it, shouldresultin abet-
termodel. Thedecreasén the modelcomplexity canbeas-
sessedy comparingthe effective degreesof freedom,as
de ned in equation?, of a plain morphablemodelandof a
regularizedoneobtainedwith the samedata(200examples
of 3D facemodels).Estimatingthe modelnoiseby 10-fold
crossvalidation, the effective d.o.f. (in shape)of the reg-
ularizedmodelhasa value of 16.82,comparedo a value
of 21.10for the non-regularizedone (thatis a decreasef
about20%);thesmallervalueis partially dueto anincrease
of the noise estimate(from 628.517a.u.to 685.211a.u.),
andpartially to a greatercompactnessf the (warped)data
distribution. Thelatter contribution canbe seenby compar
ing the sum of the variancesalong the principal axes: for
shapedatathe valueof the sumis about17.5%smallerfor
theregularizedmodel.



Figure 3. The missing data of a novel 3D mesh (top-left) can be statisticall y reconstructed (bottom-
left). However, the results are in uenced by the edge effect described in the text. By blending the ap-
proximation obtained via Stochastic Newton Descent (bottom-right) with the original data one can

obtain a better -looking completion (top-right). The bottom-mid

tained by SND without regularization.

image shows the approximation ob-

6. Conclusions

In this paperwe introducedthe new conceptof regular
ized3D morphablemodels by addingaregularizationterm
to the statisticalmodelpreviously used.Theregularization
term allows us to directly handlepartial information dur-
ing statisticalanalysis.Accordingly, we introducea semi-
automatidearningalgorithmthat estimatesoth 3D corre-
spondencandthe modelconcurrently The non-automatic
partof the algorithmconsistsn an evaluationof the corre-
spondenceesultsat thatiteration.

Theevaluationtaskis crucialsinceit avoidsthepropaga-
tion of correspondencerrorsto the morphablemodel,and
throughit to the approximationcomputedat the next iter-
ation.Becausef this, we decidedto let the training subset
be selectedby the userratherthanautomaticallyHowever,
in future we will testthe feasibility of detectingautomati-
cally theartefactsshawing upin thecaricaturesandremov-

ing consequenthany needfor userinteraction.

The resultsthat we presentedgshonv how the useof the
regularizationterm can improve resultsboth avoiding er
rorsin 3D correspondencandestimatinga “better” statis-
tical model,in the sensethatwe reducethe variancein the
estimationwithout loosingtoo muchon the biasside.
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