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Abstract. Deformablemodelsarea powerful tool in both computergraphicsandcomputervision. The de-
scriptionandimplementationof thedeformationshave to besimultaneously�e xible andpowerful, otherwisethe
techniquemaynotsatisfytherequirementsof all thedistinctapplications.In thispaperweintroduceanew method
for deformablemodelspeci�cation:deformable�elds. Deformable�elds areconceptuallysimple,leadto aneasy
implementation,andaresuitablefor adaptive models. We apply our new techniqueto describean adaptive de-
formableface,andcomparethreedifferentadaptationstrategies. Additionally, we show how our techniqueis
suitableto describedifferentindividuals.

1 Intr oduction

Deformablemodelsareat theheartof many applicationsin
bothcomputergraphicsandcomputervision. Thesemodels
canrepresentrigid parts,suchasin CAD applications;ar-
ticulatedrigid bodies,suchasin robots;or soft deformable
surfaces,suchasthehumanface. It is not an easytaskto
to representandmanipulateall thesedifferentobjectsin a
uni�ed way.

In computergraphics,the modelsusuallyneedmorethan
justrigid transformationsto convey realism,whereasin com-
putervision, model-basedtechniquesusethis samemodel
to reducethe searchspaceof inverseproblems,such as
trackingor �tting. A goodmodelfor thedeformationswill
allow betterresultsandmorerobustimplementations.

Concrete3Dmodelsareusuallyrepresentedbya�nite num-
berof vertices,whoseconnectivity is organizedin a mesh;
that is, a discretizationof the surface. This discretization
is critical to theapplication:too few verticesandthemodel
approximationwill bepoor;toomany verticesandit will be
computationallytoo expensive to performall calculations,
sincemany algorithmshave higherthanlinearcomplexity.
Either, thedesignerneedsagoodunderstandingof theprob-
lembeforehand,soasto choosetheright modelresolution,
or we needa computeralgorithmto automatethetask.

In this paperwe addressthe questionof adaptingandde-
forming modelssimultaneously. First, we introducethe
conceptof deformable�elds (Section3). Deformable�elds
areanew methodtodescribedeformationsthatareresolution-
independent.They areconceptuallysimple,leadto aneasy
implementation,andaresuitablefor adaptivemodels.

Thenwedescribehow apowerful adaptivemeshlibrary can

be pluggedinto the deformationdescriptionsystem(Sec-
tion 4), andcomparedifferentmesh-re�ningcriteria to a-
chieve levelsof detailbestsuitedto theapplicationat hand
(Section5).

We presentthedeformationandanimationof humanfaces
asaconcreteapplicationof thetechniquesdescribedin this
paper(Sections6). We derivea simplesetof deformations
andshow thatthey areindeedfaceindependent.

2 RelatedWork

In orderfor a computergraphicsor computervision appli-
cationemploy deformablemodels,it needssometype of
geometryanddeformationrepresentation[15, 24, 8, 4, 21,
11, 3]. In computervision,thesemodelshavebeenusedfor
applicationssuchastracking,�tting, recognition,andseg-
mentation[15, 6, 2, 18]. Humanfacesarea particulartype
of objectthatattractsa lot of attention[4, 7, 20, 21, 11].

There exist a signi�cant numberof problem domainsin
whichdynamicmeshesarerequired.Consequently, thelit-
eraturein this areais vast. Herewe will mentiononly a
few illustrative examples.[5] employs anin�ating balloon
model to reconstructa surfacefrom volumetricdata. The
dynamicmeshis basedon re�nement by edgebisection.
[16] proposesa multiresolutionshaperepresentationbased
on geometrysmoothinganddynamicmeshes.Theadapta-
tion usesedgecollapses,edgesplitsandedge�ips.

Existingschemesfor dynamicmeshesareusuallybasedon
operationsde�ned on edgesbecauseof their goodadapta-
tion properties.Multiresolutionrepresentationscanbede-
�ned throughglobalor local operationson a mesh[10]. In



orderto supportadaptation,themultiresolutiondatastruc-
turehasto beconstructedusinglocal operations.Progres-
sivemeshes[14] constituteoneexampleof suchdatastruc-
ture. Another example are the hierarchical4-K meshes
[22]. In this kind of representation,differentmeshescan
bedynamicallyextractedfrom thedatastructure.However,
thelocal operationsneedto beexplicitly stored.

3 Deformations

Rigid modelshave their fair shareof applications,but in
many applications,suchasanimationandmodel-basedtrack-
ing, we needmodelswhoseshapeandattributecanchange
over time. Usually, thesechangesarecontrolledby a set
of parameters,suchthat the entiremodelcanbe fully de-
scribedby an instanceof this, potentiallylarge,parameter
space.

As laserscannersbecomemoreaffordable,it becomesin-
creasinglyeasierto obtaindetailed3D rigid modelsof the
surfacesof interest. Yet, the basicproblemremainsthe
same: how can we deform this surfaceaccordingto our
needs,suchthat it will work acrossdifferent instancesof
this sameobjectwith minimal userinteraction?

First,weneedto �t theresultof thescanto a “normalized”
mesh,soasto have a basisfrom which to work. We apply
a PCA basedmethod[4] to accomplishthis �t. The result
is a normalized2D spacerepresentingthemodel's surface,
calledtheu;v space,whichdescribesthegeometricfeatures
of theface(suchasthecornersof theeyes)asa functionof
u;v.

We now describeanovel methodto describedeformations.
It is a cascadedcompositionof deformation�elds applied
over theu;v space.Becausethis spaceis normalized,this
methodresultsin resolutionandperson-independentdefor-
mations.

3.1 Computation of model coordinates

In orderto visualize,track,or processa model,we needto
calculatethe three-dimensionalcoordinatesof eachpoint
~pi , giventhevalueof thedeformationparameter~q: For ev-
erypoint pi ; in ui ;vi thereis a functionFi = Fui ;vi suchthat

~pi = Fi = F(~q;ui ;vi) = Fui ;vi (~q): (1)

Conceptually, werepresenttheFi asacascadeof basicmath-
ematicaloperations,such as adding a vector to a point,
scaledbyaparameter[1]. Althoughsimple,thisrepresenta-
tion is powerful enoughto describeany numberof complex
deformations,andalsoconnectswell with the conceptof
deformation�elds, whichwedescribein thefollowing.

3.2 Deformation Fields

Deformation�elds area resolution-independentway to de-
scribedeformationsover thewholemodel.Sucha �eld de-
scribeshow deformationsbehavewith respectto thecontin-
uousdomainu;v of themodelsurface.This �eld canthen
be sampledat discreteu;v points,oneper modelpoint, to
obtain the Fu;v that is, the cascadeof basicmathematical
operationsfor the computationof the point's 3D coordi-
nates.

Thereare threeelementsneededto de�ne a deformation
�eld: the type of deformationitself, a setof vector�elds,
anda setof parameters.Additionally, a deformation�eld
might operateover theresultsof otherdeformations�elds,
allowing thecompositionsof results,which correspondsto
theaforementionedcascadeof mathematicaloperationsfor
amodelpoint.

A vector�eld V f is a functionV f :
� 2 !

� 3, de�ned over
theu;vdomain.It isusedany timewhenadeformation�eld
requiresanu;v-dependentvectorto representits mathemat-
ical operation.

3.3 Two Examplesof Deformation Fields

Example1. A geometryimage[13] isarigid model,which
canbetreatedasa specialcaseof a deformation�eld. We
interpretthegeometryimageasadiscretizeddescriptionof
a vector �eld. The constantdeformation�eld takesonly
onevector�eld asa parameter, whereits valueat u;v pro-
videsus with the 3D positionof the correspondingmodel
point.

pu;v = Vgeo.image(u;v); (2)

whereVgeo.imageis thecontinuousvector�eld, obtainedfrom
thethediscretizedgeometryimagethroughinterpolation.

Example 2. A descriptionof a PCA face[4] is alsoeas-
ily accomplishedthrougha cascadeof deformation�elds.
We describethe meanpositionswith a constantdeforma-
tion �eld,

p0
u;v(~q) = Vmean(u;v); (3)

whereVmean behaves like in the previous example. For
every principal componentk, we cande�ne a vector �eld
V pck. Wecreateacascadeof AddVectordeformation�elds,
wheredeformation�eld k will take into accountall PCA

components� k: Thekth deformation�eld takesthek� 1th

deformation�eld andaddsaparametertimesavector�eld.
We describethis cascadeas

pk
u;v(~q) = pk� 1

u;v (~q) + qk �V pck(u;v); (4)

whereqk is theparameterresponsiblefor thekth PCA com-
ponent.



3.4 Deformable Faceswith Deformation Fields

A verysimpledeformableface,yetpowerful andusefulfor
tracking,canbede�ned asa cascadeof a few carefullyde-
signedaf�ne transformations;that is, AddVectordeforma-
tion �elds (Equation4).

We startwith a representationof the faceat rest,which is
in no way an easytask, and a fertile areaof study in its
own right [19, 8, 4]. First,we de�ne theeyebrow deforma-
tionsusinga vector�eld, which is zero-valuedoutsidethe
in�uence areaof the eyebrows. The vectorsareassigned
monotonicallydecreasingmagnitudesfrom a maximumat
the eyebrows themselves,to zeroat the border(Figure1,
top center).This deformationcanbebrokeninto two sep-
arateones,if we requireasymmetriceyebrow movements
in the face. This deformationsimulatesthe effect of the
frontalisfacemuscle.

Simple lip movementscanbe modeledby the useof two
differentmuscles– the zygomaticmajor, which pulls the
lips andcheeksin thedirectionof thetemples,andtheriso-
rius, whichpulls lips andcheeksin thedirectionof theears.
Again,eachdeformationcanbesplit into two for asymmet-
ric movements(Figure1, top right andbottomleft).

Finally, jaw openingscanbemodeledby a constantopen-
ing area(chin), superiorandinferior lips (that createsthe
elliptic openingof themouth),anddecreasingvaluesuntil
theborder(Figure1, bottomcenter).

The cascadingof thesesimple af�ne transformations,al-
thoughwith fairly complex vector�elds, providesuswith a
deformablefacemodelthatis suf�ciently powerful evenfor
computervision trackingfrom a singleuncalibratedcam-
era[11, 12]. Our techniqueandframework allow usto use
representationsconstructedfrom captureddata[3], to de-
sign deformationsby hand[11], and even to usehybrids
approaches.

4 AdaptiveMesh

Recallthat thedeformablemodelis a discretizationof the
targetsurface.Oneof themostcommondiscretizationmeth-
odsis througha polygonalmeshthatdecomposesthebase
domainandgivesapiecewiselinearapproximationof vari-
ouspropertiesde�ned over thedomain– includingthege-
ometryin caseof a parametricsurface.

In applicationsthat employ deformablemodelsit is desir-
ableto have all thecomputationsstructuredindependently
of a particular surfacediscretization. We have achieved
onehalf of this requirementthroughtheuseof deformation
�elds overtheu;vdomaindescribedin theprevioussection.
Theotherhalf consistsof developingmethodsto make the

piecewiselinearapproximationsuf�ciently accuratefor the
purposesof theapplication.

For thisreason,it is desirableto haveameshlibrary thatcan
providetheapplicationwith a dynamicadaptivediscretiza-
tion of thesurfacebasedon problem-dependentcriteria. In
this way, it is possibleto cleanlyseparatethe application
speci�c computationsfrom themeshinfrastructuremainte-
nance.

In the following we describea dynamicadaptive meshli-
brarybasedon stellaroperatorsthataddressesmostof the
requirementsof applicationsdealingwith deformablemod-
els. This library encapsulatesall the functionality for sup-
portingthemeshrepresentation.Theimplementationis ro-
bust,computationallyef�cient andeconomicalin termsof
memoryusage.Thelibrary API is easyto useandprovides
theright level of abstractionfor theapplication.

This library hasthefollowing features:

� The meshis basedon thehalf-edge,a standardtopo-
logicaldatastructure.Becausethehalf-edgeis widely
adopted,therearemany applicationsthat canbene�t
from this library.

� Themeshhasanunderlyingsemi-regularmultiresolu-
tion structure.As aresult,noadditionalstoragebeside
the currentstateof the meshis requiredin the repre-
sentation.

� Themeshdynamicallychangesits resolutionbasedon
generaladaptationcriteriaspeci�edby theapplication.
This is implementedthroughre�nementandsimpli�-
cationmethodsthatmaintaina restrictedmultiresolu-
tion.

� Thelibrary API includesoperatorsfor meshcreation,
dynamicmeshadaptationandtopologicalqueryoper-
ators.

Thelibrary is basedon resultsfrom stellarsubdivision the-
ory andthe notion of binary multi-triangulation. We now
giveanoverview of theseconceptsanddescribetheimple-
mentationof thelibrary.

4.1 Splitting and Welding

The key to an adaptive meshrepresentationis an under-
lying multiresolutionstructure. A multiresolutionmesh,
H = (M0;M1; : : : ;Mk), is a monotonicsequenceof trian-
gulationsof a domainU, suchthat, jMi j � jM j j, for i < j,
wherejMj is thenumberof trianglesof ameshM.

In general,themeshesMi 2 H arerelatedby operatorsthat
perform re�nement or simpli�cation to changethe mesh
resolution. It is desirablethat theseoperatorsaffect the



Figure1: Cascadeof deformable�elds thatgeneratea simpleface.

meshonly locally. Thispropertymakesit possibleto create
many multiresolutionsequencesby piecingtogetherinde-
pendentlocalmodi�cations.

Stellarsubdivision theoryprovidessuitablelocal operators
to modify theresolutionof a mesh.Thestellarsubdivision
operatorsfor two-dimensionaltrianglemeshesare theface
split andits inverse,the faceweld; andthe edge split and
its inverse,theedgeweld.

Themain theoremof stellartheoryassertsthat theseoper-
atorscantransformbetweenany two equivalenttriangula-
tions [17]. Moreover, stellarsubdivision operatorsde�ne
the most localizedatomicchangesto a triangulation. We
usestellar subdivision operatorson edgesas the building
blocksfor multiresolutionmeshes.

4.2 Semi-RegularBMTs

The adaptive meshmaintainsthe multiresolutionstructure
of asemi-regularbinarymulti-triangulation.A binarymulti-
triangulation (BMT) is a multiresolutionstructureformed
by applying edgesplits to an initial mesh,M, called the
basemesh, andproducinga �nal mesh,M, calledthe full
mesh. The BMT can be thoughtof as a directedacyclic

graphDAG describingall possiblepathsof localchangesto
themesh[22, 9]. In thisDAG, arrowsarelabeledwith stel-
lar subdivisionson edges,and the verticesrepresentsub-
meshes.Any cut in theDAG thatseparatesM from M rep-
resentsa valid mesh,calledthecurrentmesh.

A regular binary multi-triangulation (RBMT) is a binary
multi-triangulationthatsatis�esthefollowing conditions:

1. Thebasetriangulationis theunionof basicblocks.

2. Edgesplitsareonly appliedto interior edgesof basic
blocks.

A basicblock is a pair of triangleswith a commonedge,
calledthe internal edge of theblock. The otheredgesare
calledexternaledges. In anRBMT, whentheinternaledge
of a basicblock is subdivided,new blocksareformedwith
theadjacenttrianglesandsomeadditionaledgesmayneed
to be subdivided. In that way, externaledgesof previous
blocksbecomeinternaledgesof new blocks. This process
is called interleavedre�nementandproducesa restricted
quad-tree[23], in whichadjacenttrianglesdiffer atmostby
oneresolutionlevel.

Theregularityof theRBMT allowsusto storeonly thecur-
rentmesh,yet allows us to re�ne or simplify themeshac-



cordingto themultiresolutionstructure.

5 AdaptiveRe�nement and Simpli�cation

The meshadaptationis implementedin the library by en-
forcinga RBMT structureusingoperatorsfor restrictedre-
�nement andsimpli�cation.

Thelibrary assumesthatshapeinformationis known to the
applicationindependentlyof the mesh. More speci�cally,
thefollowing requirementsneedto besatis�ed:

� Thereis a basedomainin which thesurfacegeometry
andotherpropertiesarede�ned;

� It is possibleto takeandcomputesamplesof pointson
thesurface.

Theapplicationprovidesfour functionsto thelibrary through
asurfaceobject:aprocedureto constructapolyhedronthat
de�nes the geometryand topologyof the basedomain;a
samplingfunction to evaluatethe geometryof the surface
at a vertex of themesh;andre�nementandsimpli�cation
teststo determinewherethemeshneedsfurthersubdivision
or coarsening.

The library API for meshconstructionand adaptationis
composedof a meshconstructor, that takesasa parameter
thesurfaceobject,andmethodsfor adaptivere�nementand
simpli�cation of themesh.Thesemethodsusetheadapta-
tion testfunctionsandthesamplingfunctionof thesurface.

Thefunctionalityof themeshlibrary is suf�cient to create
adaptivemeshesof dynamicsurfacesfor our applicationof
deformablemodels. In this context, someimportantspe-
ci�c aspectsare:

� Thebasemeshincorporatesall the importantfeatures
of thesurface;

� Thesurfaceis de�ned by aparametricfunction;

� The criteria for meshadaptationarederivedfrom the
deformationsdrivenby tracking,discussedin thefol-
lowing sections.

5.1 Obtaining the BaseResolution

Oneof the secretsfor this methodto work well is a prop-
erly built baseresolutionmesh.Ideally, thecoarsestmodel
shouldalreadyhave the appropriatetopologicalstructure
for the adaptive mesh. Additionally, the model triangles
shouldhave approximatelythesamesurfacearea,for a vi-
suallypleasantre�ning process.

We satisfy the �rst requirementby enforcingcompliance
of the basemeshwith the topologicalrequirementsof the

adaptationscheme.Themeshlibrary providesfunctionality
to bringthebasemeshinto therequiredform throughaone-
timeapplicationof carefullyselectededgesplits.

Initial similar-sizedtriangles,on the other hand, imply a
goodbalancebetweenminimaldetailselection,andthevari-
anceof theedgesizes.Sofar we have maintainedthis bal-
ancethroughmanualselectionof points in the u;v space,
and triangulationof this spacewith constraints(with the
helpof triangle 1) to �nd thebaseconnectivity. Wethen
usethedeformation�elds themselvesto generatetheappro-
priatebasegeometry.

In Figure2aweshow ahand-craftedbasemodelconstructed
from coordinatesin u;v, and in Figure 2b we show the
modelaftermakingit compliantwith theRBMT structural
requirements.

5.2 Adapting the Mesh to the Model

Oncewe have thebasemodelat thecoarsestpossiblereso-
lution, we have to decideby how muchto re�ne themesh
to obtainagood-lookingmodel.Theoptimallevel of detail
dependson both the facialcharacteristicsof theperson,to
whomthemeshis beingadapted,andwhichareaof theface
we arelooking at. An additionalconcernis thecomplexity
of there�ned model— asthenumberof trianglesincreases,
sodoesmemoryconsumption,andcomputationaloverhead
for the animationof the model. In the following we com-
parethreedifferentre�nementstrategies.

5.2.1 Unconditional Re�nement

This strategy is the simplestone possible: repeatedlyre-
�ne a model a �x ed numberof times (threetimes in the
examplespresentedin this paper).Theadvantagesarethat
this re�nement methodis very fast, becausethereare no
time-consumingtests,and that it is guaranteedto yield a
good-lookingmodelwith a high level of detail. Offsetting
theadvantages,however, is theindiscriminatelyhigh num-
berof verticesandtrianglesin theresultingmodel,with all
thecomplexity disadvantagesmentionedearlier.

5.2.2 Normals-BasedRe�nement

The ideabehindthis strategy is to obtaina smoothmodel
by breakingupsharpridgesandvalleys,andjaggedangles
at themodeledges.Ridgesandvalleys arede�ned by the
anglebetweenthetrianglenormalsof any two trianglesthat
sharea commonedge.If it falls above a threshold,we re-
�ne theedge.Similarly, jaggedanglesat themodeledges

1http://www-2.cs.cmu.edu/ � quake/triangle.html



(a)

113vertices
195triangles

(b)

233vertices
414triangles

(c)

3416vertices
6624triangles

(d)

1917vertices
3674triangles

(e)

1351vertices
2567triangles

Figure2: (a) Original mesh,(b) Meshin RBMT form, (c) Unconditionalre�nementto constantdepth,(d) Normals-based
re�nement,(e) Surfacecontourerror-basedre�nement.Left to right: Meshin u-v space,Polygonalmesh,Facewith texture
applied.



Figure3: Differentfacesunderdeformations.

occurwhenthetriangleorientationsat theendpointsdiffer
greatly from oneanother. To computethe difference,we
averagethe triangle normalsof the trianglessurrounding
eachrespectiveendpoint.If theanglebetweentheaverages
fallsabovea threshold,were�ne theedgein question.

This methodis computationallyinexpensive,andresultsin
reasonableapproximationsof the model surfacecontour.
Thenumberof verticesandtrianglesin theresultingmodel
is muchlower thanwith theunconditionalre�nementstrat-
egy. On the other hand, if thereare indeedsharpridges
in the contour, suchas aroundthe eyes and the lips, this
methodkeepsre�ning unnecessarilywithouta correspond-
ing increasein theappearanceof themodel.

5.2.3 SurfaceContour Err or-BasedRe�nement

Thisstrategy directlycomputesthequalityof thepolygonal
approximationto thetruecontourof themodel.We de�ne
theerror of a polygonPoly ata point (u;v) to be:

ePoly(u;v) =
�
� pu;v � PPoly(u;v)

�
� ; (5)

wherepu;v is the3D positionof thecontour, andPPoly(u;v)
is the3D positionof thepolygonat coordinates(u;v).

Thenthetotalerrorin theapproximationof thesurfacecon-
tour with thepolygonis

ePoly =
Z

Poly
ePoly(u;v) dudv: (6)

Theaverageerror is obtainedby dividing ePoly by thearea
of thepolygon. If it falls above a threshold,we re�ne this
polygon.In addition,we computethemaximumerror

max
u;v

�
ePoly(u;v)

	
; (7)

whichhelpscapturepeaksandtroughsin themodelsurface
contour, andletsusre�ne accordingly.

This methodyields a visually pleasingre�nement of the
modelwith far fewerverticesandtrianglesthanwith either

of the two othermethods(Figure2e), at a highercompu-
tational cost. Evaluatingthis criterion requiresa discrete
approximationof the integral in Equation6, via sampling
the polygon. For the modelsshown in Figure2, this pro-
cessis threetimesslower thannormals-basedanduncondi-
tional re�nement. Therefore,this criterion is bestsuitable
for applicationswherewechangethemodelparametersfre-
quently, andre�ne themodelonly infrequently.

6 CaseStudy: Deformable, RetargetableFaces

We have coupledthe library describedin Section4 with
an implementationof the deformation�elds in Section3
andtheadaptationstrategiesin Section5 to ourdeformable
modelsimulationand trackingsystem[11, 12]. Figure2
shows that our descriptionwith deformation�elds is res-
olution-independent.At this level of detail, animationof
thefacialparameterscanbedonein realtimeon a Pentium
4 systemrunningat 2.4 GHz. The re�nementof the base
meshtakes0.7 secondsfor the unconditionalandnormals
criteria,and2.5secondsfor thecontour-basedcriterion.

Becausetheu;v spaceis normalizedacrossdifferenthuman
faces(Section3), in theory the deformationmapsshould
apply to any humanface that can be representedin this
normalizedspace.To test this hypothesis,we appliedthe
deformationsto a few of the subjectsof the datasetPCA

datasetof [4], sevenin total. An exampleselectionof faces
is shown if Figure3. This �gure, aswell asthesupplemen-
tal movie, show thatour methodindeedmakesretargeting
feasiblewith minimal effort.

Hence,we have threeimmediatebene�ts: we cananimate
an arbitrary face,do model-basedtrackingof an arbitrary
person(afterproper�tting), andretargetfacialmotions.

7 Conclusionsand Futur eWork

In thispaperwehavedescribedauni�ed approachfor adap-
tive deformablemodels,with humanfacesasa casestudy.
Thisapproachis basedonrepresentingthemodelgeometry
in a normalizedu;v space,andde�ning deformationsvia



deformationmapsandvector�elds operatingonthisspace.
This methodis suf�ciently powerful to make thede�nition
of modelsand deformationsboth resolution-independent
andretargetable.

Theframework for meshadaptationdescribedin thispaper
is easyto use. The logic for whento re�ne andsimplify
the meshcan be encapsulatedin just two functions. We
have shown by way of threedifferentre�nementstrategies
that it is easyto obtainjust the right level of detail for the
application.

Currently, we are in the processof applying thesetech-
niquesin computervision, for deformableface tracking.
For thatwe will needa working setof view-basedandtex-
ture-basedadaptationcriteria. We are also investigating
possibletechniquesto learndeformationsfrom realdatain
anautomatedmanner.
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