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Abstract

We proposea deformablesuriaceparameterizatiothatis genericandletsus
automaticallybuild registeredshapedatabasesThis allows usto directly de-
rive low-dimensionakhapemodelsusinga simpledimensionalityreduction
technique. This addressesne of the biggestdif culties in example-based
shapemodeling: Building the requireddatabasewhich is often a dif cult
andpainstakingoprocess.

We incorporatethe resultingmodelsinto a monoculartracking system
thatwe useto capturethe complex deformation®f objectssuchassheetof
papersor expandingballoonsfrom singlevideosequences.

1 Intr oduction

While reconstructiorandtrackingof rigid andarticulatedobjectsfrom video have been
widely studied,modeling3-D deformablesurfacessuchas thoseof Fig. 1 remainsa
challengingproblem, especiallywith a single camera. The problemwould be totally
underconstrainedvithout an appropriatedeformationmodel,thatis one e xible enough
to accounfor all possiblecon gurationsof thedeformableobjectswhile beingcontrolled
by sufciently few parameter$or effective optimization.

Marny physically-basednodelshave beenproposedput they seldomincorporateall
the requiredphysical knowledge. Even a simple sheetof paperis a complex dynamic
systemandthemodelsthatarepopular]9, 10, 11, 12,5, 7] tendto beoversimpli ed. They
oftenrely on linear approximationghatarepoorin the presencef large displacements
anddeformationsuchasthosethe objectsshovn in Fig. 1 undego. More realisticnon-
linearmodelshave beeninvesticated[16, 13]. But, to thebestof ourknowledge they are
complex enoughnever to have beentried for monocularshapeecovery.

An alternatve to physically-basednodelingis to createa databasef valid shapes
aswasdonefor faces[4, 3] or humanmotion[14] andusea dimensionalityreduction
techniqueto derive modelswith relatively few degreesof freedom. This approachhas
provedvery effective if the databaseanbe obtainedwhich is not a given. For example,
in the caseof faced4, 3], its constructiorwasa painstakingorocesghatrequiredprecise
registrationof individual verticesof a genericfacemodelto laserscans.



To alleviate the database@eneratiorproblemin the caseof genericdeformablesur
faces,we proposea parameterizatiothat lets us automaticallygeneratea wide range
of physically valid con gurations. We represensurfacesastriangulatedneshesvhose
shapeis controlledby a small subsetof the anglesbetweenthe facets. Varying these
anglesresultsin the databasave need,which containssurfacesof differentshapesut
identicaltopologies.We thenperforma Principal ComponenfAnalysisandapproximate
surfacesaslinearcombination®f asmallnumberof principalcomponentsTheresulting
deformationmodel hasrelatively few parametersnd, yet, is accurateenoughto effec-
tively track deformations.

Thecontritution of this paperis thereforea surfaceparameterizatiothatletsussam-
ple thespaceof valid shapego build arepresentatie databaseyxhich canthenbeusedto
derive low-dimensionakhapemodelsusinga simpledimensionalityreductiontechnique.
We will shawv thatthesemodelsareeffective to capturethe deformationf objectssuch
assheetof papersor expandingballoonsfrom monoculawvideosequences.

2 RelatedWork

Capturingsurfacedeformationdrom a singlevideostreamis acknavledgedto bea mas-
sively underconstrainedroblemif onedoesnot limit the rangeof possiblecon gura-
tions. Existingapproachesanbe classi ed into two broadcateyories: Physically-based
methodsseekto parameterizéhe surfacesin termsof the variablesof a dynamicsystem
that approximateghe real physics, while example-basedechniquesely on creatinga
databasef possibleshapedrom which a low-dimensionalmodel canbe learned. We
brie y review thesetwo classe®f approachebelow.

The original snale paper[9] probablyis the onethat contribtutedmostto popularize
physically-basednodelsin the ComputerVision community The approactwasinitially
strictly 2—-D, but was soonextendedto 3—D surfacemodeling,by usingdeformablesu-
perquadricq15, 6], triangulatedmesheqd1], or thin-platesplines[10]. Unfortunately
thesemodelingtechniquesendto producemodelswith too mary degreesof freedomfor
reliable tting to monoculasequencesin approacho reducinghenumberof degreesof
freedomis to performmodalanalysig12, 5, 7]. The object's behaior is thendescribed
by superposingts naturalstrainandvibration modes. However, this implies linear as-
sumptionsthatdo not hold whenthe deformationdecomedarge. The useof non-linear

nite elementhasbeeninvesticatedin the medicalimagingandanimationcommunities
for volumetricreconstructiorand simulation[8, 13]. However, for 3—D surface tting
purposessuchmethodshave only beendemonstratebr recoveringrelatively simplede-
formationsfrom rangedata[16] andrequirepreciseknowledgeof the objects material
propertieswhich maybehardto obtain.

Becauseaccuratelymodelingthe physicsof deformablesurfaceds dif cult, example-
basednethodsareanattractie alternatve. They involve creatinga databasef represen-
tative shapesandusingthemin conjunctionwith a statisticaldimensionreductiontech-
nigueto learnamodelwith comparatiely few degreesof freedom.For example thework
of BlanzandVetteron facialshapeecorery [4] andanimation[3] relieson a deformable
facemodelbuilt in thisway. Thedatabasé madeof 3—D mesheshatwere tted to laser
scansandalignedsothatspeci c verticesalwayscorrespondo the samefacial features.
Theshapemodelis learnedby performingPrincipal Componenfnalysison the vectors
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Figurel: Trackingdeformingsurfacesin monocularvideos. (a, b, c) On eachrow, we
shav oneimageof the original sequencethe deformedmeshprojectedon the sequence,
and a shadedside view. (d) The shapeof a de ating balloonis tracked throughouta
sequenceNotethatthe meshshrinksalongwith the balloon.

formedby concatenatinghe 3—D coordinate®f the meshverticesandonly retainingthe
mostsigni cant componentsSimilar approachesveresuccessfullyusedto derive artic-
ulatedmotion models[2, 14]. However, gatheringandregisteringenoughexamplesto
build ameaningfuldatabasagain represented very signi cant amountof work.

The dif culties involved in creatingthe databasefave limited the spreadof these



example-basedpproacheto otherapplications.Thisis theissuewe addresserein the
caseof genericdeformablesurfaces.

3 Creatingthe Deformation Model

Ourapproachs built on onekey insight: A surfacethatdeformsandstretchesanalways
be resampledso that it can be representedy a triangulatedmeshwhoseverticesare
equidistant. In otherwords, with no loss of generality we canlearnall the possible
shapedrom a setof inextensiblemeshesThesearemeshesvhoseedgesareconstrained
toretaintheirlengthandwhoseonly degreesof freedomaretheanglesbetweerthefacets.

In this section,we shawv that only a small subsetof theseanglesneedbe speci ed
to fully constrainthe shape.As aresult,we canrepresenthe whole setof valid shapes
usingtheseparameterandthereforeproducea representadie setof shapedy randomly
samplingthem.We exploit thisto createa databasef mesheshatarenaturallyregistered
to one anotherand are thereforedirectly amenablgo dimensionalityreductionusing a
simpletechniquesuchasPCA.

3.1 Parameterizing Inextensible Meshes

Werepresensurfacesastriangulatedneshesvhoseverticeslay onanM N rectangular
grid, suchasthe onedepictedby Fig. 2. If we constrainthe lengthslg andl; to be the
samefor all horizontalandverticaledgessucha meshhasfar fewer degreesof freedom
thanthe3 M N onesrequiredto individually specifythe vertex coordinates.

(a) (b)
Figure2: Building amodel.(a) Thebottomrow of themeshis rst built from left to right
by settingthe anglebetweera facetandits neighbor (b) For eachconsecutie row, only
two anglesneedbe set,onefor the rst facetandonefor thelastone.

More speci cally, asshavnin Fig. 2 (a), we canspecifytheir 3—D shapestartingfrom
the bottomrow. The 3-D orientationof the bottomleft facetis given by two rotations
aroundthex andy axes. The positionof eachsuccessie facetis thenrecursvely de ned
by therotationanglearoundthe edgeit shareswith the previousone. Oncethe rst row
hasbeenspeci ed in this manney it canbe shavn that thereare only two degreesof
freedomleft for eachsuccessie row. We thereforeproceedrow by row and x those
degreesof freedomby specifyingthe rotationanglesof the two facetsdravn in bold in
Fig. 2 (b), aroundtheedgeit sharewith thefacetbelow for thelowerleft oneandaround
its neighborto theleft for the upperright one. The 3—-D coordinate®f all verticesin the
row &anthen berecursvely computedasthe intersectionof threesphereof radii lg, 11,

and 12+ 12 centeredatverticeswhosecoordinatehave alreadybeencomputed.

In short,giventhehorizontalandverticallengthd g andl, aninextensiblesurfacecan
be parameterizeth termsof four setsof angles:




aj; 0 i< M 1:Orientationof theleft triangleof columni in the rst row.
bi;0 i< M 1:Orientationof therighttriangleof columni in the rst row.
g ;1 |j< N 1:Orientationof theleft triangleof row j in the rst column.
di;1 j< N 1: Orientationof theright triangleof row j in thelastcolumn.

Thetow row of Fig. 3 illustratesthe effect of varyingtheseanglesindividually.

(@) (b) (© (d)

Figure3: Toprow: Settingasingleangleto anonzerovaluefor oneof thea;, b;, g, d;.
Bottomrow: Settingall theanglesto nonzerovaluesindependantlyor the a;, b;, g, d;.

3.2 Building the ShapeDatabase

We createa databasef randomlydeformedmeshedby letting theanglesdiscusse@dbore
vary randomlybetweerntwo x edbounds.To cover thewholerangeof shapesye could

As this would still requirea hugenumberof sampleswe choseinsteadto sampleeach
oneof thefour setsof anglesndependentlyo produceshapesuchasthoseof thebottom
row of Fig. 3. As will beshowvn in Section3.3, this doesnot reducethe generalityof the
approach.

In practice,we useM = 30, N = 20, and chooseanglesin the range[ p=6; p=6].
Thesevaluesyield surfaceswith potentiallylarge globalcurvaturebut thatremainlocally
smooth,suchastheonesof Fig. 5. We generaté0 randommeshegor eachsetof angles.
As will bediscussedh thenext sectionthesemeshesreto beusedto performPrincipal
ComponentAnalysis. To guarantedhat the resultingcomponentsre as symmetricas
possible we symmetrizeour 50 samplesasfollows. Whensamplingthe f big andf djg
angleswe alsoincludethe symmetricakcounterpart$o our sampleswith respecto the x
andy coordinatesyhich resultsin atotal of 200mesheseingaddedto the databaséor
eachof thesesetsof angles.In the caseof thef ajg andf g;g anglesa singlesymmetry
sufces, resultingin atotal of 100 meshedeingaddedto the databasdor eachof these
setsof angles.Finally, we endup with a databaseontaining600 meshexamplesfor a
totalof2 (M 1)+2 (N 2)+ 1= 95dgyreesof freedom.



3.3 Principal ComponentAnalysis

To furtherreducethenumberof parametersequiredto represendur deformablesurfaces,
we usePrincipal ComponeniAnalysis (PCA). Sinceall databasenesheshave the same
topology weforma3 M N vectorfor eachoneby concatenatinghe coordinatef
its vertices. By running PCA on thesevectorsandretainingonly the rst N << 3MN
principalcomponentsye canapproximatehevectorof coordinate®f ary meshas

_ N
S= S+ § W ; 1)
k=1

whereS is the vector correspondingo an undeformedmesh,the S, are the principal
componentr modes,andthe wy areweightsthat specify the surfaceshape. In other
words,the shapeof a meshcannow be expressedasa function of the statevectorQ =

Fig. 4 depictsthein uence of two of the mostsigni cant componentsChangingthe
weightassociatedo the rst producesendingand,to the secondgextension.Thisis an
importantfeatureof our approach:Eventhoughthe database&ontainsonly inextensible
meshesthe resultingcomponentsllow the modelingof shrinkageandextension,a fact
thatwe will exploit in Section5.2.
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Figure4: Modalbehaior. In both gures, S theaveragemesh s shovnin red. Theother
two areobtainedby taking a singlewy to benonzero. A positive valueof thatwy yields
the greenmeshanda negative onethe meshshavn in blue. (a) Bendingfor k= 9. (b)
Extensiorfor k= 5.

Recallfrom Section3.2thatwe createdhe databaséy independentlyasopposedo
simultaneouslyvarying the four setsof a, b, g, andd angles.Arguably this could fail
to cover all possibledeformationsandresultin principalcomponentsinableto describe
somecon gurations. To disprove this, we generated humberof syntheticmeshesuch
asthe onesof Fig. 5 by simultaneouslyandomizingall the anglesandveri ed thatwe
canuseour N. = 50 principalcomponentso accuratelyt theresultingshapes.

Figure5: Fitting surfacescreatedoy varyingall setsof anglessimultaneouslyThe origi-
nal shapesreshavn asshadedwhile the tted onesaredisplayedaswireframes.



4 Optimization Framework

As discussedn Section3.3, the shapeof the meshis controlledby a statevectorQ of
weightsassociatedo the principal components.We usethe image datato write ngpg
obsenationequationf theform

ObPa(x;Q)=a;1 i Nops; @)

where ObgYPé s a differentiableobjective function associatedo a particulartype of
imagedata x; adatapoint,andg is anerrorterm. Herewe consideithefunctionsObs™©"
andObs$%€ derived from point correspondencemdedgeinformationrespectiely:

Correspondence$Ve nd interestpointsin the rst of consecutie pairsof images
andcomputecorrespondences thesecond Givenacoupleu; = (pt; p?) of corre-
spondingpointsfoundin this manner, we de ne anObs™°" (u;; Q) asfollows: We
back-projectp! to the 3-D surfaceandreprojectit to the secondmage. We then
take Obg°" (uj; Q) to be the Euclideandistancein the image planebetweenthis
reprojectiorand p?.

Boundaryandoccludingcontours.We projectthetargetobjectboundariesnto the
image. We thensamplethe projectionsandlook for the closestimageedge-piel
in the normal direction. We take Ob£°%€ to be the Euclideandistancebetween
the projectionand an edge-piel. We handleoccluding contourssimilarly. We
useOpenGLuvisibility computatiorandhiddensurfaceremoval techniqueso nd
meshedgeghatcorrespondo occludingcontours We thensampletheseedgesand
evaluateOb$%€ asdiscussedbore.

We will shaw in the resultssectionthat this combinationsufces to fully constrainthe
surfaces shape.

As we saw in Section3.3,alinearcombinationof principalcomponentganresultin
ameshthatexpandsor shrinks. To modelsurfacesthatdo not stretch suchasa pieceof
paperwe force edgelengthsto remainconstanty introducinga penaltyterm

N\éen o )
Eb = a a (v vi Lj; ()
i=1 vj2N(v)

wherey; is a vertex of the mesh,N(v;) representshe setof all its neighborsandL;;j is
theinitial edgelength.Finally, we take theglobalobjective functionE we minimizeto be

1 ngbs

& Wyps ObSP3(x;;Q) *+ WeeEp ; )
=0

E=Z
2i

wherethe wypq areweightsassociatedo particularobsenation typesand designedso

thatthe derivativesof all obsenationsareof commensurateagnitudeandwey is auser
de ned weight. A small,or zero,we allowsthe meshto stretchor shrink.

5 Results

Herewe demonstratéherobustnes®f ourapproachor trackingobjectsundegoinglarge
deformationsWe provide the correspondingideosassupplementarynaterial.



5.1 InextensibleSurfaces

We rst appliedourmethodto trackingdeformableut inextensiblesurfacesn monocular
sequencedNot only doesthe Q statevectorthatcontrolsthe shapecontainrelatively few
parametershut we do not needa regularizationor smoothingterm. Simply keepingthe
numberof principalcomponentsve uselow is enoughto enforcesmoothnesHowever,
we hadto x somecoordinatesof the meshego avoid ambiguitiesdue to the chosen
viewpoints.

Fig. 6 depictsthe trackingof a pieceof paperstartingfrom anundeformedosition.
Even thoughthereis texture at only one placeon the paper the whole model deforms
correctly Thisincludesthebackof thesheethatis notactuallyseenn thevideo. Another
deformingsheetof paperis shavn in Fig.7. The chosernviewpoint makesit dif cult to
clearly seethe deformationin the rst frames. Our algorithmneverthelesgetrievesthe
precise3—D shapethroughoutthe whole sequenceln both caseswe used30 principal
components.

Figure6: Deformingsheetof paper Top row: Deformedmeshprojectedon the original
sequencasawireframe.Bottomrow: Deformedmeshshavn asawireframemodelseen
from a differentviewpoint. Notethateventhe backdeformscorrectly

Figure7: Anotherdeformingsheet. Top row: Projectedwireframe. Bottom row: De-
formedmeshshadedndseernfrom a differentviewpoint.

Fig. 8 shavsthebehaior of our algorithmwhenappliedto amorecloth-like material
thatis more e xible andrequiresthe useof 45 principal componentsnsteadof the 30
we usedfor paper The deformationis mostly perpendiculato the imageplane,which
again makesit challengingo track. As canbeseenn thevideowe supply thereprojected
shapecloselymatchegheobjectin theimagesgxceptoccasionallynearthecorners This



canbe attributedto thefactthat,becausehefabricis very textured,our simpleapproach
to detectingedgescanbecomeconfusedandshouldbe replacedby a moresophisticated
one.

Figure8: Deformingfabric. The resultsaredisplayedin the samemannerasin Fig 6.
Sincethe fabricis highly textured,bordersof the meshare sometimesnismatchedvith
texture edgesresultingin smallmisalignments.

5.2 StretchableSurfaces

We usedanin ating andde ating balloonto testour algorithm's behaior whenthe sur
facecanstretchor shrink. In all the balloonexamplespresentedere,the initial mesh
shapesvereobtainedby scanningthe balloonsbeforestartingin ation or de ation and
tting our meshmodelsto thescans.

All theresultsshovn above involvedthe useof the penaltytermEp of Eq. 3 to force
themeshedgedo retaintheir original lengths.In Fig. 9, we allow the meshto stretchby
settingthe weight of this Ep termto zero. Sincewe arenot trackingthe whole balloon,
but only its texturedpart, we only usecorrespondenceandignoreedges.The meshthen
expandsalongwith the balloon,whichis madepossibleby principalcomponentsuchas
the onedepictedby Fig. 4(b). As shawvn in Fig. 1(d), the oppositebehaior is obsered
whentheballoonde ates.

Figure9: Trackinganin ating balloonwith anextensiblemesh.Notice the meshkeeps
on covering the sameportion of the balloon. The lastimageshaws the superpositiorof
theinitial meshin redandthe muchbigger nal onein blue.



6 Conclusion

In this paper we have presentedan approachto parameterizingleformablesurfacesof
planartopologiesin termsof a small numberof anglesand producinga representatie
set of shapesby randomly samplingtheseangles. We have exploited this to createa
databas®f mesheghatarenaturallyregisteredto oneanotherandarethereforedirectly
amenableéo dimensionalityreductionusingPCA. Theresultinglow-dimensionamodels
have provedeffective for monocular3—D trackingof surfacesundegoinglarge deforma-
tions.

The setof shapesve produceis however far from linear and PCA may not be the
bestpossibleapproachto dimensionalityreduction. In future work, we thereforeintend
to explore the useof non-lineartechniquego reducethe requirednumberof parameters
evenfurther
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