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Abstract

We develop a low-dimensionalkpproximationof the setof possiblede-
formationsof smoothlydeformingobjectsof planartopology To this end,
we proposea novel parameterizationf inextensiblesurfacesthat allows us

rst to effectively samplethe spaceof all possibledeformationswhich is
a priori very large, andthento derive the low-dimensionalmodel using a
simpledimensionalityreductiontechnique.

We incorporatethe resultingmodelsinto a monoculartracking system
thatwe useto capturecomplex deformationf objectssuchassheetf pa-
peror more e xible material.We alsoshow that,eventhoughthe modelwas
built by samplingthe setof possibledeformationof inextensiblesurfacesit
canalsohandleextensibleones.

1 Intr oduction

While reconstructiorandtrackingof rigid andarticulatedobjectsfrom video have been
widely studied,modeling 3—-D deformablesurfacessuchas thoseof Fig. 1 remainsa
challengingproblem, especiallywith a single camera. The problemwould be totally
underconstrainedvithout a deformationmodelthatis e xible enoughto accountfor all

possiblecon gurationsof the deformableobjectswhile being controlledby sufciently

few parametersor effective optimization.

Many physically-basedmodels[9, 10, 11, 12, 5, 7] have beenproposedbut they
seldomincorporateall the requiredphysical knowledge. They oftenrely on linear ap-
proximationsthatarepoorin the presencef large displacementanddeformationsuch
asthosetheobjectsshavn in Fig. 1 undego. More realisticnon-linearmodelshave been
investicated[15, 13]. But, to the bestof our knowledge,they arecomplex enoughnever
to have beentried for monocularshaperecorery.

An alternatve to physically-basednodelingis to samplethe spaceof valid shapess
wasdonefor faceq4, 3] andusea dimensionalityreductiontechniqueto derive models
with relatively few degreesof freedom. This approacthasproved very effective if a set
of samplesanbeobtainedwhichis notagiven. For example,in thecaseof faceq4, 3],
its constructionwasa painstakingorocesshatrequiredpreciseregistrationof individual
verticesof agenericfacemodelto laserscans.

To alleviate the databaseeneratiorproblemin the caseof genericdeformablesur
faces,we proposea parameterizatiothat covers a large portion of the spaceof physi-
cally valid con gurations. We represensurfacesastriangulatedmesheshoseshapes



controlledby a smallsubsebf the anglesbhetweerthefacets.Varying theseanglesauto-
maticallyresultsin asetof samplesepresentingurfacesof differentshapesut identical
topologies. We canthendirectly performa Principal ComponentAnalysisand approx-
imate surfacesaslinear combinationsof a small numberof principal components.The
resultingdeformatiormodelhasrelatively few parameterand,yet, is accurateenoughto
effectively trackdeformations.

The contrikution of this paperis thereforea parameterizatiothatlets us samplethe
spaceof valid deformedsurfacesto build a representatie databasewhich canthenbe
usedto derive low-dimensionalshapemodelsusing a simple dimensionalityreduction
technigue.We will shov thatthesemodelsare effective to capturethe deformationsof
objectssuchassheetof papersor expandingballoonsfrom monoculawvideosequences.

2 RelatedWork

Capturingsurfacedeformationdgrom a singlevideostreamis acknavledgedto beamas-
sively underconstrainedoroblemif onedoesnot limit the rangeof possiblecon gura-
tions. Existingapproachesanbe classi ed into two broadcateyories: Physically-based
methodsseekto parameteriz¢he surfacesin termsof the variablesof a dynamicsystem
that approximateghe real physics, while example-basedechniquegely 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 contritutedmostto popularize
physically-basednodelsin the ComputerVision community The approactwasinitially
strictly 2—D, but was soonextendedto 3—D surfacemodeling,by using deformablesu-
perquadricq14, 6], triangulatedmesheqd1], or thin-platesplines[10]. Unfortunately
thesemodelingtechniquesendto producemodelswith too mary degreesof freedomfor
reliable tting to monoculasequencesAn approacho reducinghenumberof degreesof
freedomis to performmodalanalysig12, 5, 7]. The objects behaior is thendescribed
by superposingdts naturalstrainandvibration modes. However, this implies linear as-
sumptiongthat do not hold whenthe deformationdbecomdarge. The useof non-linear

nite elementhasbeeninvestigatedin the medicalimagingandanimationcommunities
for volumetricreconstructiorand simulation[8, 13]. However, for 3—D surface tting
purposessuchmethodshave only beendemonstratetbr recoveringrelatively simplede-
formationsfrom rangedata[15] andrequirepreciseknowledgeof the object's material
propertieswhich maybehardto obtain.

Sinceit is dif cult to accuratelymodelthe physicsof deformablesurfaces.example-
basednethodsareanattractive alternatve. They involve creatinga databasef represen-
tative shapesandusingthemin conjunctionwith a statisticaldimensionreductiontech-
nigueto learnamodelwith comparatrely few degreesof freedom.For example thework
of BlanzandVetteron facialshaperecovery [4] andanimation[3] relieson a deformable
facemodelbuilt in thisway. Thedatabasé madeof 3—D mesheghatwere tted to laser
scansandalignedsothatspeci ¢ verticesalwayscorrespondo the samefacial features.
The shapemodelis learnedby performingPrincipal Componentnalysison the vectors
formedby concatenatinghe 3—D coordinate®f the meshverticesandonly retainingthe
mostsigni cant componentsSimilar approachesveresuccessfullyusedto derive artic-
ulatedmotionmodels[2]. However, gatheringandregisteringenoughexamplesto build
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Figure 1: Trackingdeformingsurfacesin monocularvideos. (a, b, ¢) 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.

ameaningfuldatabasagain represented very signi cant amountof work.

The dif culties involved in creatingthe databasesave limited the spreadof these
example-basedpproacheto otherapplications.Thisis theissuewe addresserein the
caseof genericdeformablesurfaces.



3 Creatingthe Deformation Model

Our approachs built on onekey insight: The shapeof a surfacethatsmoothlybendsand
stretcheganalwaysberepresentelly atriangulatedmeshwhoseverticesareequidistant,
providedthefactthatoneallowstheverticegto slideacrosghesurface.ln otherwords,we
canlearnalargerangeamongall the possibledeformedshapedrom a setof inextensible
meshesThesearemeshesvhoseedgesare constrainedo retaintheir lengthandwhose
only dggreesof freedomarethe anglesbetweerthefacets.

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
usingtheseparametersindthereforeproducea representagie setof shapedy randomly
samplingthem.We exploit thisto createa databasef mesheshatarenaturallyregistered
to one anotherand are thereforedirectly amenableo dimensionalityreductionusinga
simpletechniquesuchasPCA.

3.1 Parameterizing Inextensible Meshes

We represensurfacesastriangulatedneshesvhoseverticeslay onanM £ N rectangular
grid, suchasthe onedepictedby Fig. 2. If we constrainthe lengthslg andl; to be the
samefor all horizontalandvertical edgessucha meshhasfar fewer degreesof freedom
thanthe3£ M £ N onesrequiredto individually specifythevertex coordinates.

1o (a) 1o (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, asshovn in 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 manner it can be 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), aroundthe edgeit sharewith thefacetbelow for thelowerleft oneandaround
its neighborto theleft for the upperright one. The 3-D coordinate®f all verticesin the
row &anthen be recursively computedasthe intersectionof threespheresf radiilg, 11,

and 12+ 12 centeredatverticeswhosecoordinatedhave alreadybeencomputed.

In short,giventhehorizontalandverticallengthsly andl4, aninextensiblesurfacecan
be parameterizeth termsof four setsof angles:

2 aj;0- i< Mj 1:Orientationof theleft triangleof columni in the rst row.



2 p;0- i< Mj 1:Orientationof theright triangleof columni in the rst row.
2 g;1- j< Nj 1:Orientationof theleft triangleof row j in the rst column.
2 dj;1- j< Nj 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 aj, b;, g;, dj.

3.2 Samplingthe Deformation Space

We sampledthe spaceof deformedsurfacesby letting the anglesdiscussedabove vary
randomly betweentwo x ed bounds. To cover the whole rangeof shapeswe could
samplethe spacespannedy thefao;:::;a,\,|i 2:b0; i by 23 G i NG 255t 0 O 20
As thiswouldstill requireahugenumberof sampleswe chosansteado samplesachone
of thefour setsof anglesindependentlyo producesurfacessuchasthoseof the bottom
row of Fig. 3. As will beshavn in Section3.3, this doesnot reducethe generalityof the
approach.

In practice,we useM = 30, N = 20, and chooseanglesin the range[j p=6;p=6].
Thesevaluesyield surfaceswith potentiallylarge globalcurvaturebut thatremainlocally
smooth suchastheonesof Fig. 5. We generatéd0 randommeshedor eachsetof angles.
As will bediscussedn thenext sectionthesemeshesreto be usedto performPrincipal
Componenfnalysis. Sincewe areconsideringsymmetricsurfaceswe wanttheresulting
componentgo be assymmetricas possible. Thereforewe symmetrizeour 50 samples
asfollows. Whensamplingthe f bjg andf d;g angles,we alsoincludethe symmetrical
counterpartgo our sampleswith respectto the x andy coordinateswhich resultsin a
total of 200 mesheseingaddedto the databasdor eachof thesesetsof angles.In the
caseof thef ajg andf g g angles,a singlesymmetrysufces, resultingin a total of 100
meshedeingaddedto the databasdor eachof thesesetsof angles. Thesesymmetries
also give us modelshuilt startingfrom ary of the four corners,and not only from the
bottomleft one. Finally, we endup with a databaseontaining00 meshexamplesfor a
totalof 2E (M 1)+ 2£ (N 2)+ 1= 95degyreesof freedom.



3.3 Principal ComponentAnalysis

To furtherreducethenumberof parametersequiredto represenburdeformablesurfaces,
we usePrincipal Componentnalysis (PCA). Sinceall databaseneshedave the same
topology we form a3£ M £ N vectorfor eachoneby concatenatinghe coordinatef
its vertices. By running PCA on thesevectorsandretainingonly the rst N; << 3MN
principalcomponentsye canapproximatehevectorof coordinate®f ary meshas

Ne
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where s the vector correspondingo an undeformedmesh,the S, are the principal
componentor 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 producedendingand,to the secondgextension.Thisis an
importantfeatureof our approach:Even thoughthe databaseontainsonly inextensible
meshesthe resultingcomponentsllow the modelingof global shrinkageandextension,
afactthatwe will exploit in Section5.2.
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Figure4: Modalbehaior. In both gures, ﬁtheaveragenesh,is shavnin red. Theother
two areobtainedby takinga singlewy to benonzero. A positive value of thatwy yields
the greenmeshanda neggative onethe meshshowvn in blue. (a) Bendingfor k= 9. (b)
Extensionfor 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 generatec numberof syntheticmeshesuch
asthe onesof Fig. 5 by simultaneouslyandomizingall the anglesandveri ed thatwe
canuseour N; = 50 principalcomponentso accuratelyt theresultingshapes.

Figure5: Fitting surfacescreatecby varyingall setsof anglessimultaneouslyThe origi-
nal shapesareshavn 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 Ngps
obsenration equationsf theform ObgYPa(x;;Q) = g; 1- i- Ngps; WhereObgYPe s
a differentiableobjective functionassociatedo a particulartype of imagedata,x; a data
point,andg is anerrorterm. Herewe considetthefunctionsOb$®" andOb$%e derived
from point correspondenceendedgeinformationrespectiely:

2 Correspondence¥Ve nd interestpointsin the rst of consecutie pairsof images
andcomputecorrespondences thesecond Givenacoupleu; = (pil; piz) 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 Obs°" (u;; Q) to be the Euclideandistancein the imageplanebetweenthis
reprojectionand p?.

2 Boundaryandoccludingcontours.We projectthe targetobjectboundariesnto the
imageandsampletheprojectiongo look for the closesimageedge-pixl. We take
Obg$%e to bethe Euclideandistancebetweerthe projectionandanedge-piel. We
handleoccludingcontourssimilarly. We useOpenGLyvisibility computationand
hiddensurfaceremoval techniqgueso nd meshedgeghatcorrespondo occluding
contours We thensampletheseedgesandevaluateObss®¢ asdiscussedbove.

We will shav 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 remainconstanby introducinga penaltyterm

N\éert o g g )
Eb = a a (vivilg); 2)
i=1 VjZN(Vi)

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 "gos . .
E= 2 a Wiypg ObsYP? (xi; Q) 2+ WextEp ; 3)
i=0

wherethe wyypq areweightsassociatedo particularobsenation typesand designedso
thatthederivativesof all obsenationsareof commensurateagnitudeandwey is a user
de ned weight. A small,or zero,wey allowsthe meshto stretchor shrink.

5 Results

Herewe demonstratéherobustnes®f ourapproactor trackingobjectsundegoinglarge
deformationsWe provide the correspondingideosassupplementarynaterial.
5.1 InextensibleSurfaces

We rst appliedourmethodto trackingdeformablebut inextensiblesurfacesn monocular
sequencesNot only doesthe Q statevectorthatcontrolsthe shapecontainrelatively few



parametersbut we do not needa curvatureregularizationor smoothingterm. Simply
keepingthe numberof principalcomponentsve uselow is enoughto enforcesmoothnes.
However, we hadto x somecoordinatef the meshego avoid ambiguitiesdueto the
choserviewpoints.

Fig. 6 depictsthe trackingof a pieceof paperstartingfrom an undeformedosition.
Eventhoughthereis texture at only one placeon the paper the whole model deforms
correctly Thisincludesthebackof thesheethatis notactuallyseenn thevideo. Another
deformingsheetof paperis shavn in Fig.7. The chosenviewpoint 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 adifferentviewpoint. Notethateventhe backdeformscorrectly

Figure 7: Anotherdeformingsheet. Top row: Projectedwireframe. Bottom row: De-
formedmeshshadedndseenfrom a differentviewpoint.

Fig. 8 shanvsthebehaior of ouralgorithmwhenappliedto a morecloth-like material
thatis more e xible andrequiregheuseof 45 principalcomponentisteadf the30used
before. The deformationis mostly perpendiculato theimageplane,which again makes
it challengingto track. As canbe seenin the video we supply the reprojectedshape
closelymatcheghe objectin theimages exceptoccasionallynearthe corners.This can
beattributedto thefactthat,becaus¢hefabricis very textured,our approacho detecting
edgescanbecomeconfusedandshouldbereplacedby a moresophisticateane.



Figure8: Deformingfabric. Theresultsare displayedin the samemannerasin Fig 6.
Sincethe fabricis highly textured,bordersof the meshare sometimesnismatchedvith
textureedgesresultingin smallmisalignments.

5.2 StretchableSurfaces

We usedanin ating andde ating balloonto testour algorithm's behaior whenthe sur
facecanglobally stretchor shrink. In all the balloonexamplespresentedhere theinitial
meshshapesvereobtainedby scanninghe balloonsbeforestartingin ation or de ation
and tting our meshmodelsto the scans.

All theresultsshavn abore involvedthe useof the penaltyterm Ep of Eq. 2 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.Themeshthen
expandsalongwith the balloon,whichis madepossibleby principalcomponentsuchas
the onedepictedby Fig. 4(b). As shavn in Fig. 1(d), the oppositebehaior is obsered
whentheballoonde ates.

Figure9: Trackinganin ating balloonwith an extensiblemesh.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 presente@dnapproactto creatinga low-dimensionamodelof the
smoothdeformationsthat inextensiblesurfaces,suchas sheetsof paper and extensibl
ones,suchas balloons,undego. It relies on a novel parameterizatiorof inextensible
surfaceghatletsus rst effectively samplehespaceof all possibledeformationsandthen
derive thelow-dimensionamodelusinga simpledimensionalityreductiontechnique.



The resultingmodelshave proved effective for monocular3—D tracking of surfaces
undegoinglarge deformations.The setof shapesve produceis however far from linear
and PCA may not be the bestpossibleapproacho dimensionalityreduction. In future
work, we thereforeintendto explore the useof non-lineartechniquego reducethe re-
quirednumberof parametersvenfurther
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