Deformable Surface Tracking Ambiguities

MathieuSalzmannyincentLepetitandPascalFua
ComputeVision Laboratory
EcolePolytechniquééderalede LausannéEPFL)
1015LausanneSwitzerland

f mathieu.salzmann,vincent.lepetit,pascal.fua

Abstract

We study from a theoetical standpointthe ambigui-
ties that occur whentracking a generic deformablesur
faceundermonocularperspectiveprojectiongiven3-D to
2-D correspondencesWe showthat, additionally to the
knownscaleambiguity a setof potentialambiguitiescan
beclearlyidenti ed.

From this, we deducea minimal set of constaints re-
quiredto disambiguatehe problemand incorporate them
into a workingalgorithmthatrunsonreal noisydata.

1. Intr oduction

Without a strong model, 3—-D shaperecovery of non-
rigid surfacefrom monoculavideosequenceis aseverely
underconstrainegbroblem.Priormodelsarerequiredto re-
solve theinherentambiguities.

Many approacheto creatingsuchmodelshave beenpro-
posedsuchasphysics-basechodels[10, 11, 3, 5, 9], fea-
ture point-basedstructurefrom motion algorithms[13, 7,
16] andmachinelearningtechniques[2, 12, 8]. However,
aswill bediscussedn Section2, thesemethodstypically
male restrictve assumptionshat preventthemfrom being
completelygeneral.

Furthermorewe are not aware of ary formal study of
the ambiguitieswhenexplicitly reconstructingleformable
surfacesin the total absenceof prior knowledge,or of the
numberof constraintshatmustbesuppliedto resohethem.
In this paperwe addresshisissuefrom atheoreticaktand-
point and shav how sucha theoreticalunderstandingan
be translatedinto working algorithmsthat make minimal
assumptionsn therangeof possiblesurfacedeformations.

As shown in Fig. 1, we focushereon surfacesthat are
texturedenoughto let us establish3—D to 2—-D correspon-
dencedetweerinterestpointson the surfaceandtheirim-
age locationsbut whosephysical propertiesmay be very
different.Requiringtextureis alimiting assumptiorbut our
approacheverthelessepresenta key steptowardsdesign-
ing video-basedrackingalgorithmsableto reconstructhe
deformationsof classef deformablesurfaceswhosebe-

g@epfl.ch

B\

RN &
NS
NRKRRA

Figure 1. Reconstructiorof deformablesurfacesfrom video se-
guenceswith minimal a priori knowledge. We constrainthe re-
constructiorof thedeformingsheebf paperandof themuch e x-
ible plasticsheetin the samemannereventhoughthey have very
differentphysicalproperties.

havior is notknown a priori: Givenarobustalgorithmable
to recoverthe deformation®f sucha surfacewhenit is suf-
ciently textured,it will becomefeasibleto constructarge
trainingsetsof suchdeformationsto usethemto learnlow-
dimensionaldeformationmodels;and nally to usethese
modelsto recover the shapeof surfacesof the sameclass
eventhoughthey maybelesstextured.

More speci cally, we modelour surfacesastriangulated
mesheseenunderperspectie projection. Computingthe
3-D coordinate®f its verticescanbeachievedby solvinga
largelinear systemwhoserankandsingularvalueswe can
easilycompute.Thiswill allow usto shav that:

Given sufciently mary noise-freecorrespondences,
the coordinatescan be retrieved up to a single scale
ambiguity

In practice theimagelocationsof thecorrespondences
arenever perfectandthe resultingambiguitiescanbe
attributedto the presencef very smallsingularvalues
in the linear system. Theseambiguitiesactually cor-
respondto thoseof a piecavise af ne model, which
introducesanextra depthambiguityfor eachvertex.

The ambiguitiescanbe resohed by consideringa se-
guenceof imagesinsteadof a single oneandimpos-
ing a very simple dynamicsmodel that links the re-
constructionsn consecutre images.This resultsin a
muchlargerlinearsystenbut of full rankthanksto the
additionalmotionconstraints.



We will show thatfor surfaceswith physicalproperties
asdifferentasthoseof the sheetof paperandthe pieceof
plasticof Fig. 1, the samesetof genericconstraintsallows
usto resohe the ambiguities. As a result,we canretrieve
their overall shapeasthey deform,eventhoughthe corre-
spondencewe useareautomaticallyestablishe@ndthere-
fore containmary errors.

2. Related Work

Recweringtheshapeof adeformingsurfacein amonoc-
ular sequenceequiresprior knowledgeto make the prob-
lemtractable Marny differentapproachebave beenstudied
overtheyears,mostof which make very strongandrestric-
tive assumptionaboutthe objectof interest.

Physics-basedeformationmodelshave beenusedex-
tensvely to adda qualitative knowledgeaboutthe objects
behaiour. The original 2-D modelswere rst appliedto
shaperecovery [6], but have alsobeenusedfor 2—-D sur
faceregistration[1]. They have rapidly beenadaptedto
3-Dundertheform of superquadricfLQ], triangulatedsur
faced3], orthin-platesplineg9]. To reducethedimension-
ality of the problem,linearity assumptionfave alsobeen
madeon thosemodelsthroughmodal analysis[11, 3, 5].
Eventhoughthesemodelshave beenextremelysuccessful,
theimply someknowledgeof the pseudo-physicgbroper
ties of the surface,which may not be available. Further
more, the compleity of modelinga true nonlinearbeha-
ior tendsto restrictthemto caseswvherenonlinearitiesare
small.

Structurefrom motionmethodshave alsobeenshovn to
be effective. They rely on featurepointstracked througha
sequencedo retrieve the deformedshapeof a surface. A
commonassumptionin such methodsis to considerthe
deformationsas being a linear combinationof basesvec-
tors[7], which canbelearnedduringthe procesg13]. This
of coursedoesnot correspondo the true behaiour of a
surfacewhich, by nature,deformsnonlinearly A slightly
differentapproachis to considerpieceavise rigid deforma-
tions[16]. In this case rigid objectsare moving indepen-
dently, andthe motion of the whole sceneis consideredhs
adeformation.This, again,introducesa strongprior, which
in generals notvalid for a deformablesurface.

Machinelearningtechniquesave known anincreasing
popularityin the pastfew years. They make useof train-
ing datato build a modelthat canthenbe appliedto track
objectsfrom monocularimages. Even thoughnonlinear
dimensionalityreductionmethodshave proved successful
in the caseof humanmotion [14], most applicationsto
deformablesurfaceshave beenlinear Active appearance
models[4] pioneeredthis approachin the 2—D caseand
have sincebeenextendedo 3-D [8]. Morphablemodelg?2]
rely on the samephilosophyto build 3—D deformableface
models.Recently[12] appliedthis ideato deformablesur

facetracking,andcreatedatrainingsetof deformedshapes
by varying anglesbetweenthe facetsof a mesh. How-
ever, their training dataare far from correspondingo re-
ality. Machinelearningmethodshave proved ef cient, but
suffer from the needof goodtraining setswhich might be
hardto obtain,especiallyin thecaseof deformablesurfaces.

Finally, it wasrecentlyshown that texture and shading
information could be combinedto retrieve the shapeof a
deformablesurface[15]. However, very strongassumptions
onthelighting environmentmustbemade andthereforethe
methodlacksgenerality

The ultimate goal of our researchs to solve the prob-
lem of building training setsof deformablesurfacesfrom
textured objectsand with minimal prior knowledgeof the
feasibledeformations.This would constitutea good start-
ing point to learnaccuratedeformationmodelsthat could
thenbe appliedto lesstextured surfacesof the samekind.
We thereforeseethis theoreticalstudy asa necessargtep
towardsfully understandinghe problemwe arefacingand
shaving that a few reasonableassumptionscan male it
tractable.

3. Single-ImageAmbiguities

We represensurfacesas 3-D triangulatedmeshesand
assumehat we are given a setof 3—D to 2-D correspon-
dencesetweersurfacepointsandimagelocations.In this
sectionwe shaw thatrecoveringtheshapeamountdo solv-
ing anill-conditionedlinear system.We thenshaow thatthe
degeneraciespr neardegeneraciespf this systemcorre-
spondto depthambiguitiesthat can be explainedin terms
of apiecaviseaf ne projectionmodel. Sincewe useasin-
gle cameraandassumats internalparameterso beknown,
we expressall world coordinatesn the camerareferential
for simplicity andwithoutlossof generality

3.1 Ambiguities under Perspective Projection

In this section we formulatethe computatiorof the 3—D
meshvertex coordinategjiventhecorrespondenceés terms
of solvinga linear systemanddiscussts degeneraciesWe
startwith ameshcontaininga singletriangleandextendour
resultto acompleteone.

Projection of a 3—D SurfacePoint Letx; bea3-D point
whosecoordinatesare expressedn the camerareferential.
We write its perspecitie projectionas
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whereA is theinternalparametersnatrix,andk; ascalar
If x; lies on the facetof a triangulatedmesh,it canbe
expressedas a weightedsum of the facetvertices. Eq. 1
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wherev; .1 ; 3 arethe 3-D coordinatevectorsof the ver-
ticesand(a;; b; ¢) thebarycentriccoordinate®f x;.

Reconstructinga SingleFacet Letusassumehatwe are
givenalist of n such3—-Dto 2—D correspondencedsr points
lying insideonesinglefacet. Thev;.; ; 3 coordinateof
its verticescanbe computedy solving
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wherethek; aretreatedasauxiliary variablesto be recov-
eredaswell.

We could have hopedthat, for n > 4, the columnsof
M ¢ wouldbecomdinearlyindependenandthatthe system
would then have a unique solution. However, this is not
whathappens.

To provethatM  is rank-de cient,we show thatits last
columncanalwaysbewritten asalinearcombinatiorof the
othersasfollows. FromEq. 2 we canwrite

Un
@A = aA 1+ A 2+ GA 3 (4)
1
where j = vj=k,forl j 3. Foralll i< n,we
have
aA 1+bA 2+GA 3 =  Fa, DA, Sa,
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Thisimpliesthatthelastcolumnof theM ; matrixof Eq.3

is indeedalinearcombinatiorof the previousoneswith co-

efcients ( 175 27; 3'; ki=kn:: kn 1=kn). Thus,

in generalM ; hasfull rankminus1.

Reconstructing the Whole Mesh If we now considera

meshmadeof n, > 3 verticeswith atotal of m correspon-
dencesEg. 3 becomes
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Coefcients similarto thoseof Eq.4 canbederivedto com-
pute(Um;Vm; 1)T asalinear combinationof the non-zero
columnsof the lastrow. Sincethesecoefcients only de-
pendonky, , onthemeshverticesandon theprojectionma-
trix, it caneasilybe checledthat, asin the singletriangle
case,the last column of the matrix canbe expressedasa
linearcombinationof the others.

Thus matrix M o, of Eq. 5 hasstill full rank minus 1.
This wasto be expectedandre ects the well-known scale
ambiguityin monoculawision.

Representinghe problemasin Eq. 5 wascorvenientto
discussthe rank of the matrix. However, in practice,we
wantto recoverthevertex coordinatedut arenotinterested
in having thek; asunknowns. We thereforeeliminatethem
by rewriting Eq.5 as
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whereA 3 representthelastrow of matrix A andA , ;its
rst two rows. By constructionthe matrixin Eq. 6 hasthe
samerank as matrix M r,,, thereforethe following results
arevalid for bothrepresentationsf the problem.

Effective Rank In the previous paragraphwe shoved
thatM ,, hasat mostfull rank minusone. However, this
doesnottell thewholestory: In generaljt isill-conditioned
and mary of its singularvaluesare small enoughso that,
in practice,it shouldbe treatedasa matrix of even lower
rank. To illustratethis point, we projectedrandomlysam-
pled pointson the facetsof the synthetic88 verticesmesh
of the top row of Fig. 2 usinga known cameramodel. We
thencomputedhe singularvaluesof matrix of Eq.6, which
we plotin Fig. 3.

In Fig. 4, we shaw the effect of addingtwo of the corre-
spondingsingularvectors—onessociatedo the zerosin-
gularvalueandthe otherto a small one—tothe meshin its
referenceposition.



Figure 2. Reconstructingan 88-vertex meshusing perfectcorrespondencethat were corruptedusing zero-meanGaussiamoise with
variance ve,whichis muchlargerthanwhatcanbeexpectedof automatednatchingtechniqueTop. Theoriginalmeshandreconstructed
oneprojectedn the syntheticview usedto createthecorrespondence#s expectedthe projectionsmatchvery closely Bottom. Thetwo

mesheseenfrom adifferentviewpoint.
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Figure3. Singularvaluesof the matrix of Eq. 6 for the 88 vertex
meshof Fig. 1. Note how the valuesdrop down afterthe 2n, =

176" one, as predictedby the afne modelof Section3.2. The
small graphon theright is a magni ed versionof the part of the
graphcontainingthesmallsingularvalues.Thelastoneis zeroup
to the precisionof the matlabroutine usedto computeit andthe
othersarenotvery muchlarger

(a) (b)
Figure4. Visualizingvectorsassociatedo small singularvalues.
(a) Referencameshand meshto which onethe vectorshasbeen
addedseenfrom the original viewpoint, in which they arealmost
indistinguishable(b) The sametwo mesheseenfrom a different
viewpoint. (c) The referencemeshmodi ed by addingthe vec-
tor associatedo the zerosingularvalue. Note that the resulting
deformationis closeto beingascaling.

Eventhoughonly oneof thesevaluesis exactly zero,we
canseethatthey dropdown drasticallyafterthe rst 2n, =
176. This shawsthat,eventhoughthe matrix may have full
rank minus 1, the solution of the linear systemwould be
very sensitve to noise. Therefore,in a real situation,we
would actually be closerto having n, ambiguities,which
canbe understoodn termsof the piecavise af ne model
we introducebelow.

3.2 Ambiguities under PiecewiseAf ne Projection

A piecaviseaf ne cameramodelis onethatinvolvesan
afne transformfor eachfacetof the mesh. This approxi-

mationis warrantedf thefacetsaresmallenoughto neglect
depthvariationsacrosghem.

Projection of a 3—D SurfacePoint Letx; bea3-D point
whosecoordinatesareagainexpressedn the camerarefer
ential. We write its projectionto a2-D imageplaneas

Kk Ui

v =Px; ; P=A% 1, ;|0 ; (7)
I

wherek is a depthfactorassociatedo the afne camera
andACisa2 2 matrix representinghe internalparame-
ters.As in Section3.1,we studytheambiguitiesfor amesh
containing rst asingletriangleandthenmary.

Reconstructinga Single Facet We canagainwrite alin-

ear systemfor a singletriangle containingn 3-D to 2-D
correspondencesyith 3—D pointsgiven by their barycen-
tric coordinates
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Sincewe only have onefacet,we alsoonly have onepro-
jectionmatrix, thereforea singlek correspondingo the av-
eragedepthof the facetis necessaryandall (u;;v;)T can
beputin thesamecolumn.

SinceP isof size2 3, it hasatmostrank2. Moreover,
we canshaw thatthe last columnof the global matrix also

is alinearcombinationof thetwo rst columnsof P

Ui

1
Vi = PE(aiVI +bva + Gva)

= A%o0 %(aivl +biva + cvs)
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Thecoefcients of Eq.9 areindependentf the correspon-

denceconsideredand are thereforevalid for ary row i of

the matrix. This nally meanghat,whenn 3, therank

of thematrix of Eq. 8 is always6.



Reconstructing the Whole Mesh As discussedabove,
whenthereareseveraltriangles,usingthe piecavise af ne

modelamountgo introducinga projectionmatrix perfacet.
However, sincein reality we only have onecamerajts in-

ternalparametersiotationmatrix, andcenterareboundto
bethe samefor eachtriangle. This only letsuswith a vari-
abledepthfactork; for eachfaceti amongthen; facetsof
themesh.We canthenwrite the system

= M{[MJ (10)

a;P b1P c1P 0

0 bP ¢P djP 0 S 0
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M E , Whichis of size2m  3n,,, m beingthenumberof cor-

respondences$iasat mostrank 2n, becausd® hasrank 2.

Similarly, M g , whichis of size2m n;, hasat mostrank
n: 1, becausave canagainshaw thatits lastcolumnis a
linearcombinationof the previousonein a similar manner
aswasdonefor the perspectie casewith thecoefcients of

Eq.9. Thismeanghatfor afull meshM &, hasatmostrank
2n, + n;y 1. Thisleavesuswith n, + 1 ambiguities.This

againseemsaturaldue rst to thesamescaleambiguityas
in theperspectie caseandsecondo thefactthatnow each
vertex is free to move alongtheline of sight. This number
correspond$o thenumberobsenedin the perspectie case
of Section3.1, exceptthat,in theaf ne caseaglobalscale
is differentfrom all verticessliding alongthe line of sight,

which producesanextrasingularvalue.

4. Weak but Broadly Applicable Constraints

Sincethelinear systemsf Section3 arerank-de cient,
weneedo introduceadditionalconstraintso obtainaccept-
ablesolutions.In essencethis is whatall the model-based
methodgliscussedh Section2 do. However, they typically
involve very speci ¢ assumptiongsbouteitherthe physical
propertiesor therangeof possibledeformationf the sur
facesathand,whichis veryrestrictive.

In this section,we shav that a muchwealer and more
broadlyapplicablesetof constraintsufces: Sincewe deal
with video sequencesye canassumehatthe surfacedoes
notmoverandomlybetweertwo frameswhateverthephys-
ical propertiesof the target surface. We thereforeperform
the reconstructiorover several framessimultaneoushand
simply limit therangeof motionfrom frameto frame.

We shaw herethatthis canbe expressedsa setof addi-
tional linear constraintg¢hat make our linear systemswell-

conditioned,rst in theaf ne caseandthenin theprojective
one.

4.1 Constraining the Af ne Reconstruction

Givenatemporalsequencef n; imagesandthe corre-
spondingmatricesM ' © 1 ' "' of Eq. 10, we cancreate
ablock diagonalmatrixwhoseblocksaretheM 9, ' anduse
it to write a big linear systemthatthe vertex coordinatesn
all framesmust satisfy simultaneously However, without
temporalconsisteng constraintsthe ambiguitiesremain:
As discussedn Section3.2, whenthe cameracoordinates
are alignedwith the world coordinatesyreconstructionis
only possibleup to an unknovn motion along the z-axis
for eachvertex at eachtime step.To mitigatethis problem,
it is thereforenaturalto link the z value of verticesacross
time. Thesimplestway to do thisis to write

vift vi=0 (11)
for all verticesandall times. Theseconstraintsandthose
imposedby the 3-D to 2-D correspondencesanthenbe
imposedsimultaneoushypy solvingwith respecto

Ms =b; (12)
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2/ ™S and 2t are the z-coordinateof vertex i in the

rst andlastframes,in which we assumdhatthe shapes
known, andC isann,  3n, matrix containingasingle1
in eachrow, which correspondso the z-coordinateof one
vertex.

Thenumberof constraintsve addin thismanneiis equal
to the numbern, of ambiguitiesthat we derived in Sec-
tion 3.2. Thereforeit affectsthe rank of M 5, andreduces
thenumberof ambiguitiedo zeroasshovnin Fig. 5. More-
over, theseconstraintglo not overlapwith theonesmposed
by the correspondenceandcanthenbeconsideregsmin-
imal.
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Figureb. Singularvaluesfor a5 framessequencenderaf ne pro-

jection. Left Without temporalconsisteng constraintsbetween
frames,the linear systemhasmary zero singularvalues,which

impliesseverereconstructiommbiguities.Right Constraininghe

z coordinatesisdiscussedn Section4.1 leavesthe nonzerosin-

gularvaluesunchangedut increasethe value of the others,thus
removing theambiguities.

In practicethe correspondencemenever perfectandin-
cludenoiseandoutliers. We thereforesolve Eq. 12 in the
least-squaresenseandtake to be

=argmn(Ms b)TW(Ms b); (13)
whereW is a diagonalmatrix of onesfor thelines corre-
spondingo projectionconstraint@andauserde nedweight
for thosethat correspondto the depth constraints. The
weight is designedto give comparablein uence to both
classesof constraintsand directly affects how much the
smallsingularvaluesincrease.

4.2 Constraining the Perspective Reconstruction

In Section3.2, we shaved that ambiguitiesunderper
spectve projection are similar to those under piecavise
afne projection. It is thereforenaturalto constrainthere-
constructiorin a similarway, thatis by limiting themotion
alongthe line-or-sight. However, sinceit is not parallelto
the z-axis anymore, the constraintdbecomemore dif cult
to express.

Let usconsideronevertex v of the meshattimest and
t + 1. We cantry minimizingd = v'v'*l e, thelength
of the projectionon the line-of-sightof the viv!*! vector
wheree is thevectorcv' afternormalizationandc repre-
sentsthe optical centerof thecameraThedif culty comes
from the factthatthis constraintis nonlinearandcanthere-
fore notbeintroducednto our linearformulation.We over-
comethis problemby replacingthe exactformulationof d
by anuppermoundthatcanbeexpressedinearly asfollows:
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Figure6. Singularvaluesfor a 5 framessequenceinderperspec-
tive projection.Left Withouttemporalconsisteng constraintde-

tweenframes thelinearsystemis rank-de cient. Right Bounding

theframe-to-framalisplacementalongtheline of sightusingthe

linear expressionof Eq. 14 transformsthe ill-conditioned linear

systeminto a well-conditionedone. The smallersingularvalues
have increasecand are now clearly non-zero. Sinceour motion

modelintroducesnoreequationghanstrictly necessarythe other

valuesarealsoaffected,but only very slightly.

wherexc; Yy andz; arethe coordinatef a vertex in the
cameraeferencesystemand 7 and " arethe max-
imum anglesbetweerthe cameracenterandthe pointspro-
jecting on the left/right, andupper/laver borderof the im-
age,respectiely.

As in Section4.1, theseconstraintsandthoseimposed
by the 3—D to 2—-D correspondencesanbeimposedsimul-
taneously We rewrite Eq. 12 by replacingthe M ¢, ' matri-
cesof Eg. 10 by the matrix of Eq. 6 andthe C matricesby
3ny 3n, matricescontaininga singlevaluein eachrow
thatwill constrainthex-, y-, or z-coordinateof onevertex.
This valueis setto oneof the threecoefcients of Eq. 14,
dependingn which coordinatethe row correspondso.

Fig. 6 shavshow thesingularvaluesof thesystemareaf-
fectedby introducingour depthconstraintsAs in theaf ne
case,we canseethat the smallersingularvalueshave in-
crease@ndnow clearlydifferentfrom zero. Sincethis was
our only goal in adding constraints this justi es our ap-
proachto liberalizationby minimizing the upperboundof
d of Eq. 14 insteadof d itself. Notethatbecausave added
moreequationghanwasstrictly necessarytheothersingu-
lar valuesalsoincreasedbut only very slightly.

5. Experiments

In the previous sections,we developedtheoreticalba-
sis for reconstructingthe shapeof a deformablesurface
from 3—Dto 2-D correspondences avideosequenceWe
shavedthatconstraininghevariationsin depthfrom frame
to frameis sufcient, in theory to formulatethereconstruc-
tion problemin termsof solving a well-conditionedlinear
system.In this section,we shawv thatthis indeedproduces
valid reconstructionfn practice.

We presentesultsobtainedusingbothsynthetiodataand
realimages.In both casesthe deformationsof the meshes
were retrieved by solving the linear systemof Section4
for whole sequencesvith known deformationsn the rst
andlastframes.ThiswasdoneusingMatlab 'simplemen-
tation of sparsematricesand resolutionof linear systems



Figure 7. Distancebetweerthe original meshandits reconstruc-
tion for eachoneof the 9 deformedversionsof the meshof Fig. 2.
We plot ve cures correspondingo vertex-to-surfacedistances
obtainedwith varianceoneto vegaussiamoiseonthecorrespon-
dences.The distancesare expresseds percentagesf the length
of themeshlargestside.

with known covariancematrix in the leastsquaresense.n
ourexperimentsthe covariancematrix simplyis theweight
matrix of Eq. 13, which weighsdifferently the correspon-
dencesquationsandthe constraints.

5.1 Synthetic Data

We deformedthe 88-vertex meshof Fig. 4(a)to produce
9 differentshapesand 9 correspondingetsof 3—-D to 2—
D correspondencessing a perspectie projectionmatrix.
We thenaddedGaussiamoisewith meanzeroandvariance
rangingfrom oneto ve to the imagelocationsof these
correspondencedrig. 2 depictsthe reconstructiorresults
overlaidon the original meshwith noisevariance ve. The
differencesarehardto see,eventhoughthis representsar
lower precisionthanwhatcanbe expectedof goodfeature-
point matchingalgorithms.

To quantifythe differencebetweerthe mesheswe plot
thedistancedetweerthetwo meshesn Fig. 7 for eachone
of 9 differentshapesgivenincreasingnoisevariance.The
distancesare expressedis percentagesf the meshlargest
side. With a noisevarianceone, they are of the order of
0.25%for vertex-to-surfacedistance which works out to
0.025cmfor a 10cm 7cmmesh. This is very small given
thatwe incorporatevery little a priori knowledgeinto our
reconstructioralgorithm.

5.2 Real Data

We now presentresultson two real monocularvideo
sequencesacquiredwith an ordinary digital camera. The
longestone is 250 frameslong, which shaws that, even
thoughour approachnvolvessolving a very large system,
it is sparseenoughto usea standardviatlab routine. In
both caseswe automaticallyestablish3—D to 2—-D corre-
spondencebetweerthe rst frame,wherethe 3-D poseis
assumedo be known, andthe othersby rst trackingthe
surfacein 2—-D usingnormalizedcross-correlationWe then
computecorrespondencdsy picking 10 randomsamplesn
eachfacetandlooking in eachframein anarealimited by
the 2-D trackingresultfor 2—D pointsmatchingtheir pro-

jectionsin the rst frame.To thisendwe usestandaratross-
correlation,which resultsin noisy correspondencesith a
numberof mismatchest placeswherethereis not enough
textureto guaranteeeliablematches.

Fig. 8 depictsour reconstructiorresultsfor a relatively
inelasticpieceof paperin a 250-framesequencandFig. 9
thosefor a much more e xible sheetof plasticin a 147-
frame sequence. In both cases,the global shapeis cor-
rect, which con rms that the ambiguitieshave beencor
rectly handled. However, becausave imposeno smooth-
nessconstraintof ary kind, therearealsolocal errorsthat
arecausedy the mismatchegpresentin our input data. If
the goalwereto derive a perfectshapefrom a setof noisy
correspondencesje could mitigatethe effect of erroneous
matchesby introducinga robust estimatorinto the least-
squaregminimization of Eq. 13. However, we will argue
in thefollowing sectionthatthis maynotactuallybe neces-
saryfor theapplicationwe have in mind.

Sinceour techniquedoesnot introduceary prior onthe
physicalpropertiesof thetargetsurface we wereableto re-
constructboththe paperandplasticwithout changingany-
thingto our system.lt is not clearthatthiswould have been
the casehadwe useda physics-basedpproactor ary other
that implicitly limits the rangeof deformationof the sur
face.

6. Conclusion

In this papemwe have presente@theoreticaktudyof the
ambiguitiesthat arise when reconstructingdeformable3—
D surfacesfrom monocularvideo sequencesWe shoved
thatthey canbe interpretedn termsof thoseinherentto a
piecaviseaf ne modelandcanberemovedby simply con-
strainingthe frame-to-framevariationin depth. Theseare
very weak constraintghat are broadly applicablebecause
they do restricttherangeof possiblesurfacedeformations.

Whenusedin conjunctionwith realcorrespondences-
cludingnoiseandoutrightmismatchesheseconstraintare
sufcient to recoverthesurface notperfectly but with good
accurag neverthelessMore speci cally, we donot smooth
ourresultsat all becausét would defeatour basicpurpose,
which is to introduceaslittle a priori knowledge of the
surfaces physicalpropertiesas possible. As a result, our
reconstructionsnay containlocal deviationsfrom the true
surface. However, we do not believe this to be a majoris-
suegivenour ultimatepurpoself thegoalis to trackmary
surfacesto createa motion databasdrom which a motion
modelcanbe learned the deviationscanbe treatedasran-
domperturbationghatwill be eliminatedwhenobservinga
large numberof sequencesProving this to be the casewill
bethefocusof ourfuturework.



Figure8. Reconstructing deformingsheetof a paperfrom a 250-framessequenceTop Thereconstructeaneshis reprojectednto the
originalimagesandcloselymatcheghe outline of the paper Bottom The samemeshseenfrom the side. In spiteof local inaccuraciesn
depth,theoverall shapds correct,which indicatesthatthe ambiguitieshave beensuccessfullyesohed. A completevideois submittedas
supplementarynaterial.

Figure9. Reconstructiomesultsfor aplasticsheetwhichis muchmore e xible thanthesheebf paperof Fig. 8. In spiteof this, theoverall
shapeis againcorrectlyrecoveredup to smallerrorsdueto erroneousorrespondence#\ completevideois submittedassupplementary
material.
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