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Abstract
We study from a theoretical standpoint the ambigui-

ties that occur when tracking a generic deformablesur-
faceundermonocularperspectiveprojectiongiven3–D to
2–D correspondences.We showthat, additionally to the
knownscaleambiguity, a setof potentialambiguitiescan
beclearly identi�ed.

From this, we deducea minimal set of constraints re-
quired to disambiguatethe problemand incorporate them
into a workingalgorithmthat runson realnoisydata.

1. Intr oduction

Without a strongmodel, 3–D shaperecovery of non-
rigid surfacesfrom monocularvideosequencesis aseverely
under-constrainedproblem.Priormodelsarerequiredto re-
solve theinherentambiguities.

Many approachesto creatingsuchmodelshavebeenpro-
posed,suchasphysics-basedmodels[10, 11, 3, 5, 9], fea-
ture point-basedstructurefrom motion algorithms[13, 7,
16] andmachinelearningtechniques[2, 12, 8]. However,
aswill be discussedin Section2, thesemethodstypically
make restrictive assumptionsthatpreventthemfrom being
completelygeneral.

Furthermore,we arenot awareof any formal studyof
the ambiguitieswhenexplicitly reconstructingdeformable
surfacesin the total absenceof prior knowledge,or of the
numberof constraintsthatmustbesuppliedto resolvethem.
In thispaper, weaddressthis issuefrom atheoreticalstand-
point andshow how sucha theoreticalunderstandingcan
be translatedinto working algorithmsthat make minimal
assumptionson therangeof possiblesurfacedeformations.

As shown in Fig. 1, we focushereon surfacesthat are
texturedenoughto let us establish3–D to 2–D correspon-
dencesbetweeninterestpointson thesurfaceandtheir im-
agelocationsbut whosephysicalpropertiesmay be very
different.Requiringtextureis a limiting assumptionbut our
approachneverthelessrepresentsakey steptowardsdesign-
ing video-basedtrackingalgorithmsableto reconstructthe
deformationsof classesof deformablesurfaceswhosebe-

Figure1. Reconstructionof deformablesurfacesfrom video se-
quenceswith minimal a priori knowledge. We constrainthe re-
constructionof thedeformingsheetof paperandof themuch�e x-
ible plasticsheetin thesamemanner, eventhoughthey have very
differentphysicalproperties.

havior is not known a priori : Givenarobustalgorithmable
to recoverthedeformationsof suchasurfacewhenit is suf-
�ciently textured,it will becomefeasibleto constructlarge
trainingsetsof suchdeformations;to usethemto learnlow-
dimensionaldeformationmodels;and �nally to usethese
modelsto recover the shapeof surfacesof the sameclass
eventhoughthey maybelesstextured.

More speci�cally, wemodelour surfacesastriangulated
meshesseenunderperspective projection. Computingthe
3–Dcoordinatesof its verticescanbeachievedby solvinga
largelinearsystem,whoserankandsingularvalueswe can
easilycompute.Thiswill allow usto show that:

� Given suf�ciently many noise-freecorrespondences,
the coordinatescan be retrieved up to a single scale
ambiguity.

� In practice,theimagelocationsof thecorrespondences
arenever perfectandtheresultingambiguitiescanbe
attributedto thepresenceof verysmallsingularvalues
in the linear system. Theseambiguitiesactuallycor-
respondto thoseof a piecewise af�ne model, which
introducesanextradepthambiguityfor eachvertex.

� The ambiguitiescanbe resolvedby consideringa se-
quenceof imagesinsteadof a singleoneandimpos-
ing a very simple dynamicsmodel that links the re-
constructionsin consecutive images.This resultsin a
muchlargerlinearsystembut of full rankthanksto the
additionalmotionconstraints.



We will show that for surfaceswith physicalproperties
asdifferentasthoseof thesheetof paperandthepieceof
plasticof Fig. 1, thesamesetof genericconstraintsallows
us to resolve the ambiguities.As a result,we canretrieve
their overall shapeasthey deform,even thoughthe corre-
spondencesweuseareautomaticallyestablishedandthere-
forecontainmany errors.

2. RelatedWork

Recoveringtheshapeof adeformingsurfacein amonoc-
ular sequencerequiresprior knowledgeto make the prob-
lemtractable.Many differentapproacheshavebeenstudied
over theyears,mostof whichmakeverystrongandrestric-
tiveassumptionsabouttheobjectof interest.

Physics-baseddeformationmodelshave beenusedex-
tensively to adda qualitative knowledgeabouttheobject's
behaviour. The original 2–D modelswere �rst appliedto
shaperecovery [6], but have also beenusedfor 2–D sur-
faceregistration[1]. They have rapidly beenadaptedto
3–Dundertheform of superquadrics[10], triangulatedsur-
faces[3], or thin-platesplines[9]. To reducethedimension-
ality of the problem,linearity assumptionshave alsobeen
madeon thosemodelsthroughmodal analysis[11, 3, 5].
Eventhoughthesemodelshave beenextremelysuccessful,
the imply someknowledgeof thepseudo-physicalproper-
ties of the surface,which may not be available. Further-
more,the complexity of modelinga true nonlinearbehav-
ior tendsto restrict themto caseswherenonlinearitiesare
small.

Structurefrom motionmethodshavealsobeenshown to
beeffective. They rely on featurepointstrackedthrougha
sequenceto retrieve the deformedshapeof a surface. A
commonassumptionin such methodsis to considerthe
deformationsas being a linear combinationof basesvec-
tors[7], whichcanbelearnedduringtheprocess[13]. This
of coursedoesnot correspondto the true behaviour of a
surfacewhich, by nature,deformsnonlinearly. A slightly
differentapproachis to considerpiecewise rigid deforma-
tions [16]. In this case,rigid objectsaremoving indepen-
dently, andthemotionof thewholesceneis consideredas
adeformation.This,again,introducesastrongprior, which
in generalis not valid for a deformablesurface.

Machinelearningtechniqueshave known an increasing
popularity in the pastfew years. They make useof train-
ing datato build a modelthat canthenbe appliedto track
objectsfrom monocularimages. Even though nonlinear
dimensionalityreductionmethodshave proved successful
in the caseof humanmotion [14], most applicationsto
deformablesurfaceshave beenlinear. Active appearance
models[4] pioneeredthis approachin the 2–D caseand
havesincebeenextendedto 3–D[8]. Morphablemodels[2]
rely on thesamephilosophyto build 3–D deformableface
models.Recently[12] appliedthis ideato deformablesur-

facetracking,andcreateda trainingsetof deformedshapes
by varying anglesbetweenthe facetsof a mesh. How-
ever, their training dataare far from correspondingto re-
ality. Machinelearningmethodshave provedef�cient, but
suffer from the needof goodtraining setswhich might be
hardto obtain,especiallyin thecaseof deformablesurfaces.

Finally, it wasrecentlyshown that texture andshading
informationcould be combinedto retrieve the shapeof a
deformablesurface[15]. However, verystrongassumptions
onthelighting environmentmustbemade,andthereforethe
methodlacksgenerality.

The ultimategoal of our researchis to solve the prob-
lem of building training setsof deformablesurfacesfrom
texturedobjectsandwith minimal prior knowledgeof the
feasibledeformations.This would constitutea goodstart-
ing point to learnaccuratedeformationmodelsthat could
thenbe appliedto lesstexturedsurfacesof thesamekind.
We thereforeseethis theoreticalstudyasa necessarystep
towardsfully understandingtheproblemwe arefacingand
showing that a few reasonableassumptionscan make it
tractable.

3. Single-ImageAmbiguities

We representsurfacesas 3–D triangulatedmeshesand
assumethat we aregiven a setof 3–D to 2–D correspon-
dencesbetweensurfacepointsandimagelocations.In this
section,weshow thatrecoveringtheshapeamountsto solv-
ing anill-conditionedlinearsystem.We thenshow thatthe
degeneracies,or near-degeneracies,of this systemcorre-
spondto depthambiguitiesthat canbe explainedin terms
of a piecewiseaf�ne projectionmodel.Sincewe usea sin-
glecameraandassumeits internalparametersto beknown,
we expressall world coordinatesin the camerareferential
for simplicity andwithout lossof generality.

3.1. Ambiguities under PerspectiveProjection

In thissection,weformulatethecomputationof the3–D
meshvertex coordinatesgiventhecorrespondencesin terms
of solvinga linearsystemanddiscussits degeneracies.We
startwith ameshcontainingasingletriangleandextendour
resultto a completeone.

Projection of a 3–DSurfacePoint Let x i bea3–Dpoint
whosecoordinatesareexpressedin thecamerareferential.
We write its perspectiveprojectionas
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whereA is theinternalparametersmatrix,andki ascalar.
If x i lies on the facetof a triangulatedmesh,it canbe

expressedasa weightedsum of the facetvertices. Eq. 1
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wherev i ;1� i � 3 arethe3-D coordinatevectorsof thever-
ticesand(ai ; bi ; ci ) thebarycentriccoordinatesof x i .

Reconstructinga SingleFacet Let usassumethatweare
givenalist of n such3–Dto 2–Dcorrespondencesfor points
lying insideonesinglefacet.Thev i ;1� i � 3 coordinatesof
its verticescanbecomputedby solving
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wheretheki aretreatedasauxiliary variablesto berecov-
eredaswell.

We could have hopedthat, for n > 4, the columnsof
M f wouldbecomelinearly independentandthatthesystem
would then have a uniquesolution. However, this is not
whathappens.

To prove thatM f is rank-de�cient,we show thatits last
columncanalwaysbewrittenasalinearcombinationof the
othersasfollows. FromEq.2 we canwrite
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where� j = � v j =kn for 1 � j � 3. For all 1 � i < n, we
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This impliesthatthelastcolumnof theM f matrixof Eq.3
is indeeda linearcombinationof thepreviousoneswith co-
ef�cients (� 1

T ; � 2
T ; � 3

T ; � k1=kn ; :::; � kn � 1=kn ). Thus,
in general,M f hasfull rankminus1.

Reconstructing the Whole Mesh If we now considera
meshmadeof nv > 3 verticeswith a total of m correspon-
dences,Eq.3 becomes
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Coef�cients similarto thoseof Eq.4 canbederivedto com-
pute(um ; vm ; 1)T asa linear combinationof thenon-zero
columnsof the last row. Sincethesecoef�cients only de-
pendonkm , on themeshverticesandontheprojectionma-
trix, it caneasilybe checked that, asin the singletriangle
case,the last columnof the matrix canbe expressedasa
linearcombinationof theothers.

Thus matrix M m of Eq. 5 hasstill full rank minus 1.
This wasto be expectedandre�ects thewell-known scale
ambiguityin monocularvision.

Representingtheproblemasin Eq. 5 wasconvenientto
discussthe rank of the matrix. However, in practice,we
wantto recoverthevertex coordinatesbut arenot interested
in having theki asunknowns.We thereforeeliminatethem
by rewriting Eq.5 as
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whereA 3 representsthelastrow of matrixA andA 2� 3 its
�rst two rows. By construction,thematrix in Eq.6 hasthe
samerank as matrix M m , thereforethe following results
arevalid for bothrepresentationsof theproblem.

Effective Rank of the Matrices In the previous para-
graph,we showed that M m hasat most full rank minus
one.However, thisdoesnot tell thewholestory: In general,
it is ill-conditionedandmany of its singularvaluesaresmall
enoughso that, in practice,it shouldbetreatedasa matrix
of even lower rank. To illustrate this point, we projected
randomlysampledpointson the facetsof the synthetic88
verticesmeshof thetoprow of Fig.2 usingaknown camera
model. We thencomputedthesingularvaluesof matrix of
Eq.6, whichwe plot in Fig. 3.

In Fig. 4, we show theeffect of addingtwo of thecorre-
spondingsingularvectors—oneassociatedto thezerosin-
gularvalueandtheotherto a smallone—tothemeshin its
referenceposition.



Figure 2. Reconstructingan 88-vertex meshusing perfectcorrespondencesthat were corruptedusing zero-meanGaussiannoisewith
variance� ve,whichis muchlargerthanwhatcanbeexpectedof automatedmatchingtechnique.Top. Theoriginalmeshandreconstructed
oneprojectedin thesyntheticview usedto createthecorrespondences.As expected,theprojectionsmatchveryclosely. Bottom. Thetwo
meshesseenfrom adifferentviewpoint.

Figure3. Singularvaluesof thematrix of Eq. 6 for the88 vertex
meshof Fig. 1. Notehow thevaluesdropdown after the2nv =
176th one,aspredictedby the af�ne modelof Section3.2. The
small graphon the right is a magni�ed versionof the partof the
graphcontainingthesmallsingularvalues.Thelastoneis zeroup
to the precisionof the matlabroutineusedto computeit andthe
othersarenotverymuchlarger.

(a) (b) (c)
Figure4. Visualizingvectorsassociatedto small singularvalues.
(a) Referencemeshandmeshto which onethe vectorshasbeen
addedseenfrom theoriginal viewpoint, in which they arealmost
indistinguishable.(b) Thesametwo meshesseenfrom a different
viewpoint. (c) The referencemeshmodi�ed by addingthe vec-
tor associatedto the zerosingularvalue. Note that the resulting
deformationis closeto beinga scaling.

Eventhoughonly oneof thesevaluesis exactlyzero,we
canseethatthey dropdown drasticallyafterthe�rst 2nv =
176. Thisshowsthat,eventhoughthematrixmayhavefull
rank minus 1, the solution of the linear systemwould be
very sensitive to noise. Therefore,in a real situation,we
would actuallybe closerto having nv ambiguities,which
canbe understoodin termsof the piecewise af�ne model
we introducebelow.

3.2. Ambiguities under PiecewiseAf�ne Projection

A piecewiseaf�ne cameramodelis onethatinvolvesan
af�ne transformfor eachfacetof the mesh. This approxi-

mationis warrantedif thefacetsaresmallenoughto neglect
depthvariationsacrossthem.

Projection of a 3–DSurfacePoint Let x i bea3–Dpoint
whosecoordinatesareagainexpressedin thecamerarefer-
ential.We write its projectionto a 2–D imageplaneas
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wherek is a depthfactor associatedto the af�ne camera
andA 0 is a 2 � 2 matrix representingthe internalparame-
ters.As in Section3.1,westudytheambiguitiesfor amesh
containing�rst a singletriangleandthenmany.

Reconstructinga SingleFacet We canagainwrite a lin-
earsystemfor a single trianglecontainingn 3–D to 2–D
correspondences,with 3–D pointsgiven by their barycen-
tric coordinates
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Sincewe only have onefacet,we alsoonly have onepro-
jectionmatrix,thereforeasinglek correspondingto theav-
eragedepthof the facetis necessary, andall (ui ; vi )T can
beput in thesamecolumn.

SinceP is of size2 � 3, it hasatmostrank2. Moreover,
we canshow that the lastcolumnof theglobalmatrix also
is a linearcombinationof thetwo �rst columnsof P
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Thecoef�cients of Eq.9 areindependentof thecorrespon-
denceconsideredandare thereforevalid for any row i of
thematrix. This �nally meansthat,whenn � 3, the rank
of thematrixof Eq.8 is always6.



Reconstructing the Whole Mesh As discussedabove,
whenthereareseveral triangles,usingthepiecewiseaf�ne
modelamountsto introducingaprojectionmatrixperfacet.
However, sincein reality we only have onecamera,its in-
ternalparameters,rotationmatrix, andcenterareboundto
bethesamefor eachtriangle.This only letsuswith a vari-
abledepthfactorki for eachfaceti amongthen f facetsof
themesh.We canthenwrite thesystem
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M 0
L , whichis of size2m� 3nv , m beingthenumberof cor-

respondences,hasat mostrank2nv becauseP hasrank2.
Similarly, M 0

R , which is of size2m � nf , hasat mostrank
nf � 1, becausewecanagainshow thatits lastcolumnis a
linearcombinationof thepreviousonein a similar manner
aswasdonefor theperspectivecase,with thecoef�cients of
Eq.9. Thismeansthatfor afull mesh,M 0

m hasatmostrank
2nv + nf � 1. This leavesuswith nv + 1 ambiguities.This
againseemsnaturaldue�rst to thesamescaleambiguityas
in theperspectivecase,andsecondto thefactthatnow each
vertex is free to move alongthe line of sight. This number
correspondsto thenumberobservedin theperspectivecase
of Section3.1,exceptthat,in theaf�ne case,a globalscale
is differentfrom all verticessliding alongthe line of sight,
whichproducesanextrasingularvalue.

4. Weakbut Broadly Applicable Constraints

Sincethe linearsystemsof Section3 arerank-de�cient,
weneedto introduceadditionalconstraintsto obtainaccept-
ablesolutions.In essence,this is whatall themodel-based
methodsdiscussedin Section2 do. However, they typically
involve very speci�c assumptionsabouteitherthephysical
propertiesor therangeof possibledeformationsof thesur-
facesat hand,which is very restrictive.

In this section,we show that a muchweaker andmore
broadlyapplicablesetof constraintssuf�ces: Sincewedeal
with videosequences,we canassumethatthesurfacedoes
notmoverandomlybetweentwo frames,whateverthephys-
ical propertiesof the target surface. We thereforeperform
the reconstructionover several framessimultaneouslyand
simply limit therangeof motionfrom frameto frame.

We show herethatthiscanbeexpressedasasetof addi-
tional linearconstraintsthatmake our linearsystemswell-

conditioned,�rst in theaf�ne caseandthenin theprojective
one.

4.1. Constraining the Af�ne Reconstruction

Givena temporalsequenceof n I imagesandthecorre-
spondingmatricesM 0

m
t ; 1� t � n I of Eq.10,we cancreate

ablockdiagonalmatrixwhoseblocksaretheM 0
m

t anduse
it to write a big linearsystemthatthevertex coordinatesin
all framesmustsatisfysimultaneously. However, without
temporalconsistency constraints,the ambiguitiesremain:
As discussedin Section3.2, whenthe cameracoordinates
are alignedwith the world coordinates,reconstructionis
only possibleup to an unknown motion along the z-axis
for eachvertex at eachtime step.To mitigatethis problem,
it is thereforenaturalto link thez valueof verticesacross
time. Thesimplestway to do this is to write

v t +1
z � v t

z = 0 (11)

for all verticesandall times. Theseconstraintsandthose
imposedby the 3–D to 2–D correspondencescanthenbe
imposedsimultaneouslyby solvingwith respectto �
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zf ir st
i and zlast

i are the z-coordinateof vertex i in the
�rst andlast frames,in which we assumethat theshapeis
known, andC is annv � 3nv matrix containinga single1
in eachrow, which correspondsto thez-coordinateof one
vertex.

Thenumberof constraintsweaddin thismanneris equal
to the numbernv of ambiguitiesthat we derived in Sec-
tion 3.2. Thereforeit affectsthe rank of M s, andreduces
thenumberof ambiguitiesto zeroasshown in Fig.5. More-
over, theseconstraintsdonotoverlapwith theonesimposed
by thecorrespondencesandcanthenbeconsideredasmin-
imal.



Figure5.Singularvaluesfor a5 framessequenceunderaf�ne pro-
jection. Left Without temporalconsistency constraintsbetween
frames,the linear systemhasmany zero singularvalues,which
impliesseverereconstructionambiguities.Right Constrainingthe
z coordinatesasdiscussedin Section4.1 leavesthenonzerosin-
gularvaluesunchangedbut increasethevalueof theothers,thus
removing theambiguities.

In practicethecorrespondencesareneverperfectandin-
cludenoiseandoutliers. We thereforesolve Eq. 12 in the
least-squaressenseandtake � to be

� � = argmin
�

(M s� � b)T W (M s� � b) ; (13)

whereW is a diagonalmatrix of onesfor the lines corre-
spondingto projectionconstraintsandauser-de�nedweight
for those that 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 PerspectiveReconstruction

In Section3.2, we showed that ambiguitiesunderper-
spective projection are similar to thoseunder piecewise
af�ne projection. It is thereforenaturalto constrainthere-
constructionin a similarway, thatis by limiting themotion
alongthe line-or-sight. However, sinceit is not parallelto
the z-axis anymore, the constraintsbecomemoredif�cult
to express.

Let usconsideronevertex v of themeshat timest and
t + 1. We cantry minimizing d = v t v t +1 � e, the length
of theprojectionon the line-of-sightof thev t v t +1 vector,
wheree is thevectorcv t afternormalization,andc repre-
sentstheopticalcenterof thecamera.Thedif�culty comes
from thefactthatthis constraintis nonlinearandcanthere-
forenotbeintroducedinto our linearformulation.Weover-
comethis problemby replacingtheexact formulationof d
by anupperboundthatcanbeexpressedlinearlyasfollows:
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Figure6. Singularvaluesfor a 5 framessequenceunderperspec-
tiveprojection.Left Without temporalconsistency constraintsbe-
tweenframes,thelinearsystemis rank-de�cient.Right Bounding
theframe-to-framedisplacementsalongtheline of sightusingthe
linear expressionof Eq. 14 transformsthe ill-conditioned linear
systeminto a well-conditionedone. The smallersingularvalues
have increasedandarenow clearly non-zero. Sinceour motion
modelintroducesmoreequationsthanstrictly necessary, theother
valuesarealsoaffected,but only veryslightly.

wherexc; yc andzc arethe coordinatesof a vertex in the
camerareferencesystem,and� max

x and� max
y arethemax-

imumanglesbetweenthecameracenterandthepointspro-
jectingon the left/right, andupper/lower borderof the im-
age,respectively.

As in Section4.1, theseconstraintsandthoseimposed
by the3–D to 2–Dcorrespondencescanbeimposedsimul-
taneously. We rewrite Eq.12 by replacingtheM 0

m
t matri-

cesof Eq.10 by thematrix of Eq.6 andtheC matricesby
3nv � 3nv matrices,containinga singlevaluein eachrow
thatwill constrainthex-, y-, or z-coordinateof onevertex.
This valueis setto oneof the threecoef�cients of Eq. 14,
dependingonwhichcoordinatetherow correspondsto.

Fig.6showshow thesingularvaluesof thesystemareaf-
fectedby introducingourdepthconstraints.As in theaf�ne
case,we canseethat the smallersingularvalueshave in-
creasedandnow clearlydifferentfrom zero.Sincethiswas
our only goal in addingconstraints,this justi�es our ap-
proachto liberalizationby minimizing theupperboundof
d of Eq.14 insteadof d itself. Notethatbecausewe added
moreequationsthanwasstrictly necessary, theothersingu-
lar valuesalsoincreased,but only veryslightly.

5. Experiments

In the previous sections,we developedtheoreticalba-
sis for reconstructingthe shapeof a deformablesurface
from 3–Dto 2–Dcorrespondencesin avideosequence.We
showedthatconstrainingthevariationsin depthfrom frame
to frameis suf�cient, in theory, to formulatethereconstruc-
tion problemin termsof solving a well-conditionedlinear
system.In this section,we show that this indeedproduces
valid reconstructionsin practice.

Wepresentresultsobtainedusingbothsyntheticdataand
real images.In bothcases,thedeformationsof themeshes
were retrieved by solving the linear systemof Section4
for whole sequenceswith known deformationsin the �rst
andlastframes.ThiswasdoneusingMatlab 's implemen-
tation of sparsematricesand resolutionof linear systems



Figure7. Distancebetweenthe original meshandits reconstruc-
tion for eachoneof the9 deformedversionsof themeshof Fig. 2.
We plot � ve curvescorrespondingto vertex-to-surfacedistances
obtainedwith varianceoneto � vegaussiannoiseonthecorrespon-
dences.Thedistancesareexpressedaspercentagesof the length
of themeshlargestside.

with known covariancematrix in the leastsquaresense.In
ourexperiments,thecovariancematrixsimply is theweight
matrix of Eq. 13, which weighsdifferently the correspon-
dencesequationsandtheconstraints.

5.1. Synthetic Data

We deformedthe88-vertex meshof Fig. 4(a)to produce
9 differentshapesand9 correspondingsetsof 3–D to 2–
D correspondencesusing a perspective projectionmatrix.
WethenaddedGaussiannoisewith meanzeroandvariance
rangingfrom one to � ve to the image locationsof these
correspondences.Fig. 2 depictsthe reconstructionresults
overlaidon theoriginal meshwith noisevariance� ve. The
differencesarehardto see,even thoughthis representsfar
lowerprecisionthanwhatcanbeexpectedof goodfeature-
pointmatchingalgorithms.

To quantifythedifferencesbetweenthemeshes,we plot
thedistancesbetweenthetwo meshesin Fig. 7 for eachone
of 9 differentshapes,given increasingnoisevariance.The
distancesareexpressedaspercentagesof the meshlargest
side. With a noisevarianceone, they are of the orderof
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
reconstructionalgorithm.

5.2. Real Data

We now presentresultson two real monocularvideo
sequencesacquiredwith an ordinarydigital camera. The
longestone is 250 frameslong, which shows that, even
thoughour approachinvolvessolvinga very largesystem,
it is sparseenoughto usea standardMatlab routine. In
both cases,we automaticallyestablish3–D to 2–D corre-
spondencesbetweenthe�rst frame,wherethe3–D poseis
assumedto be known, and the othersby �rst trackingthe
surfacein 2–Dusingnormalizedcross-correlation.Wethen
computecorrespondencesby picking10randomsamplesin
eachfacetandlooking in eachframein anarealimited by
the2–D trackingresultfor 2–D pointsmatchingtheir pro-

jectionsin the�rst frame.To thisendweusestandardcross-
correlation,which resultsin noisy correspondenceswith a
numberof mismatchesat placeswherethereis not enough
textureto guaranteereliablematches.

Fig. 8 depictsour reconstructionresultsfor a relatively
inelasticpieceof paperin a 250-framesequenceandFig. 9
thosefor a much more �e xible sheetof plastic in a 147-
frame sequence. In both cases,the global shapeis cor-
rect, which con�rms that the ambiguitieshave beencor-
rectly handled. However, becausewe imposeno smooth-
nessconstraintof any kind, therearealsolocal errorsthat
arecausedby themismatchespresentin our input data. If
thegoalwereto derive a perfectshapefrom a setof noisy
correspondences,we couldmitigatetheeffect of erroneous
matchesby introducinga robust estimatorinto the least-
squaresminimizationof Eq. 13. However, we will argue
in thefollowing sectionthatthismaynotactuallybeneces-
saryfor theapplicationwe have in mind.

Sinceour techniquedoesnot introduceany prior on the
physicalpropertiesof thetargetsurface,wewereableto re-
constructboththepaperandplasticwithout changingany-
thing to oursystem.It is notclearthatthiswouldhavebeen
thecasehadweusedaphysics-basedapproachor any other
that implicitly limits the rangeof deformationof the sur-
face.

6. Conclusion

In thispaperwehavepresentedatheoreticalstudyof the
ambiguitiesthat arisewhen reconstructingdeformable3–
D surfacesfrom monocularvideo sequences.We showed
that they canbe interpretedin termsof thoseinherentto a
piecewiseaf�ne modelandcanberemovedby simplycon-
strainingthe frame-to-framevariationin depth. Theseare
very weakconstraintsthat arebroadlyapplicablebecause
they do restricttherangeof possiblesurfacedeformations.

Whenusedin conjunctionwith realcorrespondences,in-
cludingnoiseandoutrightmismatches,theseconstraintsare
suf�cient to recoverthesurface,notperfectly, but with good
accuracy nevertheless.Morespeci�cally, wedonotsmooth
our resultsat all becauseit would defeatour basicpurpose,
which is to introduceas little a priori knowledgeof the
surface's physicalpropertiesaspossible. As a result,our
reconstructionsmay containlocal deviationsfrom the true
surface. However, we do not believe this to bea major is-
suegivenour ultimatepurpose:If thegoal is to trackmany
surfacesto createa motion databasefrom which a motion
modelcanbe learned,thedeviationscanbetreatedasran-
domperturbationsthatwill beeliminatedwhenobservinga
largenumberof sequences.Proving this to bethecasewill
bethefocusof our futurework.



Figure8. Reconstructinga deformingsheetof a paperfrom a 250-framessequence.Top Thereconstructedmeshis reprojectedinto the
original imagesandcloselymatchestheoutlineof thepaper. Bottom Thesamemeshseenfrom theside. In spiteof local inaccuraciesin
depth,theoverall shapeis correct,which indicatesthattheambiguitieshave beensuccessfullyresolved.A completevideois submittedas
supplementarymaterial.

Figure9. Reconstructionresultsfor aplasticsheet,whichis muchmore�e xible thanthesheetof paperof Fig. 8. In spiteof this,theoverall
shapeis againcorrectlyrecoveredup to smallerrorsdueto erroneouscorrespondences.A completevideois submittedassupplementary
material.
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