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Abstract
3–D shaperecovery of non-rigid surfacesfrom 3–D

to 2–D correspondencesis an under-constrainedproblem
that requires prior knowledge of the possibledeforma-
tions. State-of-the-artsolutionsinvolveenforcing smooth-
nessconstraints that limit their applicability and prevent
therecoveryof sharplyfoldingandcreasingsurfaces.

Here, we proposea methodthat doesnot require such
smoothnessconstraints. Instead,we representsurfacesas
triangulated meshesand, assumingthe pose in the �r st
frameto be known,disallow large changesof edge orien-
tationbetweenconsecutiveframes,which is a generally ap-
plicableconstraint whentracking surfacesin a 25 frames-
per-secondvideosequence. We will showthat tracking un-
der theseconstraintscanbeformulatedasa SecondOrder
ConeProgrammingfeasibilityproblem.Thisyieldsa con-
vex optimizationproblemwith stablesolutionsfor a wide
rangeof surfaceswith verydifferentphysicalproperties.

1. Intr oduction

Usingpointcorrespondencesto recoverthe3–Dshapeof
deformablesurfacesfrom asinglevideois aseverelyunder-
constrainedproblem: Surfaceswith very different shapes
canlook verysimilarunderperspectiveprojection.

Thisproblemhasbeenaddressedby introducinga priori
shapemodels. Structurefrom motion techniques[18, 10,
22] andphysics-basedmodels[13, 14, 3, 5, 12] have been
proposedto retrievethedeformationsof non-rigidsurfaces.
However, theseapproachestypically incorporateregular-
ization termsor make linearity assumptionsthat constrain
the surfaceto deform smoothly. Machinelearningmeth-
ods [2, 15, 11] presentan attractive alternative, but most
of themassumea linear mappingfrom a low-dimensional
manifold to the high-dimensionaldataspace,which again
imposessmoothnessconstraintsand is not always accu-
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Figure1. Reconstructinghighly deformablesurfacesfrom single
video sequences.Becauseit doesnot imposesmoothnesscon-
straints,our algorithmcanusethesameparametersto handlesur-
faceswith very different physicalproperties. (a) Smoothlyde-
formingpaper. (b) Paperwith two well markedcreases.(c) Plastic
bag.(d) Pieceof cloth.

rate.Non-lineardimensionalityreductiontechniqueswould
avoid such problems,however they require training data
whichoftenis notavailable.

Existingtechniquesarethereforenotadaptedto track3–
D surfacessuchasthoseof Fig. 1 thatcanfold or produce
sharpcreasesat unpredictablelocations. In this paper, we
follow work onrigid objects[6, 8, 16] andshow thatrecov-
ering 3–D surfaceshapefrom point correspondencescan
also be describedas a SecondOrder ConeProgramming
(SOCP)problem. This yields a convex formulationwith a
uniqueminimumandletsushandlehighly-deformablesur-
faceswithout addingunwarrantedsmoothnessconstraints.

Thecentralelementof our approachis �rst to formulate
the constraintsimposedby the correspondencesasSOCP
constraintsandsecondto introduceappropriateadditional
constraintsthat force thesolutionof theSOCPproblemto



be physically plausible. In practice,we simply disallow
overly large edgeorientationchangesfrom one frame to
the next and excessive edgestretching. This is generally
applicablewhentrackingin a 25 frames-per-secondvideo
sequence.It hasthereforeprovedeffective at handlingsur-
facesasdifferentasthesmoothlydeformingpieceof paper,
thesamepiecepaperwith sharpcreasesin it, andthemuch
more�e xible plasticbagandpiececlothof Fig. 1.

2. RelatedWork

3–D shaperecovery from a monocularvideo sequence
is anunderconstrainedproblem.Thus,over theyears,peo-
plehaveproposedmany approachesto introducinga priori
knowledgeand resolvingthe ambiguities,most of which
make very strongandrestrictive assumptionsabouttheob-
jectof interest.

In thissection,webrie�y review thesemethods.Wethen
discussthe SecondOrder ConeProgrammingframework
thathasrecentlybeenintroducedin our �eld to improvethe
solvability of a numberof classicalproblemsandservesas
thebasisfor our own approach.

2.1. Deformable ShapeRecovery

Structurefrom motionmethodsthatrely on trackedfea-
ture pointshave proved to be effective. However, model-
ing deformationsasa linearcombinationof constantbasis
vectors[10, 18] greatlyoversimpli�es thegeneralbehavior
of a surface. Furthermore,describingthe problemassev-
eralrigid objectsmoving with respectto oneanother[22] is
not adaptedto modelthedeformationsof materialssuchas
clothor thin plasticsheets.

Similarly, physics-basedmodelshave beena very pop-
ular way to introducea priori knowledge.Theoriginal 2–
D modelswere �rst appliedto shaperecovery [7]. They
have beenusedfor 2–D surfaceregistration[1] andwere
rapidly extendedto various3–D formulations[3, 13, 12].
To reducethe dimensionalityof the models,linearity as-
sumptionshave also been made through modal analy-
sis[14, 3, 5]. Eventhoughthephysics-basedapproachhas
beenextremely successful,it implies someknowledgeof
the pseudo-physicalpropertiesof the surface,which may
not beavailable. Furthermore,thecomplexity of modeling
a truenonlinearbehavior tendsto restrictthesemethodsto
caseswherenonlinearitiesare small. In fact, modelinga
truenonlinearbehavior is acomplex tasksubjectto conver-
genceinstabilitieswell-known in themechanicalengineer-
ing community.

Thecomplexity of modellingthetruephysicalproperties
of surfaceshasmadestatisticallearningtechniquesattrac-
tive. Trainingdatais usedto build a deformationmodelto
applyto new data.However, mostexisting techniquescon-
sider the sub-spacede�ned by the training datato be lin-

ear[4, 11, 2, 15], which is arestrictiveassumption.Nonlin-
earlearninghasbeendemonstratedfor humanbody track-
ing [19] but involvesacomplex objectivefunctionthatmay
bedif�cult to optimize.

Anotherapproachto disambiguatingthe surfacerecov-
ery problemis to usericher sourcesof information. For
example,it wasrecentlyshown thattextureandshadingin-
formationcouldbecombinedto retrieve theshapeof a de-
formablesurface[21]. However, very strongassumptions
on the lighting environmentmust be made,and therefore
themethodlacksgenerality.

2.2. ConvexOptimization

It wasrecentlyshown thatseveralcomputervisionprob-
lemssuchastriangulation,cameraresectioningandhomog-
raphyestimationcanbe formulatedasSecondOrderCone
Programmingfeasibility problems[6, 8]. Thesearepartic-
ular typesof convex optimizationproblemswhereno func-
tion is minimized. Instead,one looks for a vectorX that
satis�esthem constraints

kA i X + b i k2 � (ci
T X + di ) ; for i = 1; :::; m : (1)

Suchproblemscanbe solved very effectively usingavail-
ablepackagessuchasSeDuMi[17]. Thedrawbackof these
initial formulationsis their sensitivity to outliers,but a so-
lution to thisweaknesswasproposedin [16].

However, suchformulationhasonly beendemonstrated
for rigid objects.Here,we extendtheseapproachesto de-
formable3–Dsurfaces.

3. SOCPfor Non-Rigid Meshes

In this section,we show that recovering the 3–D shape
of a deformablesurfacefrom a singlevideo sequencecan
beformulatedasanSOCPproblem,asdescribedby Eq.1.

Thesurfaceis representedasa triangulatedmeshwhose
verticespositionswe want to retrieve in eachframeof the
sequence.We automaticallyestablish3–D to 2–D corre-
spondencesbetweenthe �rst frame, wherethe 3–D pose
is assumedto be known, and the othersby �rst tracking
thesurfacein 2–D usingnormalizedcross-correlation.We
thencomputecorrespondencesby picking randomsamples
in eachfacetandlooking in eachframein an arealimited
by the 2–D tracking result for 2–D points matchingtheir
projectionsin the �rst frame. To this endwe usestandard
cross-correlation,which givesus a setof potentiallynoisy
3–Dto 2–Dcorrespondencesbetweensurfacepointsx i and
imagepoints(ûi ; v̂i ), whichwewill useto estimatethe3–D
coordinatesof themeshverticesateachtime t asdescribed
below. WealsoassumethatthecameraprojectionmatrixP
is known andremainsconstant.Thisdoesnotmeanthatthe
cameracannotmove,but thatwecanonly recoverarelative
motionof thesurfacewith respectto it.



3.1. Corr espondencesasSOCPConstraints

Let x i bethe3–D coordinatesof a surfacepoint thatwe
expressin termsof its barycentriccoordinatesof thefacetj
insidewhich it liesas

x i = ai v j ;1 + bi v j ;2 + ci v j ;3 ; (2)

wherev j ;k is the kth vertex of facetj . The projectionof
h i = (x i

T 1)T giventhecameraprojectionmatrix P is
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P 3 h i
P 2 h i
P 3 h i

!

;

whereP k refersto the k th row of the projectionmatrix.
We de�ne the reprojectionerror with respectto an image
measurement(ûi v̂i )T as

k
P 1 h i

P 3 h i
� ûi ;

P 2 h i

P 3 h i
� v̂i k =

k(P 1 � ûi P 3 )h i ; (P 2 � v̂i P 3 )h i k
P 3 h i

:

(3)

Ideally, we would want thereprojectionerror to bezero
for all x i ; 1 � i � m for which we have found a cor-
responding(ûi ; v̂i ) imagepoint. In practice,dueto noise,
this is never possible.Therefore,asin [6], we introducean
additionalvariable
 andwrite ourproblemas

min

 ;V


 subject to 
 � 0 and

k(P 1 � ûi P 3 )h i ; (P 2 � v̂i P 3 )h i k � 
 P 3 h i ; (4)

for i = 1; :::; m :

whereV is theconcatenationof thethreecoordinatesof all
themeshvertices.Intuitively, 
 representstheradiuson the
imageplaneof theconecenteredin thecameraandwhose
axisgoesthroughtheimagemeasurement.

For a �x edvalueof 
 , becausethex i of Eq.2 andthere-
forealsotheh i arelinearcombinationsof thevertex coordi-
nates,Eq.4 de�nesanSOCPproblemof theform described
by Eq.1. We canthen�nd theminimal 
 usinga bisection
algorithmateachstepof whichwesolve thecorresponding
SOCPfeasibilityproblem.

Notethatthefactthatthe3–Dpointsareonthesurfaceof
themeshplaysa critical role. Without this constraint,they
could move independentlyfrom eachother. Sincenoth-
ing would then prevent them to match their 2–D projec-
tion within azero-radiuscone,thiswouldresultin aperfect
but meaninglesssolution.However, forcing themto remain
on thesurfaceof thedeformablemeshavoidsthatproblem,
sincethebarycentriccoordinatesthatde�ne the3–Dpoints
imposea naturalcoherencebetweenthem.

A commoncriticismof SOCPformulationsof thecorre-
spondenceproblemis thatthey areverysensitiveto outliers.
Indeed,theminimal 
 will take thevaluethat is a function

(a) (b)
Figure 2. Reconstructinga pieceof paperusing only the corre-
spondencesconstraintsof Section3.1but not thedeformationcon-
straintsof Section3.2. (a) Thereprojectionof themeshis correct.
(b) However, the3–Dshapeasseenfrom asideview is completely
wrongbecausethedepthambiguitiesarenotproperlyresolved.

of theworst correspondence,thereforeallowing the repro-
jectionerrorof correctmatchesto beworsethanit should.
However, Sim et al. [16] proposeda methodto remove the
outliersandget the correctposeof a rigid objectusingan
SOCPapproach.They showedthat,at theendof thebisec-
tion algorithm,thesetof matcheswhosereprojectionerror
equalstheminimal 
 containsoutliers. Therefore,remov-
ing thesepointsandre-optimizingin the samemanneras
beforeyieldsa betterpose.In our implementation,we ap-
ply the sameideaanditeratethe bisectionalgorithmwith
the correspondenceshaving a reprojectionerror lessthan
thepreviousminimal 
 , until we reachamaximalreprojec-
tion errorof 2 pixels. In practice,this only impliesrunning
thebisectionalgorithmat most5 times.

3.2. Additional Constraints

In general,solving the minimizationproblemof Eq. 4
withoutadditionalconstraintsyieldsasurfacewhosepoints
projectat theright placebut whoseoverall shapemaynev-
erthelessbewrong,asshown in Fig. 2. Theglobalscaleof
the surfacecanvary without affecting the reprojectioner-
ror, and,moredamagingly, given noisy data,the depthof
theverticesis hardto preciselyestimatebecausemany dif-
ferentshapescanyield verysimilar projections.

Penaltyfunctionshave often beenusedto addressthis
problem. They areusuallydesignedeither to prevent the
meshfrom folding sharplyor to stopit from expandingor
shrinking.Theformerresultsin a lossof generalityassur-
facesthatcreasecannotbemodeledproperly, while thelat-
ter typically involvesa non-convex termto forcetheedges
of the meshto retain their original length. Here, we in-
troducea weaker andmoregenericconstraintthat �ts into
our SOCPframework: As shown in Fig. 3, we avoid the
orientationof theedgesto changeirrationally betweentwo
consecutive frames. In the meantime,our constraintsalso
ensurethatanedgewill not stretchor compresstoo much,
thuspartially solving theglobal scaleambiguity. Indepen-
dentlyof thesurface'scurvature,this is generallyapplicable
whentrackingit in a25 frames-per-secondvideosequence.
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Figure3. We predict that the orientationof the edgebetweenv i

andv j attimet + 1 will bethesameasattimet. Wethenconstrain
thedistancebetweenvertex v t + 1

j anditsprediction~v t + 1
j to beless

thansomespeci�edvalue.

Furthermore,it canbe expressedasa convex constraintas
follows.

Let us assumethat we know the shapeof the meshat
time t andlet us consideran edgelinking verticesv t

i and
v t

j in this con�guration. Assumingthat the orientationof
this edgewill besimilar at time t + 1, if thepositionv t + 1

i
of vertex i at thattimewereknown,wecouldpredictthatof
vertex j to becloseto

~v t + 1
j = v t + 1

i + L i;j
v t

j � v t
i

kv t
j � v t

i k
; (5)

whereL i;j is theoriginal lengthof theedge.In practicewe
donot know v t + 1

i but we canneverthelessrequirethat

kv t + 1
j � ~v t + 1

j k � �L i;j ; (6)

where~v t + 1
j is de�nedin Eq.5. Thisconstraint�ts perfectly

within our SOCPframework andwe canaddonefor each
edgeto thoseof Eq.4. Notethattheseadditionalconstraints
allow the meshto expand or shrink, but only within an
amountcontrolledby thevalueof � . Givenameshthatsat-
is�es theSOCPconstraints,we handletheremainingscale
ambiguityby rescalingit so that its arearemainsthesame
as in the initial position. As will be shown in Section4,
this resultsin a systemthat is now suf�ciently constrained
to yield goodresults.

4. Experimental Results

In the previous section,we showed how convex opti-
mization canbe appliedto the problemof recovering the
3–D shapeof a surfacefrom a singlevideo sequence.We
presentedconstraintsthat do not prevent the surfacefrom
folding sharply. Our methodrelieson 3–D to 2–D corre-
spondencesandonly requirestheposein the �rst frameof
thesequenceto beknown. This might beseenasa limita-
tion, however automatedinitialization of deformablesur-
facesfrom single imagesis a severely under-constrained
problemthat requiresmuch strongerdeformationmodels
thanours.Suchmodelscouldbelearnedfrom trainingdata
if it were available, which is rarely the case. Sinceour

methodmakes few assumptionson the physicalbehavior
of thesurface,it is idealto acquiresuchdata.

We �rst validateour approachusingsyntheticdata.We
then use ordinary videos to demonstratethat it produces
goodresultsfor verydifferentkindsof materials.In all our
experiments,bothfor syntheticandrealdata,thevalueof �
in Eq. 6 wassetto 0.1, independentlyof the propertiesof
thesurfaceandof its deformations.

4.1. SyntheticData

As a �rst experiment,we syntheticallydeformedthe88-
vertex meshshown in Fig. 4 by applying forces to ran-
domlychosenverticesandstronglypenalizingstretchingof
its edges.This produceda sequenceof 50 differentshapes,
from whichwecouldobtaincorrespondencesby projecting
3–D points de�ned by their randomlychosenbarycentric
coordinatesusinga perspectiveprojectionmatrix. We then
addedgaussiannoisewith meanzeroandvarianceoneand
two to their imagelocations. Fig. 4 shows the reconstruc-
tion resultsfor variancetwo from a differentperspective.
Thedifferencesareverysmalleventhoughthesurfacefolds
very sharplyin someframes. The largesterrorsarein the
depthdirection,ascould be expectedsincemotion in that
direction is hard to measureusingpoint correspondences.
Thedeformationconstraintsof Section3.2 resolve mostof
theresultingambiguitiesbut still leavesomeuncertainty.

To comparethe performanceof SOCPagainstanother
powerful optimization technique,we reimplementedour
tracking algorithm using CFSQP[9], which provides C
functionsto solve constrainedminimizationproblemsus-
ing SequentialQuadraticProgramming.We reformulated
our problemastheminimizationof thesumof squaredre-
projectionerrorsunderthedeformationconstraintsof Sec-
tion 3.2. The top row of Fig. 5 shows the medianvertex-
to-ground-truth-surfacedistancesfor noisevariances1 and
2 for eachone of the framesin the syntheticsequence.
The distancesare of the order of 0.1cm for a meshof
size10cm� 7cm. Both theSOCPandCFSQPimplementa-
tionsproducedroughlycomparableerrors. However, even
thoughSOCPwascodedin Matlab whereasCFSQPwas
codedin C,SOCPwasabout50timesfasterthanCFSQP:It
tookonly 15minutesagainst12hoursto processthewhole
sequenceonthesame3.0GHzPC.Thesecondrow of Fig.5
shows the medianreprojectionerrorsover the correspon-
dences.CFSQPyieldsslightly higheraccuracy, but theer-
rorsstill remainunderonepixel for SOCP. This canbeex-
plainedby thefactthatSOCPdoesnotminimizetherepro-
jectionerrors,but �nds a solutionsuchthattheseerrorsare
smallerthanagivenvalue.

SinceCFSQPcanhandlenon-convex constraints,were-
placedthe deformationconstraintsof Section3.2 by con-
straintsthat prevent the meshedgesfrom changingtheir
length. In theory, this shouldbe more appropriatewhen



Figure4. Reconstructingan88-vertex meshwith sharpfoldsusingperfectcorrespondencesthatwerecorruptedusingzero-meanGaussian
noisewith variancetwo. Theshapeof thereconstructedmesh(blue)correspondsvery closelyto theoriginal one(red). Themeshesare
seenfrom a differentperspective thantheoneusedto retrieve theshapesin orderto highlight thedifferences.

� = 1 � = 2
Figure5. We comparetheresultsof our SOCPformulation(solid
red)againstthoseobtainedusingCFSQP, a constrainednonlinear
least-squaresminimization(dashedblue) for the50 framesof the
syntheticsequenceof Fig. 4, for noisevariance� = 1 and2. In
thetop row, we show thedistancebetweentheoriginal meshand
its reconstruction.Both methodsgive similar resultsbut SOCP
is about50 timesfaster. In the secondrow, we give the median
reprojectionerrors.For bothmethods,they arelessthanonepixel,
even thoughCFSQPperformsslightly better. Recall, however,
thatSOCPdoesnotpreciselyminimzethereprojectionerrors,but
enforcesthereprojectionsto lie in a coneof a givenradius.

tracking inextensiblesurfaces. In practice,as shown in
Fig.6, eventhoughCFSQPperformsbetterin someframes,
it is lessstablethanSOCP. This is particularlyvisible to-
wardsthe end of the sequence.In someframes,CFSQP
failed to converge even after 2000 iterations, which ex-
plainswhy it is evenslower thanbeforeandhighlightsthe
complexity of theproblemwhennon-convex constraintsare
used.

Finally, in Fig. 7, we show the in�uence of the num-
berof correspondenceson thequality of our reconstruction
in the caseof a variance2 gaussiannoise. We decreased
thenumberof correspondencesin eachfacetfrom 10 to 1
andtrackedthesurfacethroughoutthe50 framesof these-
quence.For eachframe,we computedthe medianvertex-
to-ground-truthdistanceandmedianreprojectionerror. For

� = 1 � = 2
Figure6. Introducingnon-convex inextensibility constraints,for
noisevariance� = 1 and2. SinceCFSQPcanhandlesuchcon-
straints,we introducetheminto our CFSQPformulationand,as
in Fig. 5, comparetheresults(in blue)againstthoseof SOCP(in
red). In addition to being much slower, CFSQPgives unstable
resultsandfails to convergein someframesafter2000iterations.

Figure7. In�uenceof thenumberof correspondencesin eachfacet
on thereconstructionfor noisevariance� = 2. We decreasedthe
numberof correspondencesper facetfrom 10 to 1, and display
the median(red line) andmaximum(blue crosses)valuesof the
sameerrorsasin Fig. 5. We show the3–D distanceerrorsin the
left image,andthereprojectionerrorsin the right one. Note that
the 3–D vertex-to-surfacedistanceis little affectedby the corre-
spondences,whereasthe reprojectionerror decreasesin a more
noticeablemanner.

eachnumberof correspondencesper facet,we displayon
the left image, the medianand maximumvaluesof such
3–D distancesover the sequence,andon the right image,
the medianandmaximumvaluesof suchreprojectioner-
rorsoverthesequence.Thenumberof correspondenceshas
little in�uence on the3–D distances,sincetheverticescan
slide along the true surfacewithout changingthesemea-
sures. The reprojectionerrorsaremorestronglyaffected,
but notethat, from 4 correspondencesper facet,they drop
below onepixel. Of course,this still assumesat leastone
correspondencein eachfacet. With sucha weakdeforma-



Figure8. Reconstructinga deformingsheetof paperfrom a 116framesvideo. Themeshis reprojectedin the imagein the top row and
seenfrom adifferentperspective in thebottomone.Eventhoughnosmoothnessconstraintwasenforced,thealgorithmcorrectlyrecovered
smoothdeformations.

tion model, if somefacetsdid not containany, the recon-
structionwould inevitably degrade.This would especially
bethecasefor facetson theboundaryof thesurface,since
their verticesareconstrainedby fewer neighborsthan the
onesin themiddle.

4.2. Real Data

We now show reconstructionresultsof real deformable
surfacesmadeof paper, cloth, andplastic. The video se-
quenceswereacquiredwith anordinarydigital camera.Due
to their very differentphysicalproperties,the behavior of
thesurfacesrangesfrom smoothdeformationsfor thepaper
to sharpfolds andcreasesfor the cloth andplastic. How-
ever, no parametertuningwasnecessaryto obtainthesere-
sultswith our algorithm. Videosof all theexamplesof the
sectionaresubmittedassupplementarymaterial.

SmoothDeformations As a�rst experimentonrealdata,
we considereda sheetof paperthatwe modeledasan 88-
vertex mesh.Fig. 8 shows thatwe canretrieve thecorrect
shapeof a surfacethatdeformssmoothly, eventhoughour
formulationinvolvesno explicit penaltytermon thecurva-
tureof thereconstructedsurface.

Sharper Folds Becausewe do not penalizecurvature,
nothingstopsourmethodfrom recoveringthecorrectshape
in thepresenceof foldsandcreases,asdemonstratedby the
reconstructionof the pre-foldedsheetof paperof Fig. 9,
theplasticbagof Figs.10 and11,andthepieceof cloth of
Figs.12 and13. All theseexampleswould createproblems
for approachesto surfacereconstructionthatimposestrong
smoothnessconstraints.

5. Conclusion

In this paper, we have presentedanapproachto retriev-
ing the shapeof a deformablesurfacefrom a singlevideo
using convex optimization in the form of SecondOrder
ConeProgramming.To this end,we have formulatedboth
theconstraintsimposedby the3–Dto 2–Dcorrespondences
andtheadditionalshapeconstraintsrequiredto handlethe

depthambiguitiesasSOCPconstraints.Theseshapecon-
straintsrestrict the motion from oneframeto the next but
do not imposeunwarrantedsurfacesmoothness.This lets
us recover sharpfolds andcreasesthat would createprob-
lemsfor moststandardtechniques,andyields muchfaster
convergencethan constrainednonlinearleast-squareopti-
mizationfor quantitatively equivalentresults.

In futurework, we intendto show thata wider arrayof
constraintscanalsobeexpressedin a convex optimization
framework suchasSOCPor themoregeneralSemide�nite
Programming,sothatadditionalsourcesof imageinforma-
tion canbeexploited.Wewill thereforeexploreapproaches
to reparameterizingthereconstructionproblemin termsof
variablesthat result in convex formulationsof constraints
thatinitially werenot,aswasdonein [20] in thecontext of
imagemanifoldlearningunderlocal isometryassumptions.
We further intendto build strongerdeformationmodelsof
lower dimensionalityby learningthemfrom training data.
Sincesuchdatais rarelyavailable,we seetheproposedap-
proachasapracticalsolutionto theproblemof genericdata
acquisition.
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Figure11. Recovering morecomplex deformationsof the plasticbag. The �rst two rows depict the reprojectionof the meshinto the
original imagesandthemeshseenfrom a differentperspective asbefore.In thethird row, we overlaythemeancurvatureof therecovered
surfaceontheimages.Thehighcurvatureareas,shown in red,correspondto theactualcreasesthatcanbeseenin thetoprow. In thefourth
row, we overlaythelevel-linesof constantz on theimages.Werecommendviewing thelasttwo rows in colorasthey mightbedif�cult to
interpreton a greyscaleprintedcopy.

Figure12.Recoveringthedeformationsof a pieceof cloth with severalfolds.

Figure13.Anotherexampleof a differentdeformationof thatsamecloth in a 61 framessequence.


