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Abstract

In recentyears, 3D deformablesurfacereconstruction
from singleimages has attractedrenavedinterest. It has
beenshownthat preventingthe surfacefrom either shrink-
ing or stretching is an effectiveway to resolvethe ambigu-
ities inherentto this problem. However, while the geodesic
distanceson the surfacemay not changg, the Euclidean
onesdeceasewhenfolds appear Theefore, whenapplied
to discrete surfacerepresentationssuc constant-distance
constaints are only effectivefor smoothlydeformingsur
faces,and becomeinaccurate for more exible onesthat
canexhibit sharpfolds. In sud casessurfacepointsmust
beallowedto comecloserto ead other

In this paper we showthat replacingthe equality con-
straints of earlier appradcesbyinequalityconstaintsthat
let the meshrepresentatiorof the surfaceshrink but not ex-
pandyieldsnotonly a more faithful representationbut also
a corvex formulation of the reconstructiorproblem. Asa
result,we can accumately reconstructsurfacesundegoing
comple deformationsthat include sharp folds from indi-
vidualimages.

1. Intr oduction

Being ableto recover the 3D shapeof deformablesur
facesusinga singlecameravould make it possibleto eld
reconstructiorsystemsthat run on widely available hard-
ware. However, becauseamary different3D shapescan
have virtually the sameprojection,suchmonocularshape
recoveryis inherentlyambiguous.

The solutionsthat have beenproposedover the years
mainly fall into two classes:Thosethat involve physics-
inspiredmodels[23, 6, 15, 14, 17, 16, 25, 2] andthosethat
rely on a non-rigid structure-from-motiorapproacH5s, 27,
1, 12, 24, 26]. The former solutionsoften entail design-
ing complex objective functionsandrequirehard-to-obtain
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Figure 1. Reconstructiorof highly e xible surfacesundegoing
complex deformations.Top Row: Reconstructe@D meshover-
laid ontheinputimage.BottomRow: Sideview of thesameamesh.
As canbe obsered from the sideview, our methodcorrectlyre-
coversthefolds of thecloth andof thet-shirt.

knowledgeaboutthe precisematerialpropertiesof the tar-
get surfaces. The latter dependon points being reliably
tracked in imagesequenceandare only effective for rel-
atively smalldeformations.

Recently it has beenshavn that simply constraining
the distancesbetweenselectedsurface points to remain
constantis enoughto recover 3D shapefrom a singlein-
putimage,providedthat point correspondencesanbe es-
tablishedwith a referenceimage in which the shapeis
known [20, 8, 19]. This makesit an attractive alternatve
to the techniquesnentionedabove whendealingwith ma-
terialssuchaspaperor cardboardhatdo not fold sharply
However, whendealingwith more e xible materialssuch
as the cloth and the t-shirt of Fig. 1, preventing surface
pointsfrom moving closerto eachotheris anoverly strong
constraint. As shavn in Fig. 2, eventhoughthe geodesic
distancedetweensurface pointsremainconstant the Eu-
clideanonesdecreassvhenfolds appear

In this paper we proposea corvex formulationthatlets
us correctly modelfolds and recover complex 3D shapes
without requiringaninitial guess.To this end,we replace



Figure 2. Schematicrepresentatiorof why inextensibility con-
straintsareill-suited. Left: Two pointsof thediscreterepresenta-
tion of a continuoussurfacein its restcon guration. Right: When
deformed,while the geodesidistancebetweenthe two pointsis
presered, the Euclideanone decreasesThis suggestghat dis-
tanceinequalityconstraintshouldbe usedratherthanequalities.

thedistancesqualityconstraintof earliertechniquedy in-
equality constraintsthat allow the verticesof the surface
meshrepresentatiomo comecloserto eachother, but pre-
ventthemfrom moving furtheraparthantheirgeodesidis-
tance.Becausef the scaleambiguityinherentto monocu-
lar shapereconstructionthesenequalityconstraintsio not
fully disambiguatehe problemon their own; the surface
cansimply shrink until all distancesare below the thresh-
old. We overcomethis problemby maximizingthedistance
to the cameraof selectedsurfacepointsundertheinequal-
ity constraintsThis canbeformulatedasmaximizingalin-
ear criterion underlinear and quadraticconstraintswhich
yields a corvex problemthat canbe solved using standard
mathematicatoutines[4].

Furthermore when there are too few correspondences

for shapeecoveryto beeffective without additionalknowl-
edgeweintroducealinearlocal surfacedeformatiormodel
anda motion modelthat presere the corvexity of our for-
mulation. Thesemodelsadequatelyll in themissinginfor-
mationwhile being e xible enoughto allow reconstruction
of complex deformationsuchasthoseof Fig. 1.

2. Related Work

3D reconstructiorof non-rigid surfacesfrom singleim-
agesis a severely underconstrainedoroblem since mary
differentshapegsanproduceverysimilarprojections.Many
methoddavethereforebeenproposedvertheyearso give
preferencao the mostlikely shapesand disambiguatehe
problem.

Theearliestapproachewereinspiredby physicsandin-
volved minimizing the differencebetweenan internal en-
ergy representinghe physicalbehaior of the surfaceand
an externalonederived from imagedata[23]. Many vari-
ations,suchasballoons[6], deformablesuperquadricfl5]
and thin-platesunder tension[14], have since beenpro-
posed Modal analysisvasappliedto reducethe numberof
degreesof freedomof the problemby modelingthe defor
mationsaslinearcombination®f vibrationmodeq17, 16].
Sincetheseformulationsoversimplify reality, especiallyin
the presencef large deformationsmoreaccuratebut also
morecomple non-lineamrmodelswereproposed?25, 2]. In
short,eventhoughincorporatingphysicallaws into the al-
gorithmsseemsanatural, the resultingmethodssuffer from

two majordrawvbacks.First, onemustspecify materialpa-
rameterghataretypically unknavn. Secondmakingthem
accuratean the presencef large deformationgequiresde-
signingvery complex objective functionsthatareoften dif-
cult to optimize.

Methodsthat learn modelsfrom training datawere in-
troducedo overcometheseimitations. Active Appearance
Models pioneeredthis approachfor faces[7] in 2D and
were quickly followed by 3D MorphableModels[3]. As
in modal analysis,surface deformationsare expressedas
linear combinationsof deformationmodes. Thesemodes,
however, are obtainedfrom training examplesratherthan
from stiffnessmatricesand can thereforecapturemore of
thetruevariability, but only whensufcient trainingdatais
available.

Non-rigid structure-from-motiormethodsexpandedon
this idea by simultaneouslyrecovering the shapeand the
modesfrom imagesequencefs, 27, 1, 12, 24, 26]. While
thisis avery attractve idea,few implementationgretruly
practicalbecausehey requirepointsto betrackedthrough-
out the whole sequenceFurthermorethey areonly effec-
tive for relatively small deformationssince using a large
numberof deformatiormodesmakesthesolutionmoream-
biguous.

Severalmethodshave recentlybeenproposedo recover
the shapeof inextensiblesurfaces. Someare speci cally
designedfor applicable surfaces, such as sheetsof pa-
per[9, 11, 18]. Othersexplicitly incorporatethe fact that
the distancesdetweensurfacepoints mustremainconstant
asconstraintsn thereconstructiomprocesg20, 8,19]. This
approachs a very attractve alternatve to the earliertech-
nigues,sincemary materialsdo not perceptiblyshrink or
stretchasthey deform. However, asmentionedabove, be-
causedhedistancebetweerpointsof adiscretesurfacerep-
resentatiortandecreasén the presencef folds, thesecon-
straintsare too restrictve for very e xible materials. By
contrast,the approachwe proposerelies on distancein-
equalities,which are bettersuitedfor sharplyfolding sur
faces.Furthermoresuchconstraintsyield a corvex formu-
lation thatcanbe maderobustto noiseandmismatches.

3. Problem Formulation

We now introduceour corvex formulationof the 3D re-
constructionproblem. We representhe surfaceasa trian-
gulated3D meshand assumeave are given a setof corre-
spondencebetweerBD surfacepointsand2D locationsin
aninput image. In practice,we obtainthem by matching
SIFT featured13] betweertheinputimageandareference
imagein which we know the surfaceshape.The 2D points
in thereferencémagecorrespondo 3D pointsonthemesh
thatwe expressin termsof the barycentriccoordinatesvith
respecto thefacetthey belongto.

To simplify our notationswe expressall 3D coordinates



in the camerareferential. This entailsno loss of general-
ity sincethe surfacecan move rigidly with respectto the
camera.

3.1 Noise-FreeShapeRecovery

Let A bethe matrix of known internalcameraparame-
tersandq; = [u; vi]T afeaturepointin theinputimage.
Theline-of-sights; de ned by q; canbewrittenas
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Let p; bethe 3D point projectingat g;. In the absencef
noise,the positionof p; is entirely de ned by its distance
di from thecameraalongs;. Furthermoreif p; belongsto
the facetwhoseverticesarev;, vy, andv,, it canalsobe

expresseds
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whereld , ¥, andl areits barycentriccoordinates.

Given N. such correspondencespreadover all the
facetsof a mesh,recoveringits 3D shapeamountsto solv-
ing the feasibility problem

nd X ;d
subjectto BiX =disi; 1 i N¢;

whereX is thevectorof concatenates-, y-, z-coordinates
of theN, meshverticesd is thevectorof all depthd;, and

B containsthe barycentriccoordinatef each3D points,

asin Eq. 2 but rearrangedo accounffor vertex orderin the

completemesh.

In theabsencef additionnalconstraintsthe surfacecan
be scaledandstill reprojectat the sameplace. This canbe
avoided by imposinginextensibility constraintgo recover
the surface whose edgelengthsare the sameas those of
thereferenceshape However, asillustratedby Fig. 2, such
constraintsare violated when folds appearbetweenmesh
vertices. It is thereforetruer to reality to replacethe inex-
tensibility constraintsy constraintghatallow thevertices
to comecloserto eachother, but not to move furtherapart
thantheir geodesiadistance. For all pairs of neighboring
verticesvj andvy, we thereforewrite

i 3)

wherel;y is thegeodesidistancebetweerthe vertices.
This preventsthe surfacefrom expandingbut not from
shrinking to a single point. However, this can easily be
remedieddy exploiting thefactthat,in theperspectie cam-
era model, the lines-of-sightare not parallel. Thus the
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largestdistanceébetweertwo pointsis reachedvhenthesur
faceis furthestaway from the cameraTherefore anontriv-
ial reconstructiortanbe obtainedby solvingthe problem

Xe
maximize di (4)
X:d i=1
subjectto BiX =disi; 1 i Ng;
kv Vj k |j;k ; 8(J; k) 2 E;

whereE is the setof all meshedges.This maximizationof
a linear criterion underlinear and quadraticconstraintss
a corvex problemthat canbe easilysolved usingstandard
mathematicatoutines[4].

3.2 Dealingwith Image Noise

Whereas, given perfect correspondences3D surface
points are completelyde ned by their depth,they should
be allowed to move away from the lines-of-sightif the lo-
cationsq; areinaccurateTo thisend,ratherthatforcingpi
to lie onits line-of-sightandmaximizingd; , we consideiits
projectionon the line-of-sight s;, which canbe computed
as

G = pisi;
= X"Bls: (5)

Replacingd; by d in the problemof Eq. 4 yieldsthe new
optimizationproblem

max)i(mize XTB s (6)
i=1
subjectto kvi vjk ljx ; 8(j; k) 2 E:

We cannot,however, obtain a meaningfulsolution by
simply solving this problembecauseothingforcesthe 3D
point projectionsto remaincloseto their correspondingm-
agelocations. Therefore we needto introducea termthat
explicitly penalizedadreprojectionsandusethe formula-
tion introducedin [20]: Enforcingcorrectreprojectioncan
beachievedby minimizingkMX kwhereM isamatrixthat
depend®ntheimagelocationsandbarycentriccoordinates
of the correspondencesiore speci cally, M is formedby
concatenatingheindividual projectionequationswrittenas

2 3
. Vj
HH bBH HH 4v5=0; ©)
Vi
with
H=Ay, 53 0 A, 8)
Vi

whereA > 3 arethe rst two rowsof A, andA ;3 is thethird
one.



In theend,we thereforerecoverthe shapeby solvingthe
problem

max)i(mize wg XTBlsi kMX k 9)
i=1
subjectto kvy vjk Ik ; 8(; k) 2 E;
wherewy is a weightthat controlstherelative in uence of
depthmaximizationandimageerrorminimization.In prac-
tice, we setwy to 2/3 becausecomputingdepthsinvolves
3N, valuesagainst2N projectionequations. This opti-
mizationproblemremainscorvex andcanbe solvedby in-
troducingaslackvariable[4].

An alternatve to this formulation would have beento
usetheL; -normassuggestedn [10]. Thatapproachn-
volves nding a solutionfor which all reprojectionerrors
are smallerthan a thresholdthat is iteratively decreased.
We experimentedwith it in our framewnork. However, be-
causeve simultaneouslynaximizedepthsJargethresholds
allowed incorrectdeformationsthat preventedthe process
from corvergingtowardsa meaningfulsolution.

In additionto noise,correspondencenayincludegross
errors.Toremovethem,weimplementedaniterative proce-
durethat decreases radiusinside which correspondences
areconsideredhsinliers. In practice,we initialize this ra-
diusto 50 pixelsanddivide it by 2 at every iteration. Fur
thermoreateachiteration,eachvalid correspondencequa-
tion is assigned weightw; computedas

€
median(g ; 1 |

Wi = exp (10)

Nin ) ,
whereg, is thereprojectionerror of correspondence and

Nin isthenumberof inliers. Thismadeourapproachobust
to noiseandoutliers.

4. Using Deformation Models

In the previous section,we presenteénapproacho re-
constructdeformablesurfacesfrom a single image given
correspondencelsetweenthat image and a referenceim-
agewith a known shape.Our algorithmis robustto noise
andoutliers,but requiresmatchesverthewhole surfaceto
correctlyreconstructll of it. In practice,suchcorrespon-
dencescanonly be obtainedif the surfaceis consistently
well textured. Sincethis rarely is the case,we now intro-
ducemodelsthat supplythe missinginformationwhile al-
lowing usto retainour corvex formulation.

In thissectionwe rst presentlinearlocal deformation
modelthat constrainghe poorly-textured partsof the sur
faceto assumameaningfulshapesThis allows usto recon-
structsurfacesfrom sparsesetsof correspondencesyhich
isthebestwe candogivenonly oneimage.If weareinstead
givenashortsequencesuchas3 consecutie videoframes,

(@) (b) (©)
Figure 3. Syntheticdata. (a) Undeformedmeshthat wasrecon-
structedfrom a motion capturesystemseenfrom the viewpoint
usedto generatecorrespondenceqb) Samemeshin the largest
deformationof our data.(c) We texturedthe meshego createim-
agesin whichwe establishedorrespondenceassingSIFT.

we cancomputeheshapéan eachframesimultaneousland
exploit the temporalconsisteng of motionto preventjitter
from oneframeto the next. In otherwords,givena com-
pletevideosequenceye canreconstruc8D shapesn each
individual framebut the motion,while roughlycorrect,will
look jerky. By contrastjf we computeit over batchesf 3
frames,it will look muchsmootheraswill be seenin Sec-
tion 5.

4.1 Linear Local Models

Representinghe shapeof a non-rigid surfaceasa lin-
earcombinatiorof basisvectorsis awell-known technique.
Sucha deformationbasiscanbe obtainedby modalanaly-
sis[17, 16], from training data[7, 3], or directly from the
images[27, 1, 12, 24, 26]. Here,we follow a similaridea,
but, ratherthan introducinga single model for the whole
surface,we representhe deformationof eachlocal patch
asalinearcombinationof modes.Not only doesthis yield
a more e xible global model, but it alsolets us explicitly
accountfor the fact that partsof the surfacearemuchless
texturedthanothersandshouldthereforerely morestrongly
onthedeformationmodel. This would not be possiblewith
a global representatioryvhich would either penalizecom-
plex deformationsexcessiely, or allow the poorly textured
regionsto assumaunlikely shapes.

Let X bethex-, y-, z-coordinate®f anN; N, square
patchof themesh.We modelthevariationsof X ; asalinear
combinationof N, modeswhich we write in matrix form
as

Xi=X+ ¢ ; (11)
whereX ? representthe coordinate®f the patchin theref-
erencdamage, isthematrixwhosecolumnsarethemodes,
andc; is the correspondingsector of modesweights. In
practice,the columnsof  containthe eigervectorsof the
training datacovariancematrix, computedby performing
Principal ComponentAnalysison a setof deformed5 5
mesheghat were obtainedby simulatinginextensiblede-
formations. Furthermoreto dealwith arbitrarily comple
local deformationsyve useall N? modes.



The standardapproachwhenusinga linear modelis to
replacethe original unknovnsby the modesweights.How-
ever, sincewe modelthe global surfacewith overlapping
local patchesgdoing sowould not guaranteg¢hatthe shapes
predictedby theweightsassociatedb two suchpatchesare
consistent. Fortunately since the deformationmodesare
orthonormal,the coefcients ¢; of Eq. 11 canbe directly
computedrom X; asc¢; = Xi X io . We therefore
usethe sameglobal surfaceunknonvn X asbeforeanden-
couragets patchedo follow our linearlocal model. Since
we useall themodesthis canbedoneby simply penalizing

1=2 (12)

c = T XoX?

which measurefiow farthec;, andthereforeX, arefrom
thetrainingdata,andwhere isadiagonalmatrixthatcon-
tainsthe eigervaluesassociatedavith the eigervectorsin
We canthendejrée theglobalregularizationterm

P

Er(x): Wi 1=2 T xi
i=1

by summingthemeasuref Eq.12 overall N, overlapping
patchesn themesh.w' is aweightdesignedo accountor
thefactpoorly-texturedareasshouldrely morestronglyon
themodelthanwell-texturedones.In otherwords,it should
beinverselyproportionato thenumberof correspondences.
Wede neit as

X9 (13)

Ne
medianNk > 0; 1 k Np)

whereN ! is thenumberof matchesn patchj .

Sincethisnew regularizatiortermhasaquadratidormu-
lation similar to the one usedfor projectionequationswe
canincludeit in the corvex optimizationproblemof Eq. 9,
whichyieldsthe new problem

w' = exp ;. (14)

max)i(mize Ef (X) W E((X) (15)

li 5 8(; k) 2 E;
where E¢ (X) containsthe depths and correspondence
termsof Eq. 9. w, controlsthe amountof regularization
we want to imposeandits exact value hasrelatively little
in uence onthe nal resultaslong asit is large enoughto
have a noticeableeffect.

Note that our linear local modelsare in the samespirit
asthoseintroducedn [21], but without having to explicitly

introduceeitheradditionallatentvariablesor asophisticated
non-lineamodel.

subjectto kv vjk

4.2 Motion Model

In presencef a video sequencegr of several consecu-
tive imagesmotion canalsoactasa reliablecueto recon-
structdeformablesurfaces.Indeedwe expectthe deforma-
tionsof thesurfacebetweerconsecutieframesto becoher
ent. We canthereforeusethisinformationto link theshapes
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Figure 4. Comparisonof our approachwith the one proposed
in [20] on syntheticdata. Top: We sampledthe facetsof 3D
meshegeconstructedrom an optical motion capturesystemto
createcorrespondencet® which we addedgaussiamoise with
varianceb5. We plot the meanvertex-to-vertex reconstructiorer-
rorsasafunctionof time for themethodof [20], andour approach
with andwithout usinga deformationmodel,which, in this case,
makesalmostno difference.Bottom: We texturedthe 3D meshes
andprojectecthemto synthesizémagesirom whichwe extracted
SIFT correspondencediVe plot the sameerrorsasbefore. Note
thatour approachperformssigni cantly betterin the middle part
of thesequenceyhich correspondso thelargestdeformations.

in threeimageswith a secondordermotion model. To this
end,we minimizethe errorbetweerthe model's prediction
andthetrue motion,which canbewritten as

Em(X' L X5X") = Xt 1 2Xt+ X" (16)

whereX ! is thevectorof meshverticesattimet. Sincethis
againinvolvesasimilar quadratidormulationasbefore we
canintroduceit in our corvex optimizationproblem,which
becomes

H t+ t 1oyt t+1
maximize 1Et(X ) WmEm(X® X5 XT)(17)
subjectto kv Vi ki ; 8(j; k) 2 E;

2f 1,019 ;

whereE, (X!) is the global objective function for a single
framegivenin the optimizationproblemof Eq. 15,andw,
setsthein uence of the motion model. In the experiments
wherewe usedthe motionmodel,w,, wassetto 100.
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Figure5. Visualcomparisorof thelargestdeformationof the syn-
thetic sequenceFrom left to right: Ground-truthmesh,meshre-
coveredwith theapproachproposedn [20], meshrecoreredwith
our approachusinga deformationmodel. Note that our approxi-
mationis betterthanthatof theearliermethod.

5. Experimental Results

We now presentresultsobtainedon syntheticand real
data by solving the optimization problem of Egs. 9, 15,
or 17 dependingon whetherwe useda modelor not. To
this end, we usedthe matlab SeDuMi package[22], that
effectively solvescornvex optimizationproblems.

5.1 Synthetic Data

We appliedour approachto syntheticdatato quantita-
tively evaluateits performanceandto comparet againsta
state-of-the-artechnique.To make our experimentsasre-
alisticaspossiblewe obtained3D meshessuchasthoseof
Fig. 3(a,b),by deforminga e xible pieceof clothin front
of anopticalmotioncapturesystem We thencreateccorre-
spondenceby randomlysamplingthe barycentriccoordi-
natesof the meshfacetsandprojectingthemwith a known
cameraWe addedzero-meargaussiamoisewith variance
5 to theimagelocations. In Fig. 4(a), we comparethe re-
sultsof our techniquewith thoseobtainedwith the method
proposedn [20]. We plot the meanvertex-to-vertex dis-
tancebetweenthereconstructeaneshandthe ground-truth
one. In Fig. 5, we visually comparethe resultsof both ap-
proachedor the largestdeformationof the sequenceNote
thatour approactperformsbetterbothwith andwithoutus-
ing the deformationmodels.To evenmoreaccuratelysim-
ulatereal data,we texturedthe meshesand generatedm-
ages,suchasthe one of Fig. 3(c), with uniform intensity
noisein therange[ 10;10] We thenobtainedcorrespon-
dencesy matchingSIFT featuresbetweenra referencem-
ageandtheinputimages.Fig. 4(b) depictsthe sameerrors
asbeforecomputedrom thesecorrespondencesgll results
presentedabove were obtainedfrom single images,since
enoughcorrespondencesould be establishedand, there-
fore, the motionmodelof Section4.2 broughtno improve-
ment. Finally, we testedthe robustnes®of our approacho
outliershy assigningandomimagelocationsto agivenper
centageof the correspondence Fig. 6, we plot themean
reconstructiorerror over the sequenceasa function of the
outlier ratewith andwithout usingthe deformationmodel.
In this case the motionmodelprovedhelpful to furtherim-
provetheresults particularlyin the casewhenno deforma-
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Figure6. We addedoutliersto our syntheticcorrespondenceand
computedthe shapeswith (red) and without (blue) deformation
models. We plot the averageover the sequencef the vertex-to-
vertex meandistancesas a function of outlier rate. Top: Errors
without usingour motionmodel.Bottom: Smallererrorsusingit.

tion modelwasused. As canbe obsened from the plots,
our methodis robustto up to 40% of outliers.

5.2 Reallmages

We testedour approachon real imagestaken with a 3-
CCD DV camera.We recoveredthe deformationsof e xi-
ble objectssuchasthecloth of Fig. 7, thecushionof Fig. 8,
andthe t-shirt of Fig. 9. Due to the partial lack of texture
andthe possiblemismatchegyeneratedy SIFT, thesere-
sults were computedusing the local deformationmodels.
As a consequencef having poor correspondencegarts
of the surfaceare sometimesot reconstructedbsolutely
correctly However, thanksto our local deformationmod-
els, their shapeemainsmeaningful.ln eachoneof the g-
ures,we showv the meshrecoveredusingthe motion model
overlaid on the input image, the samemeshseenfrom a
differentviewpoint, and the reconstructiorobtainedwith-
outusingthe motionmodel. While, from staticimagesthe
meshe®btainedwith andwithout usingthe motion model
look very similar, it canbe seenfrom the videosthat the
motion model greatly stabilizesthe results. In Fig. 7, we
also shav the reconstructionobtainedby using the tech-
niqueof [20]. As expectedjt oversmootheshe sharpfolds
whereasur methodyields moreaccurateeconstructions.



Figure7. Reconstructiomf adeformingcloth. Fromtopto bottom: Meshrecoveredusingthemotionmodeloverlaidontheoriginalimage,
samemeshseenfrom anothewiewpoint, meshrecoveredwithout usingthe motionmodel,meshrecoveredwith the methodof [20]. Note
thattheir methodoversmootheshe sharpfolds whereasoursyieldsmoreaccurateeconstructions.

6. Conclusion

In this paper we have presentedh corvex formulation
to the problemof recoveringthe 3D shapeof sharplyfold-
ing surfaces.Becausehe Euclideandistancebetweentwo
surfacepoints may decreasavhen folds appeayrthe usual
distanceequalityconstraint@reonly adaptedo reconstruct
smoothlydeformingsurfaces We havethereforantroduced
inequality constraintghat prevent pointsfrom moving fur-
therapartthantheir true geodesialistance put allow them
to comecloserto eachother Maximizing the distanceof
surfacepointsto the cameraundertheseconstraintsin con-
junction with local deformationmodelsif necessaryhas
proved effective to recover the complex deformationsof

e xible materialsfrom relatively sparsenoisy correspon-
dences.

In future work, we will seekto remove the requirement
for a referenceimagein which we know the shapeand,
instead, exploit temporal motion consisteng more thor-
oughly. More speci cally, the frame-to-framemotion of
individual meshfacetscan be recoveredfrom correspon-
denced28] but the estimatesareboundto be noisy. How-
ever, consideringall meshfacetssimultaneouslhover short
sequenceandimposinglocal deformationmodelssuchas
the onesof Section4.1 will give rise to equationghatare
formally very similarto theonespresentedh this paperand
shouldthereforebe solvablein a similar manner
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