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Abstract

In recentyears, 3D deformablesurfacereconstruction
from single imageshasattractedrenewedinterest. It has
beenshownthat preventingthesurfacefromeithershrink-
ing or stretching is an effectiveway to resolvetheambigu-
ities inherent to this problem.However, while thegeodesic
distanceson the surfacemay not change, the Euclidean
onesdecreasewhenfoldsappear. Therefore, whenapplied
to discretesurfacerepresentations,such constant-distance
constraints are only effectivefor smoothlydeformingsur-
faces,and becomeinaccurate for more �exible onesthat
canexhibit sharpfolds. In such cases,surfacepointsmust
beallowedto comecloserto each other.

In this paper, we showthat replacingthe equalitycon-
straintsof earlier approachesby inequalityconstraintsthat
let themeshrepresentationof thesurfaceshrinkbut notex-
pandyieldsnotonlya morefaithful representation,but also
a convex formulationof the reconstructionproblem. As a
result,we can accurately reconstructsurfacesundergoing
complex deformationsthat include sharp folds from indi-
vidual images.

1. Intr oduction

Being able to recover the 3D shapeof deformablesur-
facesusinga singlecamerawould make it possibleto �eld
reconstructionsystemsthat run on widely available hard-
ware. However, becausemany 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-rigidstructure-from-motionapproach[5, 27,
1, 12, 24, 26]. The former solutionsoften entail design-
ing complex objective functionsandrequirehard-to-obtain

� This work has beenfunded in part by the SwissNational Science
Foundation

Figure 1. Reconstructionof highly �e xible surfacesundergoing
complex deformations.Top Row: Reconstructed3D meshover-
laid ontheinputimage.BottomRow: Sideview of thesamemesh.
As canbe observed from the sideview, our methodcorrectlyre-
coversthefoldsof theclothandof thet-shirt.

knowledgeabouttheprecisematerialpropertiesof the tar-
get surfaces. The latter dependon points being reliably
tracked in imagesequencesandareonly effective for rel-
atively smalldeformations.

Recently, it has beenshown that simply constraining
the distancesbetweenselectedsurface points to remain
constantis enoughto recover 3D shapefrom a single in-
put image,provided thatpoint correspondencescanbe es-
tablishedwith a referenceimage in which the shapeis
known [20, 8, 19]. This makesit an attractive alternative
to the techniquesmentionedabove whendealingwith ma-
terialssuchaspaperor cardboardthatdo 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 shown in Fig. 2, even thoughthe geodesic
distancesbetweensurfacepointsremainconstant,the Eu-
clideanonesdecreasewhenfoldsappear.

In this paper, we proposea convex formulationthat lets
us correctly model folds and recover complex 3D shapes
without requiringan initial guess.To this end,we replace
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Figure 2. Schematicrepresentationof why inextensibility con-
straintsareill-suited. Left: Two pointsof thediscreterepresenta-
tion of a continuoussurfacein its restcon�guration.Right: When
deformed,while the geodesicdistancebetweenthe two points is
preserved, the Euclideanone decreases.This suggeststhat dis-
tanceinequalityconstraintsshouldbeusedratherthanequalities.

thedistanceequalityconstraintsof earliertechniquesby in-
equality constraintsthat allow the verticesof the surface
meshrepresentationto comecloserto eachother, but pre-
ventthemfrommoving furtherapartthantheirgeodesicdis-
tance.Becauseof thescaleambiguityinherentto monocu-
lar shapereconstruction,theseinequalityconstraintsdonot
fully disambiguatethe problemon their own; the surface
cansimply shrink until all distancesarebelow the thresh-
old. Weovercomethisproblemby maximizingthedistance
to thecameraof selectedsurfacepointsunderthe inequal-
ity constraints.Thiscanbeformulatedasmaximizinga lin-
earcriterion underlinear andquadraticconstraints,which
yieldsa convex problemthat canbe solvedusingstandard
mathematicalroutines[4].

Furthermore,when thereare too few correspondences
for shaperecoveryto beeffectivewithoutadditionalknowl-
edge,weintroducealinearlocalsurfacedeformationmodel
anda motionmodelthatpreserve theconvexity of our for-
mulation.Thesemodelsadequately�ll in themissinginfor-
mationwhile being�e xible enoughto allow reconstruction
of complex deformationssuchasthoseof Fig. 1.

2. RelatedWork

3D reconstructionof non-rigidsurfacesfrom singleim-
agesis a severely under-constrainedproblemsincemany
differentshapescanproduceverysimilarprojections.Many
methodshavethereforebeenproposedovertheyearsto give
preferenceto the most likely shapesanddisambiguatethe
problem.

Theearliestapproacheswereinspiredby physicsandin-
volved minimizing the differencebetweenan internalen-
ergy representingthe physicalbehavior of the surfaceand
an externalonederived from imagedata[23]. Many vari-
ations,suchasballoons[6], deformablesuperquadrics[15]
and thin-platesunder tension[14], have since beenpro-
posed.Modalanalysiswasappliedto reducethenumberof
degreesof freedomof theproblemby modelingthedefor-
mationsaslinearcombinationsof vibrationmodes[17, 16].
Sincetheseformulationsoversimplify reality, especiallyin
thepresenceof largedeformations,moreaccuratebut also
morecomplex non-linearmodelswereproposed[25, 2]. In
short,even thoughincorporatingphysicallaws into theal-
gorithmsseemsnatural,the resultingmethodssuffer from

two majordrawbacks.First, onemustspecifymaterialpa-
rametersthataretypically unknown. Second,makingthem
accuratein thepresenceof largedeformationsrequiresde-
signingverycomplex objective functionsthatareoftendif-
�cult to optimize.

Methodsthat learnmodelsfrom training datawere in-
troducedto overcometheselimitations.ActiveAppearance
Models pioneeredthis approachfor faces[7] in 2D and
werequickly followed by 3D MorphableModels [3]. As
in modal analysis,surfacedeformationsare expressedas
linear combinationsof deformationmodes.Thesemodes,
however, areobtainedfrom training examplesratherthan
from stiffnessmatricesandcan thereforecapturemoreof
thetruevariability, but only whensuf�cient trainingdatais
available.

Non-rigid structure-from-motionmethodsexpandedon
this idea by simultaneouslyrecovering the shapeand the
modesfrom imagesequences[5, 27, 1, 12, 24, 26]. While
this is a very attractive idea,few implementationsaretruly
practicalbecausethey requirepointsto betrackedthrough-
out thewholesequence.Furthermore,they areonly effec-
tive for relatively small deformationssinceusing a large
numberof deformationmodesmakesthesolutionmoream-
biguous.

Severalmethodshaverecentlybeenproposedto recover
the shapeof inextensiblesurfaces. Someare speci�cally
designedfor applicablesurfaces, such as sheetsof pa-
per [9, 11, 18]. Othersexplicitly incorporatethe fact that
thedistancesbetweensurfacepointsmustremainconstant
asconstraintsin thereconstructionprocess[20, 8, 19]. This
approachis a very attractive alternative to theearliertech-
niques,sincemany materialsdo not perceptiblyshrink or
stretchasthey deform. However, asmentionedabove, be-
causethedistancesbetweenpointsof adiscretesurfacerep-
resentationcandecreasein thepresenceof folds,thesecon-
straintsare too restrictive for very �e xible materials. By
contrast,the approachwe proposerelies on distancein-
equalities,which arebettersuitedfor sharplyfolding sur-
faces.Furthermore,suchconstraintsyield a convex formu-
lation thatcanbemaderobustto noiseandmismatches.

3. Problem Formulation

We now introduceour convex formulationof the3D re-
constructionproblem. We representthesurfaceasa trian-
gulated3D meshandassumewe aregiven a setof corre-
spondencesbetween3D surfacepointsand2D locationsin
an input image. In practice,we obtain themby matching
SIFT features[13] betweentheinput imageandareference
imagein which we know thesurfaceshape.The2D points
in thereferenceimagecorrespondto 3D pointson themesh
thatweexpressin termsof thebarycentriccoordinateswith
respectto thefacetthey belongto.

To simplify ournotations,weexpressall 3D coordinates



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

3.1. Noise­FreeShapeRecovery

Let A be thematrix of known internalcameraparame-
tersandq i = [ui vi ]T a featurepoint in the input image.
Theline-of-sightsi de�ned by q i canbewrittenas

si =
A � 1

�
qT

i 1
� T

kA � 1
�
qT

i 1
� T

k
: (1)

Let p i be the 3D point projectingat q i . In theabsenceof
noise,the positionof p i is entirely de�ned by its distance
di from thecameraalongsi . Furthermore,if p i belongsto
the facetwhoseverticesarev j , vk , andv l , it canalsobe
expressedas

p i =
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wherebj
i , bk

i , andbl
i areits barycentriccoordinates.

Given Nc such correspondencesspreadover all the
facetsof a mesh,recoveringits 3D shapeamountsto solv-
ing thefeasibilityproblem

�nd X ; d

subject to B i X = di si ; 1 � i � Nc ;

whereX is thevectorof concatenatedx-, y-, z-coordinates
of theNv meshvertices,d is thevectorof all depthsdi , and
B i containsthebarycentriccoordinatesof each3D points,
asin Eq.2 but rearrangedto accountfor vertex orderin the
completemesh.

In theabsenceof additionnalconstraints,thesurfacecan
bescaledandstill reprojectat thesameplace.This canbe
avoidedby imposinginextensibility constraintsto recover
the surfacewhoseedgelengthsare the sameas thoseof
thereferenceshape.However, asillustratedby Fig. 2, such
constraintsare violated when folds appearbetweenmesh
vertices. It is thereforetruer to reality to replacethe inex-
tensibility constraintsby constraintsthatallow thevertices
to comecloserto eachother, but not to move furtherapart
than their geodesicdistance. For all pairsof neighboring
verticesv j andvk , we thereforewrite

kvk � v j k � l j;k ; (3)

wherel j;k is thegeodesicdistancebetweenthevertices.
This preventsthe surfacefrom expandingbut not from

shrinking to a single point. However, this can easily be
remediedby exploiting thefactthat,in theperspectivecam-
era model, the lines-of-sightare not parallel. Thus the

largestdistancebetweentwo pointsis reachedwhenthesur-
faceis furthestawayfrom thecamera.Therefore,anontriv-
ial reconstructioncanbeobtainedby solvingtheproblem

maximize
X ;d

N cX

i =1

di (4)

subject to B i X = di si ; 1 � i � Nc ;

kvk � v j k � l j;k ; 8(j; k) 2 E ;

whereE is thesetof all meshedges.This maximizationof
a linear criterion underlinear andquadraticconstraintsis
a convex problemthat canbe easilysolved usingstandard
mathematicalroutines[4].

3.2. Dealingwith Image Noise

Whereas,given perfect correspondences,3D surface
pointsare completelyde�ned by their depth,they should
be allowed to move away from the lines-of-sightif the lo-
cationsq i areinaccurate.To thisend,ratherthatforcingp i

to lie on its line-of-sightandmaximizingdi , weconsiderits
projectionon the line-of-sightsi , which canbe computed
as

~di = pT
i si ;

= X T B T
i si : (5)

Replacingdi by ~di in theproblemof Eq. 4 yields thenew
optimizationproblem

maximize
X

N cX

i =1

X T B T
i si (6)

subject to kv k � v j k � l j;k ; 8(j; k) 2 E :

We cannot,however, obtain a meaningfulsolution by
simply solvingthis problembecausenothingforcesthe3D
pointprojectionsto remaincloseto theircorrespondingim-
agelocations.Therefore,we needto introducea termthat
explicitly penalizesbadreprojections,andusetheformula-
tion introducedin [20]: Enforcingcorrectreprojectioncan
beachievedbyminimizingkMX k whereM isamatrixthat
dependsontheimagelocationsandbarycentriccoordinates
of thecorrespondences.More speci�cally, M is formedby
concatenatingtheindividualprojectionequationswrittenas

�
bj

i H bk
i H bl

i H
�

2

4
v j

vk

v l

3

5 = 0 ; (7)

with

H = A 2� 3 �
�
ui

vi

�
A 3 ; (8)

whereA 2� 3 arethe�rst two rowsof A , andA 3 is thethird
one.



In theend,we thereforerecovertheshapeby solvingthe
problem

maximize
X

wd

N cX

i =1

X T B T
i si � kMX k (9)

subject to kv k � v j k � l j;k ; 8(j; k) 2 E ;

wherewd is a weight thatcontrolstherelative in�uence of
depthmaximizationandimageerrorminimization.In prac-
tice, we setwd to 2/3 becausecomputingdepthsinvolves
3Nc valuesagainst2Nc projectionequations. This opti-
mizationproblemremainsconvex andcanbesolvedby in-
troducingaslackvariable[4].

An alternative to this formulation would have beento
usethe L 1 -norm assuggestedin [10]. That approachin-
volves�nding a solution for which all reprojectionerrors
are smaller than a thresholdthat is iteratively decreased.
We experimentedwith it in our framework. However, be-
causewesimultaneouslymaximizedepths,largethresholds
allowed incorrectdeformationsthat preventedthe process
from convergingtowardsameaningfulsolution.

In additionto noise,correspondencesmayincludegross
errors.To removethem,weimplementedaniterativeproce-
durethat decreasesa radiusinsidewhich correspondences
areconsideredasinliers. In practice,we initialize this ra-
dius to 50 pixelsanddivide it by 2 at every iteration. Fur-
thermore,ateachiteration,eachvalidcorrespondenceequa-
tion is assigneda weightwi computedas

wi = exp
�

�
ei

median(ej ; 1 � j � N in )

�
; (10)

whereei is the reprojectionerrorof correspondencei , and
N in is thenumberof inliers. Thismadeourapproachrobust
to noiseandoutliers.

4. Using Deformation Models

In theprevioussection,we presentedanapproachto re-
constructdeformablesurfacesfrom a single imagegiven
correspondencesbetweenthat imageand a referenceim-
agewith a known shape.Our algorithmis robust to noise
andoutliers,but requiresmatchesover thewholesurfaceto
correctlyreconstructall of it. In practice,suchcorrespon-
dencescanonly be obtainedif the surfaceis consistently
well textured. Sincethis rarely is the case,we now intro-
ducemodelsthat supplythemissinginformationwhile al-
lowing usto retainourconvex formulation.

In thissection,we�rst presenta linearlocaldeformation
model that constrainsthe poorly-texturedpartsof the sur-
faceto assumemeaningfulshapes.Thisallowsusto recon-
structsurfacesfrom sparsesetsof correspondences,which
is thebestwecandogivenonlyoneimage.If weareinstead
givenashortsequence,suchas3 consecutivevideoframes,

(a) (b) (c)
Figure3. Syntheticdata. (a) Undeformedmeshthat was recon-
structedfrom a motion capturesystemseenfrom the viewpoint
usedto generatecorrespondences.(b) Samemeshin the largest
deformationof our data.(c) We texturedthemeshesto createim-
agesin whichwe establishedcorrespondencesusingSIFT.

wecancomputetheshapein eachframesimultaneouslyand
exploit thetemporalconsistency of motionto preventjitter
from oneframeto the next. In otherwords,given a com-
pletevideosequence,wecanreconstruct3D shapesin each
individual framebut themotion,while roughlycorrect,will
look jerky. By contrast,if we computeit over batchesof 3
frames,it will look muchsmoother, aswill beseenin Sec-
tion 5.

4.1. Linear Local Models

Representingthe shapeof a non-rigid surfaceasa lin-
earcombinationof basisvectorsis awell-known technique.
Sucha deformationbasiscanbeobtainedby modalanaly-
sis [17, 16], from training data[7, 3], or directly from the
images[27, 1, 12, 24, 26]. Here,we follow a similar idea,
but, ratherthan introducinga single model for the whole
surface,we representthe deformationof eachlocal patch
asa linearcombinationof modes.Not only doesthis yield
a more �e xible global model,but it also lets us explicitly
accountfor the fact thatpartsof thesurfacearemuchless
texturedthanothersandshouldthereforerely morestrongly
on thedeformationmodel.This wouldnotbepossiblewith
a global representation,which would eitherpenalizecom-
plex deformationsexcessively, or allow thepoorly textured
regionsto assumeunlikely shapes.

Let X i bethex-, y-, z-coordinatesof anN l � N l square
patchof themesh.Wemodelthevariationsof X i asalinear
combinationof Nm modes,which we write in matrix form
as

X i = X 0
i + � ci ; (11)

whereX 0
i representsthecoordinatesof thepatchin theref-

erenceimage,� is thematrixwhosecolumnsarethemodes,
and ci is the correspondingvectorof modesweights. In
practice,the columnsof � containthe eigenvectorsof the
training datacovariancematrix, computedby performing
PrincipalComponentAnalysison a setof deformed5 � 5
meshesthat wereobtainedby simulatinginextensiblede-
formations. Furthermore,to dealwith arbitrarily complex
localdeformations,weuseall N 2

l modes.



The standardapproachwhenusinga linear model is to
replacetheoriginalunknownsby themodesweights.How-
ever, sincewe model the global surfacewith overlapping
localpatches,doingsowould notguaranteethattheshapes
predictedby theweightsassociatedto two suchpatchesare
consistent. Fortunately, sincethe deformationmodesare
orthonormal,the coef�cients ci of Eq. 11 canbe directly
computedfrom X i asci = � T

�
X i � X 0

i

�
. We therefore

usethesameglobal surfaceunknown X asbeforeanden-
courageits patchesto follow our linear local model. Since
weuseall themodes,thiscanbedoneby simplypenalizing






 � � 1=2ci






 =






 � � 1=2� T �

X i � X 0
i

� 




 (12)

which measureshow far theci , andthereforeX i , arefrom
thetrainingdata,andwhere� is adiagonalmatrix thatcon-
tainstheeigenvaluesassociatedwith theeigenvectorsin � .
We canthende�ne theglobalregularizationterm

Er (X ) =
N pX

i =1

wi





 � � 1=2� T �

X i � X 0
i

� 




 ; (13)

by summingthemeasureof Eq.12overall Np overlapping
patchesin themesh.wi is a weightdesignedto accountfor
thefactpoorly-texturedareasshouldrely morestronglyon
themodelthanwell-texturedones.In otherwords,it should
beinverselyproportionalto thenumberof correspondences.
We de�ne it as

wi = exp
�

�
N i

c

median(N k
c > 0 ; 1 � k � Np)

�
; (14)

whereN j
c is thenumberof matchesin patchj .

Sincethisnew regularizationtermhasaquadraticformu-
lation similar to the oneusedfor projectionequations,we
canincludeit in theconvex optimizationproblemof Eq.9,
whichyieldsthenew problem

maximize
X

E f (X ) � wr Er (X ) (15)

subject to kv k � v j k � l j;k ; 8(j; k) 2 E ;

where E f (X ) contains the depths and correspondence
termsof Eq. 9. wr controlsthe amountof regularization
we want to imposeandits exact valuehasrelatively little
in�uence on the�nal resultaslong asit is largeenoughto
havea noticeableeffect.

Note that our linear local modelsare in the samespirit
asthoseintroducedin [21], but without having to explicitly
introduceeitheradditionallatentvariablesorasophisticated
non-linearmodel.

4.2. Motion Model

In presenceof a videosequence,or of severalconsecu-
tive images,motioncanalsoactasa reliablecueto recon-
structdeformablesurfaces.Indeed,we expectthedeforma-
tionsof thesurfacebetweenconsecutiveframesto becoher-
ent.Wecanthereforeusethis informationto link theshapes
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Figure 4. Comparisonof our approachwith the one proposed
in [20] on syntheticdata. Top: We sampledthe facetsof 3D
meshesreconstructedfrom an optical motion capturesystemto
createcorrespondencesto which we addedgaussiannoisewith
variance5. We plot the meanvertex-to-vertex reconstructioner-
rorsasafunctionof timefor themethodof [20], andourapproach
with andwithout usinga deformationmodel,which, in this case,
makesalmostno difference.Bottom: We texturedthe3D meshes
andprojectedthemto synthesizeimagesfrom whichwe extracted
SIFT correspondences.We plot the sameerrorsasbefore. Note
thatour approachperformssigni�cantly betterin themiddlepart
of thesequence,whichcorrespondsto thelargestdeformations.

in threeimageswith a secondordermotionmodel. To this
end,we minimizetheerrorbetweenthemodel'sprediction
andthetruemotion,whichcanbewrittenas

Em (X t � 1; X t ; X t +1 ) =



 X t � 1 � 2X t + X t +1




 ; (16)

whereX t is thevectorof meshverticesat timet. Sincethis
againinvolvesasimilarquadraticformulationasbefore,we
canintroduceit in ourconvex optimizationproblem,which
becomes

maximize
X t � 1 ;X t ;X t +1

1X

� = � 1

E t (X t + � ) � wm Em (X t � 1; X t ; X t +1 ) (17)

subject to kv t + �
k � v t + �

j k � l j;k ; 8(j; k) 2 E ;

� 2 f � 1; 0; 1g ;

whereE t (X t ) is the globalobjective function for a single
framegivenin theoptimizationproblemof Eq.15,andwm

setsthe in�uence of themotionmodel. In theexperiments
wherewe usedthemotionmodel,wm wassetto 100.



Figure5. Visualcomparisonof thelargestdeformationof thesyn-
theticsequence.Fromleft to right: Ground-truthmesh,meshre-
coveredwith theapproachproposedin [20], meshrecoveredwith
our approachusinga deformationmodel. Note thatour approxi-
mationis betterthanthatof theearliermethod.

5. Experimental Results
We now presentresultsobtainedon syntheticand real

data by solving the optimization problem of Eqs. 9, 15,
or 17 dependingon whetherwe useda modelor not. To
this end, we usedthe matlabSeDuMi package[22], that
effectively solvesconvex optimizationproblems.

5.1. Synthetic Data
We appliedour approachto syntheticdatato quantita-

tively evaluateits performance,andto compareit againsta
state-of-the-arttechnique.To make our experimentsasre-
alisticaspossible,weobtained3D meshes,suchasthoseof
Fig. 3(a,b),by deforminga �e xible pieceof cloth in front
of anopticalmotioncapturesystem.Wethencreatedcorre-
spondencesby randomlysamplingthe barycentriccoordi-
natesof themeshfacetsandprojectingthemwith a known
camera.We addedzero-meangaussiannoisewith variance
5 to the imagelocations. In Fig. 4(a),we comparethe re-
sultsof our techniquewith thoseobtainedwith themethod
proposedin [20]. We plot the meanvertex-to-vertex dis-
tancebetweenthereconstructedmeshandtheground-truth
one. In Fig. 5, we visually comparetheresultsof bothap-
proachesfor the largestdeformationof thesequence.Note
thatourapproachperformsbetterbothwith andwithoutus-
ing thedeformationmodels.To evenmoreaccuratelysim-
ulatereal data,we texturedthe meshesandgeneratedim-
ages,suchas the oneof Fig. 3(c), with uniform intensity
noisein the range[� 10; 10]. We thenobtainedcorrespon-
dencesby matchingSIFT featuresbetweena referenceim-
ageandtheinput images.Fig. 4(b) depictsthesameerrors
asbeforecomputedfrom thesecorrespondences.All results
presentedabove were obtainedfrom single images,since
enoughcorrespondencescould be established,and, there-
fore, themotionmodelof Section4.2broughtno improve-
ment. Finally, we testedthe robustnessof our approachto
outliersbyassigningrandomimagelocationsto agivenper-
centageof thecorrespondences.In Fig. 6, weplot themean
reconstructionerror over thesequenceasa functionof the
outlier ratewith andwithout usingthedeformationmodel.
In thiscase,themotionmodelprovedhelpful to furtherim-
provetheresults,particularlyin thecasewhennodeforma-
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Figure6. We addedoutliersto our syntheticcorrespondencesand
computedthe shapeswith (red) and without (blue) deformation
models. We plot the averageover the sequenceof the vertex-to-
vertex meandistancesasa function of outlier rate. Top: Errors
withoutusingour motionmodel.Bottom: Smallererrorsusingit.

tion modelwasused. As canbe observed from the plots,
ourmethodis robustto up to 40% of outliers.

5.2. Real Images

We testedour approachon real imagestaken with a 3-
CCD DV camera.We recoveredthedeformationsof �e xi-
bleobjectssuchastheclothof Fig. 7, thecushionof Fig. 8,
andthe t-shirt of Fig. 9. Due to the partial lack of texture
andthe possiblemismatchesgeneratedby SIFT, thesere-
sults were computedusing the local deformationmodels.
As a consequenceof having poor correspondences,parts
of the surfacearesometimesnot reconstructedabsolutely
correctly. However, thanksto our local deformationmod-
els,their shaperemainsmeaningful.In eachoneof the�g-
ures,we show themeshrecoveredusingthemotionmodel
overlaid on the input image, the samemeshseenfrom a
differentviewpoint, and the reconstructionobtainedwith-
outusingthemotionmodel.While, from staticimages,the
meshesobtainedwith andwithout usingthemotionmodel
look very similar, it canbe seenfrom the videosthat the
motion modelgreatlystabilizesthe results. In Fig. 7, we
also show the reconstructionobtainedby using the tech-
niqueof [20]. As expected,it oversmoothesthesharpfolds
whereasourmethodyieldsmoreaccuratereconstructions.



Figure7.Reconstructionof adeformingcloth. Fromtopto bottom:Meshrecoveredusingthemotionmodeloverlaidontheoriginal image,
samemeshseenfrom anotherviewpoint,meshrecoveredwithout usingthemotionmodel,meshrecoveredwith themethodof [20]. Note
thattheir methodoversmoothesthesharpfoldswhereasoursyieldsmoreaccuratereconstructions.

6. Conclusion
In this paper, we have presenteda convex formulation

to theproblemof recoveringthe3D shapeof sharplyfold-
ing surfaces.BecausetheEuclideandistancebetweentwo
surfacepointsmay decreasewhenfolds appear, the usual
distanceequalityconstraintsareonly adaptedto reconstruct
smoothlydeformingsurfaces.Wehavethereforeintroduced
inequalityconstraintsthatpreventpointsfrom moving fur-
therapartthantheir truegeodesicdistance,but allow them
to comecloserto eachother. Maximizing the distanceof
surfacepointsto thecameraundertheseconstraints,in con-
junction with local deformationmodelsif necessary, has
proved effective to recover the complex deformationsof
�e xible materialsfrom relatively sparse,noisy correspon-
dences.

In futurework, we will seekto remove therequirement
for a referenceimage in which we know the shapeand,
instead,exploit temporalmotion consistency more thor-
oughly. More speci�cally, the frame-to-framemotion of
individual meshfacetscan be recoveredfrom correspon-
dences[28] but theestimatesareboundto benoisy. How-
ever, consideringall meshfacetssimultaneouslyovershort
sequencesandimposinglocal deformationmodelssuchas
the onesof Section4.1 will give rise to equationsthat are
formally verysimilar to theonespresentedin thispaperand
shouldthereforebesolvablein a similarmanner.
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