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Abstract
Without a deformationmodel,monocular3D shapere-

coveryof deformablesurfacesis severlyunder-constrained.
Even when the image information is rich enough,prior
knowledgeof thefeasibledeformationsis requiredto over-
comethe ambiguities. This is further accentuatedwhen
such informationis poor, which is a key issuethat hasnot
yetbeenaddressed.

In thispaper, weproposeanapproach to learningshape
priors to solvethisproblem.Bycontrastwith typicalstatis-
tical learningmethodsthat build modelsfor speci�c object
shapes,we learn local deformationmodels,and combine
themto reconstructsurfacesof arbitraryglobalshapes.Not
only doesthis improve the generality of our deformation
models,but it alsofacilitateslearningsincethespaceof lo-
cal deformationsis much smallerthanthatof globalones.

While using a texture-basedapproach, we show that
our modelsare effectiveto reconstructfrom singlevideos
poorly-texturedsurfacesof arbitrary shape, madeof mate-
rials asdifferentascardboard, that deformssmoothly, and
much lighter tissuepaperwhosedeformationsmaybe far
morecomplex.

1. Intr oduction

Without a deformationmodel,recovering the 3D shape
of a non-rigid surfacefrom a single view is an ill-posed
problem. Even given a calibratedperspective cameraand
awell-texturedsurface,thedepthambiguitiescannotbere-
solvedin individual images[15].

Standardapproachesto solve this probleminvolve in-
troducingeitherphysics-basedmodels[2, 12, 11, 14, 4] or
modelsthat canbe learnedfrom data[9, 17, 3, 10, 1, 18].
To be accurate,the former rely on knowledgeof material
properties,which may not be available,thus involving ar-
bitrary parameterchoices.Similarly, the latter requirevast
amountsof trainingdata,whichmaynotbeavailableeither,
andproducemodelsfor speci�c objectshapes.As a con-
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Figure 1. 3D reconstructionof poorly-textured deformablesur-
facesfrom single video sequences.(a) Cardboardwith a single
black squarein its middle. (b) Papernapkinundergoing a much
morecomplex deformation.(c) Eventhoughthemodelshavebeen
learnedby observingthedeformationsof rectangularsheets,they
canbeusedto recover theshapeof acircularobject.(d) Similarly,
they canhandleonewith a triangularholein thecenter.

sequence,onehasto learnasmany deformationmodelsas
objects,evenwhentheseobjectsaremadeof thesamema-
terial. Finally, mostof thesemodelsarelinearor quadratic
andnotdesignedto dealwith complex deformations.

To overcometheselimitations,wenotethat:

� locally all partsof a physicallyhomogeneoussurface
obey thesamedeformationrules;

� thelocaldeformationsaremoreconstrainedthanthose
of the global surfaceand can be learnedfrom fewer
examples.

We thereforeusea non-linearstatisticallearningtechnique
to representthemanifoldof localsurfacedeformations,and
thencombinethe local modelsinto a globalonerepresent-
ing theparticularshapeof theobjectof interest.As shown



in Fig.1(a,b),thisapproachis generalandappliesto materi-
alswith verydifferentphysicalproperties.In particular, we
learneddeformationmodelsfor a relatively rigid cardboard
sheetthatdeformssmoothlyandfor anapkinmadeof much
lighter tissuethatundergoesmorecomplex deformations.

Our contribution is twofold. First by using local de-
formationmodelswhich aremoreconstrainedthanglobal
ones,wereducethecomplexity of learningandtherequired
amountof trainingdata.Second,becauselocal modelscan
beassembledinto arbitraryglobalshapes,our deformation
priorsareindependentof theoverallshapeof theobject,and
only onedeformationmodelneedsbelearnedpermaterial.
As shown in Fig. 1(c,d),having learnedthe modelby ob-
servingasurfaceof aspeci�c shape,wecanuseit to handle
thedeformationsof adifferentlyshapedsurfacemadeof the
samematerialwithoutany retraining.

Finally, while relying on template-matching, we de-
liberatly demonstratethe effectivenessof our approachon
poorly-texturedimagesthatcanbeexpectedto defeatother
texture-basedmethods. Note that our modelsdo not de-
pendon the speci�c sourceof imageinformationwe use.
They couldalsoimprovetherobustnessof any shape-from-
X algorithm.

2. RelatedWork

Monocular3D shaperecovery of deformablesurfaces
is known to be under-constrained,even when they are
suf�ciently well-textured for structure-from-motionand
template-matchingapproachesto be effective. A priori
knowledgeof thepossibledeformationsis requiredto solve
theambiguitiesinherentto theproblem.

Structurefrom motion methodshave beenproposedto
retrieve the 3D locationsof featurepoints on a non-rigid
surface. They typically model the deformationsof a sur-
faceaslinearcombinationsof �x edbasisvectors[9], which
can be learnedonline [17]. Since the underlying linear-
ity assumptionslimit the applicabilityof thesemethodsto
smoothdeformations,someresearchershaveadvocatedthe
useof weaker andmoregenerallyapplicableconstraints.It
hasbeenshown thattheuseof lighting [19] or weakmotion
models[15] canresolvetheambiguitiesbut still requiresas-
sumptionsaboutlighting conditionsor frame-to-framemo-
tion thatmaynot apply. Moreover, sincethereconstruction
relieson detectedfeaturepoints,thecommonweaknessof
all theseapproachesis thatthey requirethepresenceof tex-
tureover thewholesurface.

Physically-basedapproachessolve this problemby in-
troducinga globalmodelthatcaninfer theshapeof untex-
turedsurfaceportionsfrom the restof the surface. These
approacheswere�rst introducedfor 2D delineation[6] and
thenquickly extendedto 3D reconstruction[2, 12, 11]. Due
to the high dimensionalityof suchrepresentations,modal
analysis[14, 4] wasproposedto modelthedeformationsas

linearcombinationsof modes.While computationallyef�-
cient,this limits themethod'sapplicabilityto smoothlyde-
formingobjects,asis thecasefor thestructure-from-motion
techniquesdiscussedabove [17, 9]. In any event,evenas-
sumingsomeknowledgeof the surfacematerialparame-
ters, the complexity and non-linearityof the true physics
makephysically-basedmodelsroughapproximationsof re-
ality thatareonly accuratefor smalldeformations.

Statistical learning approacheshave thereforebecome
an attractive alternative that takes advantageof observed
training data. Linear approacheshave been applied to
faces[3, 10, 1] aswell asto generalnon-rigidsurfaces[16].
However, they imposethesamerestrictivesmoothnesscon-
straintsasbefore.To thebestof our knowledge,non-linear
techniqueshave not beendemonstratedfor 3D surfacere-
construction,but have provedeffective for 3D humanmo-
tion tracking[18, 13]. However, for highly deformablesur-
facesrepresentedby mesheswith many vertices,andthere-
fore many degreesof freedom,the numberof training ex-
amplesrequiredto learnthemodelwould quickly become
intractable.

Furthermore,whetherusinga linear or non-lineartech-
nique,learningaglobalmodelfrom adatabaseof deformed
versionsof a particularmeshwould yield a shapeprior us-
ableonly for meshesof thesametopology, therebylimiting
its re-usability. Thenon-linearapproachto statisticallearn-
ing we proposein this paperovercomestheseweaknesses
by learninglocal deformationmodels,which canbe done
usingmanageableamountsof trainingdata. Thesemodels
can then be combinedinto global onesfor meshesof ar-
bitrary topologieswhosedeformationsmay or may not be
smooth.

3. Acquiring the Training Data

Statistical learningmethodsrequire training data that,
in the caseof building deformationmodels,can typically
be hard to obtain. When dealingwith large surfaces,the
amountof necessarydatato cover thespaceof possiblede-
formationscanbevery large. However, sincelocal patches
have fewer degreesof freedomandcanonly undergo rela-
tively smalldeformations,learninglocal deformationmod-
elsbecomeseasier.

To collect trainingexamples,we usea ViconTM optical
motion capturesystem. We stick 3mm wide hemispheri-
cal re�ective markerson a rectangularsurfaceanddeform
it arbitrarily in front of six infraredViconTM camerasthat
reconstructthe3D positionsof individualmarkers.

Sincethemarkersarepositionedto form a P � Q rect-
angulargrid, let ~y = [x1; y1; z1; :::; xP � Q ; yP � Q ; zP � Q ]T

be thevectorof their concatenatedcoordinatesacquiredat
a speci�c time. Our goal beingto learna local model,as
opposedto a globalone,we decompose~y into overlapping



Figure2. Decomposingthesurfaceinto patches.In this case,we
cover theglobalsurface~y with four overlappingpatchesy 1;::; 4 .

p � q rectangularpatchescenteredon individual grid ver-
tices,asshown in Fig. 2.

We collect these patches from individual temporal
framesin several motion sequences,subtracttheir mean,
andsymmetrizethemwith respectto theirx-, y- andz-axes
to obtainadditionalexamples.This resultsin a largesetof
Na p � q patchesy i ; i =1 ;::;N a . Sincethesequencesareac-
quiredat 30 Hz andmight comprisesimilar deformations,
we retainonly a subsetY = [y1; � � � ; yN ]T of N < Na

patchesthataredifferentenoughfrom eachotherbasedon
avertex-to-vertex distancecriterion.

In particular, as shown in Fig. 1, we demonstratethe
generalityof our approachconsideringtwo different ma-
terials: Relatively rigid cardboardandmore�e xible tissue
paper. For thecardboard,we placedthere�ective markers
on a 9� 9 grid, andfor thenapkin,in a 9� 7 one. This dif-
ferencein resolutionwasonly introducedto facilitate the
motion captureand hasno bearingon the rest of the ap-
proach. In both cases,the markerswereplaced2cm apart
in both directions. Out of 10 motion sequencesfor each
material,we setoneasidefor validationpurposesandused
theother9 for learning.In eachframe,weselected� ve5� 5
patchesfor thecardboardandsix for thenapkin,andpruned
the resultingsetsuchthat the minimum distancebetween
correspondingverticesin separatepatcheswasgreaterthan
0.7cmfor thecardboardand1cmfor thenapkin.This pro-
duced2032patchesfor thecardboardand2881for thenap-
kin. Thelargernumberof thelatterre�ects thegreater�e x-
ibility of thetissuepaper.

4. Local SurfaceModel

In the previous section,we explainedhow we gathered
dataaspatchesof asurface.Wewill now show how to learn
local deformationmodelsfrom suchdata. Recall that the
samplepatchesarein theform of p� qarraysof 3D vertices.
Sincep = q = 5 in our experiments,our task becomes
learninga deformationmodel in a D = p � q � 3 = 75
dimensionalspace.

In theory, any techniquethatprovidesa probabilityden-
sity function over sucha spaceis suitable. However, the
numberof training examplesrequiredto fully cover the

spaceof possibledeformationsgrows exponentiallywith
thedimensionalityandquickly becomestoo high to model
thedensityin shapespace. We handlethecurseof dimen-
sionalityusingtheGaussianProcessLatentVariableModel
(GPLVM) [7, 8] whoseprobabilitydensityfunctionis con-
ditionedonaspaceof reduceddimensionality.

The GPLVM relatesa high-dimensionaldataset,Y =
[y1; � � � ; yN ]T , wherey i 2 < D , and a low dimensional
latentspace,X = [x1; � � � ; xN ]T , wherex i 2 < d, using
a Gaussianprocessmappingfrom X to Y . The likelihood
p(Y j X ; �) of thedatagiventhelatentpositionsis

1
p

(2� )N D jK jD
exp

�
�

1
2

tr
�
K � 1YY T �

�
; (1)

where the elementsof the kernel matrix K are de�ned
by the covariancefunction, k(x; x 0), suchthat (K ) i;j =
k(x i ; x j ), with kernelhyper-parameters� . Here,we usea
kernel that is the sumof an RBF, a biasor constantterm,
anda noiseterm. LearningtheGPLVM [7] involvesmaxi-
mizing theposteriorp(X ; � jY ) / p(Y j X ; �) p(X ) p(�)
with respectto X and� , wherep(�) is a simpleprior over
thehyper-parametersof thekernelcovariancefunction,and
p(X ) encouragesthe latentpositionsto becloseto theori-
gin.

While effective at learning complex manifolds, the
GPLVM suffers from the fact that its computionalcost
grows as O(N 3). Sophisticatedsparsi�cation techniques
have recentlybeenproposed[8] andhave provenmoreac-
curatethansimply usinga subsetof thedata.By introduc-
ingasetof m inducingvariablesX u andassumingindepen-
denceof thetrainingandtestingoutputsgiventheinducing
variables,thecomputationalcomplexity canbe reducedto
O(N m2).

LearningthesparseGPLVM is doneby maximizingwith
respectto X , X u and� theposterior

p(Y j X ; X u ; �) =

N
�
K f ;u K � 1

u ;u X u ; diag[K f ;f � Q f ;f ] + � � 1I
�

; (2)

wherediag[B ] is a diagonalmatrix whoseelementsmatch
the diagonalof B , andQ f ;f = K f ;u K � 1

u ;u K u ;f . K u ;u is
thekernelmatrix for theelementsof X u , K f ;u denotesthe
covariancebetweenX andX u , and� is the inversenoise
variance.

Given a new test point y 0, inference in the sparse
GPLVM is doneby maximizingp(y 0; x0jX u ; Y ; �) , with
respect to x0, the latent coordinatesof the test point,
or equivalently by minimizing its negative log likelihood
given,up to anadditiveconstant,as

L (x 0; y 0) =
ky 0 � � (x 0)k2

2� 2(x 0)
+

D
2

ln � 2(x 0) +
1
2

kx 0k2 ; (3)

with themeanandvariancegivenby

� (x0) = Y T K T
f ;u A � 1ku ; (4)

� 2(x0) = k(x0; x0) � kT
u (K � 1

u ;u � � � 1A � 1)ku ; (5)



whereA = � � 1K u ;u + K u ;f K f ;u , andku is the vector
with elementsk(x0; x j ) for latentpositionsx j 2 X u .

5. From Local to Global

To modeltheglobalbehavior of asurfacewecombinelo-
cal modelsusinga Productof Experts(PoE)paradigm.We
�rst arguethatthisgivesavalid representationfor asurface
of in�nite length.We thenshow how thebasicschemecan
bemodi�ed to accountfor boundaries.

5.1. PoE for Deformable Surfaces

Productsof Experts (PoE) [5] provide a good solu-
tion to representinghigh-dimensionaldatasubjectto low-
dimensionalconstraintsby combiningprobabilisticmodels.
Eachconstraintis treatedby an individual expert, which
givesa high probabilityto theexamplesthatsatisfyit. The
probabilityof examplesstatisfyingsomeconstraintsbut vi-
olatingotherswill naturallybedecreasedby theexpertsas-
sociatedwith theviolatedones.

In the generalcase,training a PoE is dif�cult because
one hasto identify the expertsthat simultaneouslymaxi-
mize theprobabilitiesof trainingexamplesandassignlow
probabilitiesto unobservedregionsof thedataspace.How-
ever, in the caseof homogeneoussurfaces,this task be-
comesmucheasier;ThePoEdoesnot have to identify the
differentexpertssinceall local patchesobey the samede-
formationrules. As a consequence,onecansimply train a
singlelocaldeformationmodelcorrespondingto oneexpert
and,for inference,replicateit to cover theentiresurfaceas
shown in Fig. 2. This simply assumesthatmaximizingthe
likelihoodof a global shapeis achieved throughmaximiz-
ing the likelihoodsof all thepatches.Note that thechoice
of thepatchsizein�uencesboththelocal andglobalrepre-
sentations.Smallersizesresultin modelsthataremorecon-
strainedsincelessdeformationsarepossible,but imposea
highernumberof expertsto cover theglobalsurface.

More formally, let ~y bethevectorof all 3D vertex coor-

dinates,y 0 =
h
y0

1
T ; :::; y0

S
T

i T
the3D coordinatesof theS

overlappingpatchesassociatedwith the experts,wherey 0
i

is a subsetof ~y, andx0 =
h
x0

1
T ; :::; x0

S
T

i T
theexperts' la-

tent coordinates.The conditionalprobability of theglobal
surfacecanbewrittenas

p(~y jx0; M ) =
Q

i pi (y0
i jx

0
i ; M )

RQ
i pi (y0

i jx
0
i ; M )d~y

; (6)

whereM is thelocalGPLVM describedin Section4.
Assumingthat thedenominatorof Eq. 6 is constant,we

cande�ne aprior overthedeformationof thewholesurface
accordingto all theexpertsas

L poe =
SX

i =1

L(x0
i ; y0

i ) ; (7)

whereL is de�ned in Eq. 3. We useoverlappingexperts
to enforcesmoothtransitionsbetweenneighboringexperts.
However this doesnot imposeglobal surfacesmoothness,
sincethelocal modelsmayallow for sharpfolds.

5.2. SurfaceBoundary Effects

As shown in Fig. 2 boundaryverticesin�uence fewer
expertsthaninterior ones.As a consequence,their position
hasonly little effect on the likelihoodof Eq.7, resultingin
verticesthatcanmovefreely.

To avoid this undesirableeffect, we re-weighttheterms
of Eq. 7 suchthat the in�uence of eachvertex is inversely
proportionalto the numberof patchesit belongsto. The
negativelog likelihoodL global of theglobalsurfaceis then

SX

i =1

 P p� q
j =1

1
V ( i;j ) (Wy 0

i;j � � j (x 0
i ))

2

2� 2(x 0
i )

+
D
2

ln � 2(x 0
i ) +

1
2

kx 0
i k

2

!

;

(8)
wherey 0

i;j is thej th vertex of patchi and� j (x0
i ) its corre-

spondingmeanprediction.V (i; j ) is thenumberof patches
for a vertex, which dependson the index in theglobal rep-
resentationof thej th vertex of patchi .

Furthermore,we alsointroduceda 3� 3 diagonalmatrix
W in Eq.8 thatde�nestheglobalscalesalongthex-, y- and
z-axes,andaccountsfor thedifferencein scalebetweenthe
training and testingsurfaces. In practice,we allow for at
most10%scaling.

6. Monocular Reconstruction

We formulateour reconstructionalgorithm as an opti-
mizationproblemwith respectto a statevector� . At each
time t, the stateis de�ned as � t =

�
yT

t ; xT
t

� T
, where~y t

is the vector of the 3D coordinatesof the global surface,
andx t =

�
xT

1;t ; :::; xT
S;t

� T
denotesthe latentvariablesfor

thelocalmodels.Notethatthis formulationguaranteessur-
facecontinuity, sincethepatchesshareacommonvectorof
vertex coordinates.Givenanew imageI t anda localdefor-
mationmodelM , weseekto recovertheMAP estimate� t .
We thereforeapproximatetheposterior

p(� t jI t ; M ) / p(I t j� t )p(� t jM ) ; where (9)

p(� t jM ) � p(y t jx t ; M )p(x t ) ; (10)

with p(I t j� t ) the image likelihood, and � ln p(x t ) =
P S

i =1 jj x i;t jj2.

6.1. ImageLik elihood

To estimatetheimagelikelihood,we rely on textureand
edgeinformation. The latter constrainsthe boundaryver-
ticeswhicharenotaswell-constrainedby textureasthein-
terior ones.Assumingthatbothsourcesof informationare
independentgiventhestate,we canwrite

p(I t j� t ) = p(T t j� t )p(E t j� t ) : (11)



To take advantageof thewholetexture,we usetemplate
matching. Assumingwe have a referenceimage I ref in
which we know the shapeof the surfacey ref , eachfacet
of the surfacemeshis treatedas a separatetemplatethat
we matchin imageI t . Thenegative log likelihoodof such
observationsis givenby

� ln p(T t j� t ) =
1

� 2
T

N fX

i =1


 (	( P (y ref ; j; I ref ); � t ); P (y t ; j; I t )) ;

(12)
whereN f is the numberof facets,
 denotesthe normal-

ized cross-correlationfunction,P(y ; j; I ) is the projection
of facetj of surfacey in imageI , and	( :; � ) denotesthe
functionthatwarpsanimageto anotherusingparameters� .
� T is a constantsetto thevarianceof theexpectedtexture
error. In practice,theresultsarerelatively insensitive to its
exactvalue.

To constraintheboundaryof thesurface,we samplethe
borderof themeshandlook in thedirectionof its normalfor
an edgepoint detectedby Canny's algorithmthat matches
the projectionof the sample. We allow for multiple hy-
pothesesandretainall thematcheswithin adistancer from
thecurrentreprojection,whichdecreasesfrom 8 to 2 pixels
asthe optimizationproceeds.The negative log likelihood
of theedgeobservationsis then

� ln p(E t j� t ) =
1

� 2
E

0

@ 1
r 2

N eX

i =1

N h ( i )X

j =1

ku i;j � ei (� t )k
2

1

A ; (13)

whereNe is the numberof sampledboundarypoints,ei

denotesthe boundarypoint projectedin the image,Nh (i )
is the numberof edgehypothesesfor point i , and u i;j is
thecorrespondingimagemeasurement.As for texture, � E

is a constantcorrespondingto thevarianceof theexpected
error, andwhoseprecisevaluehasonly little in�uence on
theresults.

6.2. Optimization

Reconstructionis performedby minimizing thenegative
log of theapproximateposteriorof Eq. 9, which we write,
up to anadditiveconstant,as

L global (� t ) � ln p(T t j� t ) � ln p(E t j� t ) : (14)

In practice, we assumethat the projection matrix is
known andremainsconstantthroughoutthesequence.This
entailsno loss of generalitysincethe verticesare free to
move rigidly. Furthermore,the referenceimageandshape
may be thoseof the �rst imageof the sequence,or of any
modelimage.

Whenconsideringlargesurfaces,thenumberof degrees
of freedomof our optimizationproblemquickly becomes
large, since it includesthe 3D positionsof the vertices.
To improveconvergence,we introducea coarse-to-�neap-
proachto optimization. In the �rst stepwe only consider
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(a) (b)
Figure 3. Validating the deformationmodels. We computethe
meanof the averagevertex-to-vertex distancesbetweentestdata
andthemodelpredictions,andplot it versusthelatentdimension.
(a) In the cardboardcase,with 100 inducingvariables,latentdi-
mension4 performsbest,whereasdimension5 over�ts the train-
ing data.(b) In thecaseof thenapkin,200inducingvariableswere
suf�cient for dimensions2 to 7, but 400wererequiredfor dimen-
sions8 and9. Theimprovementbetweendimensions7 and8 is so
smallthatwe choseto use7 to limit thecomputationalburden.

every otherrow andevery otherline of thegrid represent-
ing the local patches.Therefore,we endup with patches
of 3� 3 verticesseparatedby 4cm insteadof 5� 5 vertices
separatedby 2cm. While not changingthe numberof lo-
cal modelsthatwe use,this drasticallyreducesthenumber
of verticesto optimize.Furthermore,this only changesthe
resolutionof the patches,but not their size. Thereforewe
canstill usethesamelocaldeformationmodelsto represent
theshapeof thepatches.

In the �rst frame, we start from the referenceshape
andinitialize the latentpositionsof the local modelssuch
that their meanpredictionsbestcorrespondto thedifferent
patchesof thereferenceshape.This is doneby optimizing
thenegative log likelihoodof Eq.3. Then,at every follow-
ing frame,we initialize thestatewith theMAP estimateof
theprevioustime, obtaina reconstructionwith a low reso-
lution mesh,anduseit to initialize the�ne meshthatis then
optimizedaswell.

7. Experimental Results
In this section,we �rst validate the local modelswe

learnedfor cardboardand tissuepaper, and thenuseboth
syntheticandrealdatato demonstratethat they suf�ciently
constrain the reconstructionto achieve accurateresults,
even when the lack of texture on the surfacesmakes it
dif�cult for texture-basedapproaches.The corresponding
videosaresubmittedassupplementalmaterial.We encour-
agethereaderto watchthemto checkthattherecovered3D
shapesmatchourperceptionof thedeformations.

7.1. Local ModelsValidation
We usedthetechniqueof Section4, to learnmodelsfor

thetwo datasetsdiscussedin Section3 for latentdimensions
rangingfrom 2 to 9. Wethenpickedthedimensionalitythat
best�tted ourvalidationset.



(a) (b) (c)
Figure4. Syntheticimagesgeneratedfrom opticalmotioncapture
data(a) Shadedview of a surface. (b,c) Imagessynthesizedby
texture-mappingusingeithera rich texture or a muchmoreuni-
form one.

More speci�cally, for eachpatchy 0
i extractedfrom the

validation sequence,we infered the correspondinglatent
variablex0

i by minimizing the negative log likelihood of
Eq.3, andcomputedthemeanvertex-to-vertex distancebe-
tweeny 0

i andthemodelprediction� (x0
i ). In Fig. 3, we de-

pictsthemeanof thesedistancesasa functionof thelatent
dimension.For thecardboard,themodelswereall trained
using100inducingvariables.d = 4 yieldsthesmallestav-
eragedistance.Largervaluesof d over�t to thetrainingdata
andyield worseresultsfor thevalidationset. For thenap-
kin, thathasmoresamplesandagreatervarietyof observed
shapes,wehadto use200inducingvariablesfor 2 � d � 7
and400 for 8 � d � 9 to make the trainingprocesscon-
verge.In thiscasethehighervaluesof d yield slightly better
results. However, sinceusing 400 inducing variablesin-
steadof 200carriesa severecomputationalpenalty, in our
experimentswe used = 7, which we will show to besuf�-
cientfor our purposes.

In any event, usinga larger latentdimensionfor tissue
paperthanfor cardboardtallies with our intuition that the
manifold of potentialdeformationsof the former is larger
thanthatof thelatter.

7.2. Synthetic Data

We measuredthe accuracy of our method, and com-
paredit on syntheticallygeneratedimagesagainstregular-
izing eithervia deformationmodes[9] or usinga standard
quadraticterm[6]. Modal analysiswasperformedby com-
putingthecovariancematrix of our opticalmotioncapture
data,andmodelingthe surfaceasa linear combinationof
its eigenvectors,whoseweightsbecamethe unknown of
our optimizationproblem.Regularizationwasachievedby
introducinga term that penalizesthe modesweightswith
their correspondinginversesquaredeigenvalues. Using a
subsetof the napkin validation data, suchas the surface
in Fig. 4(a), we formeda sequenceof deformingmeshes,
texturedthemandprojectedthemwith known perspective
camerato obtain noise-freeimages. We then addedi.i.d.
noisein the range[� 10; 10] to the imageintensities. We
reconstructedsurfacesfrom a well-texturedsequenceand
from a moreuniform one. As canbeseenin Fig. 5, where
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Figure5. Comparisonof ourapproach(redcircles)againstprinci-
palcomponentanalysis(greenpluses)andstandardquadraticreg-
ularization(bluecrosses)usingsequencesof imagessuchasthose
of Fig. 4. Top Row For eachof thewell-texturedimages,we plot,
ontheleft, themedian3D vertex-to-ground-truth-surfacedistance,
and,on theright, themedianreprojectionerrorof randomlysam-
pled surfacepoints. Bottom Row Sameplots for the much less
texturedimages.While the reprojectionerrorsaresimilar for all
approaches,the surfaceswe recover correspondmoreclosely to
thetrueones,especiallywhenthereis little texture.Thiscon�rms
thatourdeformationmodelbetterapproximatesthetrueobjectbe-
havior.

we plot reconstructionerrors, our methodgives substan-
tially betterresultsthanbothotherapproaches.

7.3. RealSequences

We �rst appliedour approachto the sheetof carboard
andthepapernapkinof Figs.6 and7. We neededto com-
binelocaldeformationmodelsto representtheirshapeeven-
thoughthey arerectangular, becausetheir sizeis different
from theoneof thetrainingdata.

The top row of Fig. 6 shows the behavior of our tech-
niquewhenthereis absolutelyno textureto anchorthesur-
face.Therecoveredsurfacebelongsto a family of equally-
likely shapeswhoseverticescan slide acrossthe surface,
while their boudariesreprojectcorrectly. Nothing in the
imagelikelihoodpreventsthis,sinceall facetslook similar.
Notethat,withoutusingof shadingclues,evenahumaneye
couldhardlydifferentiatebetweentwo suchshapes.How-
ever, asshown in thesecondexampleof the �gure, adding
onlyverylittle texturedisambiguatesthereconstruction.Fi-
nally, when incrasingonly slighly the amountof texture,
even more complex deformationscan be recoveredaccu-
rately, asshown in thethird example.

Our techniquecan be appliedto very different shapes
andtopologies,e.g. a circular shapeanda surfacewith a
hole,asshown in Fig. 8. Ourmodelsbeingmadeof rectan-
gularpatches,themeshesweuseonly roughlyapproximate



Figure6.Reconstructingarectangularpieceof cardboardfrom asinglevideo.In eachof thethreeexamples,weshow therecoveredsurface
overlaid in redon theoriginal images,andthesurfaceseenfrom a differentviewpoint. As shown in the top rows, a completeabsenceof
textureleadsusto retrieveasurfacethatis plausible,but notnecessaryaccurate.It is only oneof awholefamily of equallylikely solutions.
However, thisproblemis �x edby addingvery little imageinformation,asshown in theothertwo examples.Wethenrecoverdeformations
thatmatchtherealones.

Figure7.Reconstructingamuchmore�e xible papernapkin.Eventhoughthereis little texture,the3D of thesurfaceis correctlyrecovered,
asshown in thebottomrow wherethesurfaceis seenfrom a differentperspective.

thesurfaceboundaries,which preventsus from usingedge
information. We neverthelessrecover the3D deformations
in both cases.Finally, in Fig. 9, we show that our models
makeour approachrobustto occlusions.

8. Conclusion
In this paper, we havepresentedanapproachto recover-

ing the3D shapeof a poorly-texturedsurfacefrom a single

camera.We have introducedlocal deformationmodelsthat
canbe learnedfrom a relatively small amountof training
data,andhave shown that they canbe combinedto model
arbitraryglobalshapes.Furthermore,in thelimit of thesize
of thelocalpatches,ourmethodcanbeinterpretedaseither
a local smoothnessor a global shapeprior, and therefore
subsumesthesetwo earlierapproaches.

In futurework,weplanto captureandlearnmodelsfrom



Figure8.Reconstructingobjectsof differentshapeandtopology. Notethatassemblingsquarepatchesonly allowsusto approximateobject
outline. This preventsusfrom usingsomeimageedges,but doesnot stopusfrom successfullyrecovering thedeformationsof a circular
shapeandof onewith a hole.

Figure9. Despitea very largeocclusion,we manageto reconstructa deformingpieceof cardboardin eachframeof a sequence.Notethat
evenif somesmallreconstrutionerrorsoccur, theglobalshapeneverthelessmatchesthetrueone.

additionalmaterials.Thiswill allow usto studytheproblem
of materialrecognitionfrom videosequencesby choosing
the model that yields the bestreconstruction.Finally, we
plan to study the in�uence of dynamicsby replacingour
currentpatchshapemodelswith modelstrainedon short
motionsequences,whichshouldfurtherimprovethestabil-
ity of thereconstruction.
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