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Abstract

Wthout a deformationmodel,monocular3D shapere-
coveryof deformablesurfaceds severly underconstained.
Even when the image information is rich enough, prior
knowlede of the feasibledeformationds requiredto over
comethe ambiguities. This is further accentuatedvhen
sud informationis poor, which is a key issuethat hasnot
yetbeenaddressed.

In this paper we proposean approad to learningshape
priorsto solvethis problem.By contrastwith typical statis-
tical learningmethodgshat build modelsfor speci ¢ object
shapeswe learn local deformationmodels,and combine
themto reconstrucsurfacesf arbitrary global shapesNot
only doesthis improve the geneslity of our deformation
modelsput it alsofacilitateslearningsincethe spaceof lo-
cal deformationss mud smallerthanthat of global ones.

While using a texture-basedapproad, we show that
our modelsare effectiveto reconstructfrom single videos
poorly-textured surfacesof arbitrary shape madeof mate-
rials asdifferentas cardboard, that deformssmoothlyand
mud lighter tissuepaperwhosedeformationamay be far
more complex.

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 calibratedperspectre cameraand
awell-texturedsurface the depthambiguitiescannotbere-
solvedin individualimaged15].

Standardapproachego solve this probleminvolve in-
troducingeitherphysics-basechodels[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
propertieswhich may not be available, thusinvolving ar
bitrary parametechoices.Similarly, the latterrequirevast
amountof trainingdata,whichmaynotbeavailableeither,
and producemodelsfor speci ¢ 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) Papernapkinundegoing a much
morecomple deformation.(c) Eventhoughthemodelshave been
learnedby observingthe deformationf rectangulasheetsthey
canbeusedto recover the shapeof a circularobject. (d) Similarly,
they canhandleonewith atriangularholein thecenter

sequencegnehasto learnasmary deformationmodelsas
objects,evenwhentheseobjectsaremadeof the samema-
terial. Finally, mostof thesemodelsarelinear or quadratic
andnot designedo dealwith complex deformations.

To overcomethesdimitations,we notethat:

locally all partsof a physicallyhomogeneousurface
obey thesamedeformatiorrules;

thelocal deformationsremoreconstrainedhanthose
of the global surfaceand can be learnedfrom fewer
examples.

We thereforeusea non-linearstatisticallearningtechnique
to representhemanifoldof local surfacedeformationsand
thencombinethe local modelsinto a globalonerepresent-
ing the particularshapeof the objectof interest.As shovn



in Fig. 1(a,b) thisapproachs generahndappliesto materi-
alswith very differentphysicalpropertiesin particular we

learneddeformatiormodelsfor arelatively rigid cardboard
sheethatdeformssmoothlyandfor anapkinmadeof much

lightertissuethatundegoesmorecomplex deformations.

Our contribution is twofold. First by using local de-
formationmodelswhich are more constrainedhan global
oneswe reducethe compleity of learningandtherequired
amountof training data. Secondpecauséocal modelscan
be assembledhto arbitraryglobal shapespur deformation
priorsareindependentf theoverallshapeof theobject,and
only onedeformationmodelneedsbelearnedper material.
As shown in Fig. 1(c,d), having learnedthe model by ob-
servingasurfaceof aspeci ¢ shapewe canuseit to handle
thedeformationof adifferentlyshapedurfacemadeof the
samematerialwithout ary retraining.

Finally, while relying on template-matching, we de-
liberatly demonstratéhe effectivenessof our approacton
poorly-texturedimagesthatcanbe expectedo defeatother
texture-based methods. Note that our modelsdo not de-
pendon the speci ¢ sourceof imageinformationwe use.
They couldalsoimprove therobustnes®f arny shape-from-
X algorithm.

2. Related Work

Monocular 3D shaperecovery of deformablesurfaces
is known to be underconstrained,even when they are
sufciently well-textured for structure-from-motionand
template-matchingapproachego be effective. A priori
knowledgeof the possibledeformationss requiredto solve
theambiguitiesnherentto the problem.

Structurefrom motion methodshave beenproposedo
retrieve the 3D locationsof featurepoints on a non-rigid
surface. They typically modelthe deformationsof a sur
faceaslinearcombination®f x edbasisvectorg9], which
can be learnedonline [17]. Sincethe underlyinglinear
ity assumptiondimit the applicability of thesemethodsto
smoothdeformationssomeresearcherbave adwocatedthe
useof wealer andmoregenerallyapplicableconstraintsit
hasbeenshovn thattheuseof lighting [19] or weakmotion
modelg15] canresohetheambiguitiesbut still requiresas-
sumptionsaaboutlighting conditionsor frame-to-framemo-
tion thatmaynot apply Moreover, sincethereconstruction
relieson detectedeaturepoints,the commonweaknes®f
all theseapproachess thatthey requirethepresencef tex-
tureoverthewholesurface.

Physically-base@pproachesolwe this problemby in-
troducinga globalmodelthat caninfer the shapeof untex-
tured surfaceportionsfrom the restof the surface. These
approachewere rst introducedor 2D delineation6] and
thenquickly extendedo 3D reconstructiofi2, 12, 11]. Due
to the high dimensionalityof suchrepresentationanodal
analysiq14, 4] wasproposedo modelthedeformationsas

linear combinationsf modes.While computationallyef -
cient, this limits the methods applicabilityto smoothlyde-
formingobjects asis thecasdor thestructure-from-motion
techniquesliscussedbove [17, 9]. In ary event, evenas-
suming someknowledge of the surface material parame-
ters, the compleity and non-linearity of the true physics
male physically-basednodelsroughapproximation®f re-
ality thatareonly accuratdor smalldeformations.

Statistical learning approachesave thereforebecome
an attractve alternatve that takes advantageof obsened
training data. Linear approacheshave been applied to
faced3, 10, 1] aswell asto generahon-rigidsurfaceq16].
However, they imposethe samerestrictve smoothnesson-
straintsasbefore.To the bestof our knowledge,non-linear
techniqueshave not beendemonstratedor 3D surfacere-
constructionput have proved effective for 3D humanmo-
tion tracking[18, 13]. However, for highly deformablesur
facegepresentetly meshewith mary vertices,andthere-
fore mary degreesof freedom,the numberof training ex-
amplesrequiredto learnthe modelwould quickly become
intractable.

Furthermorewhetherusinga linear or non-lineartech-
nigue,learningaglobalmodelfrom adatabasef deformed
versionsof a particularmeshwould yield a shapeprior us-
ableonly for meshe®f the sametopology, therebylimiting
its re-usability The non-linearapproacho statisticallearn-
ing we proposein this paperovercomegheseweaknesses
by learninglocal deformationmodels,which canbe done
usingmanageablamountsof training data. Thesemodels
canthen be combinedinto global onesfor meshesof ar
bitrary topologieswhosedeformationanay or may not be
smooth.

3. Acquiring the Training Data

Statisticallearning methodsrequire training datathat,
in the caseof building deformationmodels,cantypically
be hardto obtain. When dealingwith large surfaces,the
amountof necessargatato coverthe spaceof possiblede-
formationscanbevery large. However, sincelocal patches
have fewer degreesof freedomandcanonly undego rela-
tively small deformationslearninglocal deformationmod-
elsbecome®asier

To collecttraining exampleswe usea Vicon™ optical
motion capturesystem. We stick 3mm wide hemispheri-
cal re ective markerson a rectangulasurfaceanddeform
it arbitrarily in front of six infraredVicon™ cameraghat
reconstructhe 3D positionsof individual marlkers.

Sincethe markersarepositionedto formaP  Q rect-
angulargrid, lety = [X1;y1;21; 5 Xp QiYp Q:Zp Q]T
be the vectorof their concatenatedoordinatesacquiredat
a speci c time. Our goal beingto learna local model,as
opposedo a globalone,we decomposer into overlapping
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Figure2. Decomposinghe surfaceinto patches.In this case we
cover theglobalsurfacey with four overlappingpatches/ i 4.

p (g rectangulapatchesenteredon individual grid ver
tices,asshovnin Fig. 2.

We collect these patchesfrom individual temporal
framesin several motion sequencessubtracttheir mean,
andsymmetrizéhemwith respecto theirx-, y- andz-axes
to obtainadditionalexamples.This resultsin a large setof
Nap qpatchey; . i-1.-n .. Sincethesequenceareac-
quiredat 30 Hz and might comprisesimilar deformations,
we retainonly asubsetY = [y;; ;yn]" of N < Nj,
patcheghataredifferentenoughfrom eachotherbasedon
avertex-to-vertex distancecriterion.

In particular as shovn in Fig. 1, we demonstratehe
generalityof our approachconsideringtwo different ma-
terials: Relatively rigid cardboardandmore e xible tissue
paper For the cardboarde placedthere ective markers
ona9 9 grid, andfor thenapkin,in a9 7 one. This dif-
ferencein resolutionwas only introducedto facilitate the
motion captureand hasno bearingon the restof the ap-
proach. In both casesthe markerswere placed2cm apart
in both directions. Out of 10 motion sequence$or each
material,we setoneasidefor validationpurposesandused
theother9 for learning.In eachframe,we selected ve5 5
patchedor thecardboardndsix for thenapkin,andpruned
the resultingset suchthat the minimum distancebetween
correspondingerticesin separatgatchesvasgreaterthan
0.7cmfor the cardboardand 1cmfor the napkin. This pro-
duced2032patchedor thecardboarcand2881for the nap-
kin. Thelargernumberof thelatterre ects thegreatere x-
ibility of thetissuepaper

4. Local Surface Model

In the previous section,we explainedhow we gathered
dataaspatche®f asurface.Wewill now showv how tolearn
local deformationmodelsfrom suchdata. Recallthat the
samplepatchesarein theformof p  qarraysof 3D vertices.
Sincep = g = 5 in our experiments,our task becomes
learninga deformationmodelinaD = p q 3= 75
dimensionakpace.

In theory ary techniquethatprovidesa probability den-
sity function over sucha spaceis suitable. However, the
numberof training examplesrequiredto fully cover the

spaceof possibledeformationsgrows exponentially with
the dimensionalityandquickly becomegoo high to model
thedensityin shapespace. We handlethe curseof dimen-
sionalityusingthe GaussiarProcesd atentVariableModel
(GPLVM) [7, 8] whoseprobability densityfunctionis con-
ditionedon a spaceof reduceddlimensionality

The GPLVM relatesa high-dimensionatlataset,Y =
ysi; ;yN]T, wherey; 2 <P, anda low dimensional
latentspace X = [X1; ;XN ]T, wherex; 2 <9, using
a Gaussiarprocessanappingfrom X to Y . Thelikelihood
p(Y jX; ) of thedatagiventhelatentpositionsis
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(2 )NPJKJP 2

where the elementsof the kernel matrix K are de ned
by the covariancefunction, k(x;x9, suchthat (K )i; =
k(xi;x;), with kernelhyperparameters . Here,we usea
kernelthatis the sum of an RBF, a biasor constantterm,
anda noiseterm. Learningthe GPLVM [7] involvesmaxi-
mizing theposteriomp(X; jY)/ p(Y jX;) p(X)p()
with respecto X and , wherep() isasimpleprior over
thehyperparametersf thekernelcovariancefunction,and
p(X) encouragethe latentpositionsto be closeto the ori-
gin.

While effective at learning complex manifolds, the
GPLVM suffers from the fact that its computional cost
grows asO(N ). Sophisticatedsparsi cationtechniques
have recentlybeenproposed8] andhave provenmoreac-
curatethansimply usinga subsebf the data. By introduc-
ing asetof m inducingvariablesx , andassumingndepen-
denceof thetrainingandtestingoutputsgiventheinducing
variables the computationacomplexity canbe reducedo
O(Nm?).

LearningthesparsésPLVM is doneby maximizingwith
respecto X, X, and theposterior

p(Y JX;Xy;) =

N Kf;uKu;:th;diag[Kf;f Qf;f]+ 1| : (2)

wherediag[B] is a diagonalmatrix whoseelementanatch
the diagonalof B, andQy;r = KyuK 1K u;r. Ky is
the kernelmatrix for theelementof X, K., denoteghe
covariancebetweenX andX, and is theinversenoise
variance.

Given a new test point y° inferencein the sparse
GPLVM is doneby maximizingp(y%x%4X ;Y ;) , with
respectto x° the latent coordinatesof the test point,
or equivalently by minimizing its negative log likelihood
given,upto anadditive constantas

0 2
Loy = WO 0O D 29+ Lt o)

2 2(x9
with the meanandvariancegivenby
x% = YTK{,A Yky; (4)
29 = kXY kg(Kyy o A Dk (8)



whereA = 'Ky + KutKsy, andk, is the vector
with elementk(x % x; ) for latentpositionsx; 2 X .

5. From Local to Global

To modeltheglobalbehaior of asurfacewe combineo-
cal modelsusinga Productof Experts(PoE)paradigm.We
rst arguethatthis givesavalid representatiofor asurface
of in nite length. We thenshowv how the basicschemecan
bemodi ed to accountfor boundaries.

5.1 PoE for Deformable Surfaces

Productsof Experts (PoE) [5] provide a good solu-
tion to representincdhigh-dimensionatatasubjectto low-
dimensionatonstraintdy combiningprobabilisticmodels.
Each constraintis treatedby an individual expert, which
givesa high probability to the examplesthatsatisfyit. The
probability of examplesstatisfyingsomeconstraintsut vi-
olatingotherswill naturallybe decreasetly the expertsas-
sociatedwith theviolatedones.

In the generalcase,training a PoE is dif cult because
one hasto identify the expertsthat simultaneouslymaxi-
mize the probabilitiesof training examplesandassignlow
probabilitiesto unobseredregionsof thedataspace. How-
ever, in the caseof homogeneousurfaces,this task be-
comesmucheasier;The PoEdoesnot have to identify the
differentexpertssinceall local patchesobey the samede-
formationrules. As a consequencegnecansimply train a
singlelocaldeformatiormodelcorrespondingo oneexpert
and,for inference replicateit to coverthe entiresurfaceas
shawvn in Fig. 2. This simply assumeshat maximizingthe
likelihoodof a global shapeis achiezed throughmaximiz-
ing the likelihoodsof all the patches.Note thatthe choice
of the patchsizein uencesboththelocal andglobalrepre-
sentationsSmallersizesresultin modelsthataremorecon-
strainedsincelessdeformationsare possible but imposea
highernumberof expertsto covertheglobal surface.

More formﬁlly, let y betri\$vectorof all 3D vertex coor

dinatesy®= y97;::;y2T  the3D coordinate®f the S

overIappingpatchesasso%iatedvith theiexperts,whereyi0
T

is asubsenf y, andx®= x97;::;x27  theexperts'la-

tent coordinates.The conditionalprobability of the global
surfacecanbewritten as
A i PiYIXP M)

x%M)= R : ;
p(yj ) Qv IC My

whereM is thelocal GPLVM describedn Section4.

Assumingthatthe denominatoof Eq. 6 is constantwe
cande ne aprior overthedeformatiorof thewholesurface
accordingto all theexpertsas

(6)

Lpoe =  L(X%yD); )

i=1

wherelL is de ned in Eq. 3. We useoverlappingexperts
to enforcesmoothtransitionsbetweemeighboringexperts.
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 consequenceheir position
hasonly little effect on thelikelihoodof Eq. 7, resultingin
verticesthatcanmove freely.

To avoid this undesirableeffect, we re-weightthe terms
of Eq. 7 suchthatthe in uence of eachvertex is inversely
proportionalto the numberof patchest belongsto. The
negativelog likelihoodL yohar Of theglobalsurfaceis then

P !

S P loasMWy S T(x))® p 1 '
EMITRILA B U N
(8)

2 2(x})

wherey( isthej™ vertex of patchi and ! (x) its corre-
spondingmeanprediction.V (i; j ) is thenumberof patches
for avertex, which dependntheindex in the globalrep-
resentatiorof thej " vertex of patchi.

Furthermorewe alsointroduceda 3 3 diagonalmatrix

W in Eq.8thatde nestheglobalscalesalongthex-, y-and
z-axes,andaccountdor thedifferencen scalebetweerthe
training andtestingsurfaces. In practice,we allow for at
most10%scaling.

i=1

6. Monocular Reconstruction

We formulate our reconstructioralgorithm as an opti-
mizationproblemwith respecto a statevector . At each
timet, thestateis denedas = y[;x{ T wherey,
is the vector of the 3D coordinatesof the global surface,
andx; = X inXE, T denoteshe latentvariablesfor
thelocal models.Notethatthis formulationguaranteesur
facecontinuity, sincethe patchesharea commonvectorof
vertex coordinatesGivenanew imagel ; andalocal defor
mationmodelM , we seekto recoverthe MAP estimate ;.
We thereforeapproximatehe posterior

p( tjle;M) /0 p(lij o)p( (M ) ; where  (9)

p( M) P(YtjXt; M )p(Xt) ; (10)

Y_A{ith p(l:j ¢) the image likelihood, and Inp(x;) =
S .. 0
i=1 WXt )=

6.1 Image Lik elihood

To estimateheimagelik elihood,we rely on textureand

edgeinformation. The latter constrainghe boundaryver

ticeswhich arenotaswell-constrainedy texture asthein-

terior ones.Assumingthatboth sourceof informationare
independengiventhe state we canwrite

P(le) o) = p(Te )P(E] o) : (11)



To take advantageof thewhole texture,we usetemplate
matching. Assumingwe have a referenceimagel et in
which we know the shapeof the surfacey s, eachfacet
of the surfacemeshis treatedas a separatdemplatethat
we matchin imagel ;. The negative log likelihoodof such
obsenationsis givenby

f

(C P(yrefs; tret); 0):P(yeds 11)

i=1 (12)
whereN; is the numberof facets, denoteghe normal-
ized cross-correlatioiunction, P (y;j; I) is the projection
of facetj of surfacey inimagel, and ( :; ) denoteghe
functionthatwarpsanimageto anothemusingparameters.
T Iis aconstantsetto the varianceof the expectedtexture
error. In practice theresultsarerelatively insensitve to its
exactvalue.

To constrainthe boundaryof the surface,we samplethe
borderof themeshandlook in thedirectionof its normalfor
an edgepoint detectedby Canry's algorithmthat matches
the projection of the sample. We allow for multiple hy-
pothesesndretainall thematcheswithin adistance from
thecurrentreprojectionwhich decreaseffom 8 to 2 pixels
asthe optimizationproceeds.The negative log likelihood
of theedgeobsenationsis then

. 1
Inp(Te +) = =
H

0 1
1 Xe N

In p(E¢j ¢) = iz@ - kuij e OK*A ; (13)
E

i=1 j=1
whereN, is the numberof sampledboundarypoints, e;
denoteghe boundarypoint projectedin the image,Np (i)
is the numberof edgehypothesedor pointi, andu;; is
the correspondingmagemeasurementAs for texture, ¢
is a constantorrespondingo the varianceof the expected
error, andwhoseprecisevalue hasonly little in uence on
theresults.

6.2 Optimization

Reconstructioiis performedoy minimizing the negative
log of the approximateposteriorof Eq. 9, which we write,
upto anadditive constantas

Lgobar ( t) N p(Tej ) In p(Eej +):

In practice, we assumethat the projection matrix is
known andremainsconstanthroughouthe sequenceThis
entailsno loss of generalitysincethe verticesare free to
move rigidly. Furthermorethe referencémageandshape
may be thoseof the rst imageof the sequenceor of ary
modelimage.

Whenconsiderindarge surfacesthe numberof degrees
of freedomof our optimizationproblemquickly becomes
large, sinceit includesthe 3D positionsof the vertices.
To improve corvergencewe introducea coarse-to- neap-
proachto optimization. In the rst stepwe only consider

(14)

2 25
E €
E£15 E 2
S S
) 5]
] 8
g 1 g 15
= =
05 1
2 3 4 5 2 4 6 8 10

Latent dimension Latent dimension
(@) (b)

Figure 3. Validating the deformationmodels. We computethe
meanof the averagevertex-to-vertex distancedetweentestdata
andthemodelpredictionsandplot it versugthe latentdimension.
(a) In the cardboardcasewith 100 inducingvariables latentdi-

mensiond performsbest,whereaslimension5 over ts the train-
ing data.(b) In thecaseof thenapkin,200inducingvariablesvere
sufcient for dimension2 to 7, but 400wererequiredfor dimen-
sions8 and9. Theimprovementbetweerdimension& and8 is so
smallthatwe choseto use7 to limit the computationaburden.

every otherrow andevery otherline of the grid represent-
ing the local patches. Therefore,we end up with patches
of 3 3 verticesseparatedy 4cminsteadof 5 5 vertices
separatedy 2cm. While not changingthe numberof lo-
cal modelsthatwe usethis drasticallyreduceghe number
of verticesto optimize. Furthermorethis only changeghe
resolutionof the patchesput not their size. Thereforewe
canstill usethesamdocal deformatiormodelsto represent
theshapeof the patches.

In the rst frame, we start from the referenceshape
andinitialize the latentpositionsof the local modelssuch
thattheir meanpredictionsbestcorrespondo the different
patchef thereferenceshape.This is doneby optimizing
the negative log likelihoodof Eq. 3. Then,at every follow-
ing frame,we initialize the statewith the MAP estimateof
the previoustime, obtaina reconstructiorwith alow reso-
lution meshanduseit to initialize the ne meshthatis then
optimizedaswell.

7. Experimental Results

In this section,we rst validate the local modelswe
learnedfor cardboardandtissuepaper andthenuseboth
syntheticandreal datato demonstrat¢hatthey sufciently
constrainthe reconstructionto achiese accurateresults,
even when the lack of texture on the surfacesmales it
dif cult for texture-basedpproaches.The corresponding
videosaresubmittedassupplementataterial. We encour
agethereadeito watchthemto checkthattherecovered3D
shapesnatchour perceptiorof the deformations.

7.1 Local Models Validation

We usedthe techniqueof Section4, to learnmodelsfor
thetwo datasetsliscussedh Section3 for latentdimensions
rangingfrom 2 to 9. We thenpickedthedimensionalitythat
best tted ourvalidationset.
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Figure4. Syntheticimagesgeneratedrom optical motioncapture
data(a) Shadedview of a surface. (b,c) Imagessynthesizedy
texture-mappingusing eithera rich texture or a much more uni-
form one.

More speci cally, for eachpatchy? extractedfrom the
validation sequencewe infered the correspondindatent
variablex? by minimizing the negative log likelihood of
Eq.3, andcomputedhe meanvertex-to-vertex distancebe-
tweeny ? andthe modelprediction (x?). In Fig. 3, we de-
pictsthe meanof thesedistancessa functionof the latent
dimension.For the cardboardthe modelswereall trained
using100inducingvariables.d = 4 yieldsthe smallestav-
eragadistance Largervaluesof d over t tothetrainingdata
andyield worseresultsfor the validationset. For the nap-
kin, thathasmoresamplesindagreatewarietyof obsened
shapeswe hadto use200inducingvariablesfor2 d 7
and400for8 d 9 to make thetrainingprocesscon-
verge.In thiscasahehighervaluesof d yield slightly better
results. However, since using 400 inducing variablesin-
steadof 200 carriesa severecomputationapenalty in our
experimentsve used = 7, which we will show to besuf-
cientfor our purposes.

In ary event, usinga larger latentdimensionfor tissue
paperthanfor cardboardallies with our intuition that the
manifold of potentialdeformationsof the formeris larger
thanthatof thelatter.

7.2 Synthetic Data

We measuredhe accuray of our method,and com-
paredit on syntheticallygeneratedmagesagainstregular
izing eithervia deformationmodeg[9] or usinga standard
guadratiderm[6]. Modal analysiswasperformedby com-
puting the covariancematrix of our optical motion capture
data,and modelingthe surfaceasa linear combinationof
its eigervectors,whoseweights becamethe unknovn of
our optimizationproblem. Regularizationwasachiezed by
introducinga term that penalizeshe modesweightswith
their correspondingnversesquaredeigervalues. Using a
subsetof the napkin validation data, such as the surface
in Fig. 4(a), we formed a sequencef deformingmeshes,
texturedthemand projectedthemwith known perspectie
camerato obtain noise-freeimages. We then addedi.i.d.
noisein therange[ 10; 10] to the imageintensities. We
reconstructecgurfacesfrom a well-textured sequenceand
from amoreuniform one. As canbe seenin Fig. 5, where
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Figure5. Comparisorof our approacHredcircles)againsiprinci-

palcomponentinalysiggreenplusesiandstandardjuadratiaeg-

ularization(bluecrossesysingsequencesf imagessuchasthose
of Fig. 4. Top Row For eachof thewell-texturedimageswe plot,

ontheleft, themedian3D vertex-to-ground-truth-suefcedistance,
and,on theright, the medianreprojectiorerror of randomlysam-
pled surface points. Bottom Row Sameplots for the muchless
texturedimages. While the reprojectionerrorsare similar for all

approachesthe surfaceswe recover correspondmore closely to

thetrue ones especiallywhenthereis little texture. This con rms

thatour deformatiormodelbetterapproximateshetrueobjectbe-
havior.

we plot reconstructiorerrors, our methodgives substan-
tially betterresultsthanbothotherapproaches.

7.3. Real Sequences

We rst appliedour approachto the sheetof carboard
andthe papernapkinof Figs.6 and7. We neededo com-
binelocaldeformatiormodelsto representheir shapesven-
thoughthey arerectangularbecausedheir sizeis different
from theoneof thetrainingdata.

The top row of Fig. 6 shavs the behaior of our tech-
niguewhenthereis absolutelyno textureto anchorthe sur
face.Therecoveredsurfacebelongsto afamily of equally-
likely shapesvhoseverticescan slide acrossthe surface,
while their boudariesreprojectcorrectly Nothing in the
imagelik elihoodpreventsthis, sinceall facetdook similar.
Notethat,withoutusingof shadingclues,evenahumaneye
could hardly differentiatebetweertwo suchshapes. How-
ever, asshavn in the secondexampleof the gure, adding
only verylittle texturedisambiguatethereconstructionkFi-
nally, whenincrasingonly slighly the amountof texture,
even more complex deformationscan be recoseredaccu-
rately, asshavn in thethird example.

Our techniquecan be appliedto very different shapes
andtopologies,e.g. a circular shapeanda surfacewith a
hole,asshavn in Fig. 8. Our modelsbeingmadeof rectan-
gularpatchesthemeshesve useonly roughlyapproximate



Figure6. Reconstructingrectangulapieceof cardboardrom asinglevideo. In eachof thethreeexampleswe shav therecoveredsurface
overlaidin red on the originalimages,andthe surfaceseenfrom a differentviewpoint. As shavn in thetop rows, a completeabsencef

textureleadsusto retrieve asurfacethatis plausible but notnecessaraccuratelt is only oneof awholefamily of equallylik ely solutions.
However, this problemis x edby addingverylittle imageinformation,asshavn in the othertwo examples Wethenrecover deformations

thatmatchtherealones.

Figure7. Reconstructingmuchmore e xible papemapkin.Eventhoughthereis little texture,the3D of thesurfaceis correctlyrecovered,
asshavn in thebottomrow wherethe surfaceis seenfrom a differentperspectie.

the surfaceboundarieswhich preventsus from usingedge
information. We neverthelessecover the 3D deformations
in both cases.Finally, in Fig. 9, we shav that our models
malke our approactrobustto occlusions.

8. Conclusion

In this paperwe have presenteén approacho recover-
ing the 3D shapeof a poorly-texturedsurfacefrom a single

cameraWe have introducedocal deformationrmodelsthat
canbe learnedfrom a relatively small amountof training
data,andhave shavn thatthey canbe combinedto model
arbitraryglobalshapesFurthermorein thelimit of thesize
of thelocal patchespur methodcanbeinterpretedaseither
a local smoothnes®r a global shapeprior, and therefore
subsumeshesetwo earlierapproaches.

In futurework, we planto captureandlearnmodelsfrom



Figure8. Reconstructingbjectsof differentshapeandtopology Notethatassemblingquarepatche®only allows usto approximateobject
outline. This preventsusfrom usingsomeimageedgeshput doesnot stopusfrom successfullyrecovering the deformationf a circular
shapeandof onewith ahole.

Figure9. Despitea very large occlusion we manageo reconstruca deformingpieceof cardboardn eachframeof a sequenceNote that
evenif somesmallreconstrutiorerrorsoccut the globalshapeneverthelessnatchegshetrueone.

additionalmaterials.Thiswill allow usto studytheproblem
of materialrecognitionfrom video sequenceby choosing
the modelthat yields the bestreconstruction.Finally, we
plan to studythe in uence of dynamicsby replacingour
currentpatch shapemodelswith modelstrained on short
motionsequenceswhich shouldfurtherimprove the stabil-
ity of thereconstruction.
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