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Abstract

We presenta closed-formsolutionto the problemof re-
coveringthe 3D shapeof a non-rigid potentiallystretchable
surfacefrom 3D-to-2D correspondencesin other words,
we canreconstructa surfacefroma singleimage withouta
priori knowledg of its deformationsn thatimage.

State-of-the-arsolutionsto non-rigid 3D shaperecovery
rely onthe fact that distancedetweemeighboringsurface
points mustbe preservedand are therefore limited to in-
elasticsurfaces.Here, we showthat replacingthe inexten-
sibility constaints by shadingonesremaesthis limitation
while still allowing 3D reconstructiorin closed-form.

We demonstateour methodandcompaeit to anearlier
oneusingbothsyntheticandreal data.

1. Intr oduction

Capturingthe shapeof deformable3D surfacesfrom a
singleimageremainsan openproblemwith anendlesdist
of potentialapplicationsin computervision and graphics.
The main challengecomesfrom the fact that monocular
3D shaperecovery is severely underconstrained.A com-
mon approacho overcomingthis is to introducedeforma-
tion models.They canbe eitherphysically-based 1, 3, 11,

, 13, 18] orlearnedrom trainingdata[ 2, 4, 10, 17]. In all
thesemethodssurfacedeformationsareexpressedn terms
of themodelparametersyhichare rst initialized andthen
re ned by minimizing an image-basedbjective function.
Sincethis functiontypically hasmary local minima, good
initializationis bothcritical anddif cult to achieve.

This problemhasbeenaddressedecentlyin [6, 14, 16].
Thesepapersproposeapproacheso 3D shaperecovery in
a singleinput imagegiven a referenceémagein which the
shapds known, andcorrespondencdsetweertheinputand
referenceimages. They do not requireary knowledge of
thedeformationtherthanthefactthatthe surfaceis inex-
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Figurel. 3D Reconstructiomf non-rigidinelastic(top) andelastic
(centerandbotton)surfacesin closedform. In additionto corre-
spondencesye useshadingconstraintsandestimatethedirection
of themainlight source.

tensibleandthatthe distancedetweemeighboringsurface
pointsmustremainconstant.Thisis a valid assumptiorior
inelasticmaterialssuchaspaperor cardboardbut rulesout
thereconstructiorof elasticmaterialghatcanstretch.

In this paperwe shaw thatreplacingthe constant-length
constraintsby shadingconstraintsremores this limitation
while allowing a closed-formsolution to the 3D shape-
recovery problem,asin [16]. More speci cally, we rely
on correspondencelsetweenthe input and referenceim-
agesandexpresghedeformationsslinearcombinationof
modes.In addition,we constrainthe intensitiesof selected
surfacepatchesdn theinput andreferencamagesto bere-
latedthrougha Lambertiarre ectancemodel. Thisyieldsa
setof cubicequationsn termsof the modeweightsand of
the lighting parameterswhich we solve throughlineariza-
tion. As shavnin Fig. 1, thisletsusreconstrucbothelastic
andinelasticobjectsin closed-formandsimultaneouslyes-



timatethe light directionandintensity Furthermorepsing
two differentsourceof imageinformation—keypointloca-
tions and shading-increaseghe robustnessn ambiguous
situations.

In the remainderof the paper we rst discussrelated
work. We thenintroduceour formulation and derive our
systemf linearandcubic equations Finally we compare
our methodagainst[16] bothon syntheticandrealdata.

2. Related Work

Recweringthe 3D geometryof anon-rigidsurfacefrom
singleimagesrequiresprior knowledgeof its propertiesto
turn anunderconstrainegrobleminto atractableone.

Traditional shape-from-shadind8] and shape-from-
texture[27] techniqueslothis by imposingsurfacesmooth-
nessandassuminghatthesurfaceeitheris Lambertiarwith
known albedoor exhibits statisticallyhomogeneoutexture
patterns. Therehasbeenmary attemptsover the yearsat
relaxingtheseconstraintdut moststate-of-the-annethods
still require very strongassumptionghat can only rarely
be satis ed. [20, 23] arerepresentate of currentsingle-
imageapproacheshat re ne both shapeand illumination
parametersEventhoughthesemethodscanreturnaccurate
estimatesof both, their iteratve naturemeansthat, unlike
our approachthey requiregood initial guesses.Further
more, they are not designedto handlematerialsthat can
stretch. The idea of overcomingambiguoussituationsby
combiningtextureandshadingcueswasintroducedn [21].
This approachhowever, involves multiple iterative stages
and explicitly penalizesstretching,which precludesaccu-
ratemodelingof elasticsurfaces.

Another approachto making the problem tractableis
to introduce surface deformation models. Physically-
based approachesntroduce global models such as su-
perquadrics[17], triangulatedsurfaces[7] or thin-plate
splines[11]. Modal analysis[5, 13] hasalso beenpro-
posedto reducethe dimensionalityof the problem. How-
ever, while thesemethodshave been successfulfor re-
trieving smoothly deforming objects,they cannotcapture
the physicsof complex deformationswhich requiresmuch
more sophisticatecanddif cult to handlenon-linearmod-
els[1, 18]. Thishasbeerrecentlyaddresseih adata-drven
mannerby usingmachinelearningmethodgo build defor
mationmodelsfrom collectionsof deformedshapeq?, 4,

], or, for relatively smalldeformationsdirectly from se-
guence®f imageq 17, 19.

In ary event, in all the approachegliscussedabove,
modelparametersnust rst beinitialized andthenre ned
by minimizing an image-baseabjective function, which
may have mary local minima. In frame-to-frametrack-
ing, the shapeparameterdound in a frame can sere as
initial valuesfor the following one, but this kind of ap-
proachstill requiresparameterso be speci ed in the rst

frameandcannotrecover from atrackingfailure. To avoid
this, onemustbe ableto recover the 3D shapewithout an
initial estimate.This issuehasbeenaddressedh threere-
centpapergd6, 14, 16] thatall rely onthefactthatdistances
betweensurface points mustremainconstant—avalid as-
sumptionfor inelasticmaterialsbut not stretchablenes.

In short,our approachdiffers from previous technigues
in thatit canreconstructa surfacewhetherit stretchesor
not. Furthermore the shapeis recoveredin closed-form,
whichimpliesthatnoinitial estimatds needed.

3. Elastic and Inelastic SurfaceReconstruction
in ClosedForm

In thissectionwe rst usetheformalismof [16] to shov
thatthe solutionof our problemcanbe expressedasa lin-
ear combinationof singularvectorscorrespondingo the
small eigervaluesof a matrix. This matrix is derived from
the point correspondencdsetweerthe input andreference
image. We then shav that shadingconstraintscan be ex-
pressedn termsof cubic polynomialsinvolving the coef-
cientsof thelinearcombinatiorandtheshadingparameters.
Finally, we solve theresultingsystemof cubicequationgo
computeboththeonesandtheothers.

3.1.Initial Assumptions

We representthe surface as a triangulated3D mesh
whoseshapeis given by the vectorx = [v{;:::;vy 1T
. In the
following, we assumehat the meshwe use,like thoseof
Fig. 1, hasa rectangulartopology and thereforethat all
meshfacetshave one90 degreeangle.As will bediscussed
below, we could alsousehexagonalmeshesnadeof equi-
lateral triangles, which can be usedto model surfacesof
arbitrarytopology

We seekto retrieve X in aninputimage,assuminghat
we aregiven

1. The shapeof the meshin a refelencecon guration,
andn. correspondencdsetweera setof 3D pointsp;
onthis meshand2D imagelocationsu; .

2. An albedovalue ; for eachpoint p;, which canbe
takenastheintensityof the correspondingixel in the
referencamageif it waslit by adiffuselight source.

3. Theinternalcalibrationmatrix A of thecamera.

4. A meanshapexy andasetof n,, deformationmodes

of feasiblemeshdeformations.

We also assumethe surfaceto be Lambertianand illumi-
natedby a single point light source,whosedirectionand
intensityareunknown. In the resultssectionwe will show
thatthis assumptiorcanberelaxedin practiceandthatour
algorithmstill yields goodresultsin the presencef anex-
tendedight source.



3.2.Linear Geometric Constraints

As in [16], we startby shaving thatx canbeexpressed
asthe solutionto a linear systemencodingthe 3D-to-2D
correspondencesjuations.We expresseachpointp; asa
functionof thebarycentriccoordinate®f thetriangularface
it belongsto andwrite

8i;pi= @ vj['] ; (1)
j=1
wherethea;; arethehomogeneoubarycentriccoordinates
andf vj[']gj =f1.2:3¢ arethe verticesof the facecontaining
thepointp;. Withoutlossof generality we expressthe 3D
pointsp; in thecameraeferential andtheir 2D projections
uj = [Ui;"\/i];as

" 2 .3
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]
where the w; are the scalar projectve parameters,
[xj['];yj[']; z]-[']]T the 3D coordinatef eachvertex vj['], and
fu, fv and(ug; v¢) the focal lengthsand principal point of
thecalibrationmatrix A .

Fromthelastrow Bf Eq. 2, theprojective parametersan
be written asw; = 1-3:1 ajj zj[']. When substitutedback
into the rst two rows we getfor each3D-to-2D correspon-
dence

aj fuxj[” + ajj (Ue ui)zj[i] 0; 3

j=1
x@

1
o

Qjj fvyj[l] + 3 (Ve Vi)zj[I]
j=1

(4)

Theseequationanbejointly expressedor all then. cor
respondenceasalinearsystem

Mx = 0; (5)

whereM isa2n. 3n, matrix, madeof theknown coef-
cientsof Eqgs.3 and4.

As obseredby [15] thematrix M is rankde cient even
for a large numberof correspondences,, thatis, a solu-
tion x yielding a correctreprojectionis not guaranteedo
have a correct3D shape Fig. 2(a) illustratesthis. Onecon-
sequencef this is that matrix M hasa large numberof
eigervaluescloseto zero,asseenin Fig. 2(b). Therefore,
additionalconstraint$ave to beintroducedto reducethese
ambiguities. This canbe doneby introducingdeformation
modesandrepresentinghe surfaceasalinearcombination
of n, << n, basisshapeswhich canbewrittenas

Km
X = Xo+ idi=Xo+ Q (6)
i=1
where
the basisshapesve wantto recover. If we introducethis
expressiorinto Eq. 5, thelinearsystembecomes

L
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(a) View ambiguity (b) Eigernvaluesof M (c) Eigervaluesof Nt

Figure 2. (a) View ambiguity The two plots correspondo the
samecon guration of the mesheseenfrom differentviewpoints.
(b) Eigervaluesof the matrix M , for the black meshof (a).(c)
Eigervaluesof Nt , afterconsideringdO deformationrmodes.
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A standardway of computingthe deformationmodes
is to apply Principal ComponentAnalysisto a large setof
trainingshapesandhenceegachbasisshapey; is associated
to a prior standarddeviation value ;. We usethis prior as
aregularizationtermon theweights by minimizingS ,
whereSisann, ny diagonamatrixwith elements L
Theshapds thenobtainedby solving

MQ MX o

M1 s o 1

=0 (8)
in theleast-squaresenseNotefrom Fig. 2(b) thatthis lin-
earsystemhasmuchfewereigervaluesthatarecloseto zero
thantheoriginal one.

Thesolutionof Eq. 8 belonggo thenull spaceof M . We
takeit to be R
= imi ; 9)

wherem; aretheright-singulavectorsof M corresponding
toits N smallestsingularvalues.Pickingthe correctvalue
for N is non-trivial sinceit amountsto decidingwhich of
thesingularvaluesaresmallenoughto be consideredsbe-
ing effectively zero. This is illustratedby Fig.2(c), where
the numberof small eigervaluesis around10 andit is dif-
cult to decideon anexactnumber In practice we runthe
algorithmfor all N Nmax » WhereNnax is intentionally
too large,andretaintheresultthatyieldsthe smallestaver-
agereprojectionerror. In all experimentakesultspresented
in this paperwe useNmax = 15. As will bediscussedbe-
low, we chosethe ; by solvinga setof cubicequationsn
closedform. And, sincethisis only afractionof theoverall
computation performingit severaltimesonly represents
smallcomputationabverhead.

3.3.Cubic Shading Constraints

Solving our shape reconstructionproblem therefore
amountsto picking theright ; coefcients for the linear



combinationof Eqg. 9. In [1€], this was done by choos-
ing them so asto presere the length of the meshedges,
which precludegheaccuratemodelingof a stretchablesur
face. Here,we remove this limitation by replacinglength
constraintdy shadingones.

Letus rst considerasinglefacetf with verticesfv; =
[Xi;Yi;Zzi]" 0= t1.2:3¢ lit by adistantpointlight sourcewith
unit directionl = [Ix;ly;1,]" andintensityL. Let| bethe
obseredintensityat afacetpoint of albedo . Assuminga
Lambertiarre ectancemodel,we have

=L n); (20)

wheren is thefacetnormal.In thefollowing, we shav that
Eq. 10 canbewritten asa cubic equationin the unknovns

i, L, Ix, ly, andl,. Sincewe canwrite sucha constraint
for eachof our n. correspondencethis yields a systemof
n¢ cubicequationghatwe cansolwe usinglinearization.

3.3.1 Quadratic Representationof the Normal Vector

Letvi, = v1 Vvyandviz = vi Vvi. Thefacetnormal

n canbecomputedas

Viz Viz _ 1
vizjj  2Area(f)

[y, By, |=fz]T (11)

jiviz
whereAr ea(f ) is theareaof thetriangularfacetf and

Rx = Y2Z3 Y2Z1 Yi1Z3 Z2Y3tZoY1tZ1Ys
Ry = ZoX3 ZoX1 ZiX3 X2Z3+X2Z1+X1z3; (12)

Rz = X2Ys X2Y1 Xi1Y3 Ya2X3tYoXitYiXs !

Thesystemof Eq. 12 is quadratidn the vertex coordinates,

andthereforealsoirbthe i. Morespeci cally, from Eq.9
N [i

wecanwrite j = ., jm; I wheremj[i] isthei th
elementof thevectorm; . FromEq. 6 we thenhave
R X
X = Xo+ jmjdi; (13)
i=1 j=1
which letsuswrite
X XX
k k k
Mo = o0+ M+ i[j]iJ
i=1 i=1 j=i
= (g ;k)T 1 ; (14)

wherek = fx;y;zg andthe coefcients i[k] and igk] are

generatedy arrangingthe appropriatecomponent®f the
areknown. In the riéf’]t partof Eq. 14, Ry is written asthe
dot productof two vectors, g, . Whichis madeof known
coefcients and
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Figure3. Approximatingtheareaof arighttriangle.Left: In order
to beableto write the magnitudeof thefacetsnormasa quadratic
function of the coefcients ; we have to approximatets areaas
the meanareaof two isosceledriangles. Of course the approx-
imationis perfectfor isosceledrianglesand becomegoorerthe
biggeris thedifferencebetweerthesidegjv 12 jj andjjvas jj of the
triangle. Right: Error in the estimationof the trianglearea,asa
functionof theratio of the sideslengths.

which containgheunknawn. In otherwords,thenumerator
of Eq. 11 can be written as quadraticpolynomialsin the

i . By contrastexactly computingthe denominatomwould
requireevaluatingsquarerootsof 4-degreepolynomialsin
the ; coefcients, whichwouldmalkeit impossibleto solve
the resulting systemof equationsby simple linearization.
We overcomethis dif culty by replacingthe exactvalueof
jiviz  Vvasjj by an approximateone that dependon the
factthatindividualtriangleshave one90 degreeangle.This
allows usto replaceEq. 11 by a pair of equationsexpressed
in termsof a quadratigpolynomialin the 's,asfollows.

Without lossof generality let us numberthe verticesof

thefacetasvi, v, andvs, with v, beingat the 90 degree
angle.We thereforehave

jivazji® + jivasii® = jjvasji® : (16)

Eachjjvj ji? is quadraticin termsof the vertex coordi-

nates,and,givenEq. 13, alsoin the ;'s. Usingthesame

notationasin Eq. 14, constrainingheangleof asinglefacet
to be 90 degreescanbewritten as

( right)T 1 =0; (17)

where i, IS again computedby arranging speci ¢

.....

eratedNHéhexpandingthetermsjjvij ji.
Furthermorethefacetareaof aright triangleis givenby

Areaf) = JIVi2)) 2JJV13JJ :
Sincedirectly usingthis would yield polynomialsof degree
higherthan2, we approximatet by

(18)

1jival® | jivisii?
2 2 2

= (we 4 (19)

Area(f)
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Figure4. Left: Comparingthe performanceof our approachagainstthe methodof Salzmanret al. |

Frame # 70
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Extensior= 1.30
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Err. Rec=10mm Err. Rec=19mm  Err. Rec=40mm
Extensior= 2.03  Extension= 2.03
] in a syntheticexperimentwith

Extensior= 1.56

a stretchablesurface. We plot aswell the resultsof our methodif the true facetareaswere given. The graphrepresentshe mean3D
reconstructiorerror as a function of the surfaceextension. Right: Signi cance of the reconstructiorerror values. Black: true shapes.
Blue: Shapeseconstructedisingonethethreemethodsandtheir associate@rrorvalues.

where o, is known andcomputedaswe did beforefor

dir k and g e - Fig. 3(left) illustratesthemeaningof this
approximation: The areaof the right triangle is approxi-
matedasthe meanareaof two isoscelesight triangles,one
having two equalsidesof lengthjjv1,jj andthe othertwo
equalsidesof lengthjjvisjj. Note that we could usethe
sameapproximatiorfor hexagonalmeshedecausequilat-
eraltrianglesmaybesplit into two isoscelesight triangles.
Fig. 3(right) shaws the error producedby this approxima-
tion asafunctionof theratiojjv1»jj5jv13jj. Notethatthis
approximationis poorerif the stretchingis producedjust
alongonedirection. For instance,as obsenedin the g-
ureif onesideis stretchedo twice its initial lengthandthe
lengthof theotherremainsconstanttheerrorof theapprox-
imatedareawill bearound20% By contrastjf bothsides
arestretchednoreor lessequally the estimationerror will
bengyligible. In Section4 we will validateour approxima-
tion on experimentaldataandwe will seethatit is in fact
very appropriate.

In short,imposingtheconstraintderivedin Eqs.14, 17,

and19 forcesthenormalof afacetto be of unit norm.

3.3.2 Integrating Lighting Unknowns

Wearenow in apositionto integratetheexpressionslerived
abovefor unitnormalsinto theshadingconstrainof Eq. 10.
LetLl = [Ly;Ly;L,]" bethelighting unknavnsandr™ =
2l = . Eq.10canbere-writtenas

Area(f )= ([Lx;Ly;L] [Rx;Ry;RZ1T) (20)

If we expandthis equationby consideringthe expres-
sionsof ry, Ay, f,, andAr ea(f ) derived in the previous
section,we obtain

Lx

L
( area)T 1 r= ( dir ;x)T Ly y

+ ( dir ;y)T Ly +

(T iz )T LLZZ . (21)

Note that we have one suchequationfor each3D-to-2D
correspondencdy groupingthesesquationdor all n. cor
respondenceand introducingthe right angleconstraintof
Eq. 17 for eachof the n; facesof the mesh,we obtaina
systemof theform

b= ; (22)

whereb = [ ;Lx;Ly;Lz; Lx; Ly; L.]7 is the vec-
tor of unknawvns of size2N (N + 3) + 3, madeof lin-
ear quadraticandcubictermsthatsimultaneouslcontains
the lighting and the geometricunknovns. D andd are
ann. 2N(N + 3) + 3 matrixandann. vectorrespec-
tively, built from the knowvn parameterd~ g .,  gir .y

dir :z @Nd 4 q, fOr eachcorrespondenceinally, R is an
n:  N(N + 1)=2 matrix—expandedwith zerocolumns
to t thedimensionof D —thataccountdor theright angle
constraints.

We useasimplelinearizationprocedureo solve thesys-
tem of Eq. 22, which meanssolving it asif it werea lin-
ear systemwhere the quadraticand cubic termsare con-
sideredas new linear variables. Finally, the unknavns

from the elementsof b which were originally linear The
light intensity and direction are respectiely computedas
L =jilLx;Ly;LzJjandl™ = [Ly;Ly;L.]=L.

4. Results

In this section,we useboth syntheticand real datato
shav thatwe cancorrectlyretrieve the 3D shapeof bothin-
elasticandstretchablesurfaceswhichis in contrasto ear
lier techniques.

In all our experiments,we usedthe samedeformation
modes, automaticallygeneratedby performing Principal
ComponentAnalysis on a databaseof synthetically de-
formedmeshesTheonly parametershatchangefrom one
experimentto the next arethe meshsizes.
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4.1.Resultson synthetic data

We synthesized 120-framesequencef adeforming3D
meshwith 14 14 vertices. Its initial con guration was
a 100 100mm rectangle,which we usedas a reference
andprogressiely deformedaccordingto a sinusoidawave
with translatingphaseandincreasingamplitude,asshovn
in Fig. 4. Notethatsurfacestretchingincreasesvith wave
amplitudeandthatthe areain thelastframeis abouttwice
thatin thereferencdrame.

We then syntheticallyproduced100 random3D-to-2D
correspondencgserframe,in a640 480imageacquired
usingavirtual camerawith focal lengthf ,=f,, = 800and
principal point at (uc; v¢) = (320; 240). A Gaussiamoise
with a5 pixelsstandardleviationwasaddedo the 2D point
coordinatesWe alsocomputedheintensityof eachimage
pointassuminga Lambertianre ectancemodelandillumi-
nating the surface using the lighting environmentmap of
Fig. 5(left), whichwasmadeof 90 pointlight source®f dif-
ferentintensitiesdistributedon the upperhemisphereThe
effects of the castand attachedshadevs were considered
whencomputingtheintensityto shav thatourapproacttan
toleratelight sourceghatarenottrue pointlight sources.

The experimentwasrepeated0 timesper frame. Each
time, we computedhe 3D shapeusing[16], our methodas
describedn Section3, anda variantin which we usethe
correctvaluefor the facetareaAr ea(f ) in Eq. 19, known
for syntheticdata. The purposeof introducingthis vari-
antis to gaugethe error resultingfrom replacingthe true
valueof Ar ea(f ) by its approximationasdiscussedh Sec-
tion 3.3.1 Thegraphof Fig. 4(left) summarizeshe results
of theseexperiments.We plot the meanreconstructiorer
ror asafunctionof the surfaceextensionwhichis theratio
betweenthe true areaof the surfacesandthe areaof the
initial planarmesh. Obsene that our methodclearly out-
performs[16], especiallyfor large amountsof stretching.
Furthermorethe differencen reconstructiorerrorbetween
the methodusingthetrue area,andour actualimplementa-
tion is almostnegligible. Fig. 4(right), shavs a few frames

2oc:cluded‘llight sousrces (%)
Figure5. Error in the estimationof the light powver anddirection. Left: Environmentmapusedfor the syntheticexperiment,madeof a
large numberof point light sourceswith differentintensity Center andRight: Errorsin the estimationof the light powver andthe mean
direction,asafunctionof thepercentagef occludedight sources.

o u

8 10 0 8 10

2 4 6
occluded light sources (%)

with the groundtruth meshesn blackandthe meshrecon-
structedwith one of the threemethodsin blue to help the
readeto visualizewhattheseerrornumbersruly represent.

However, asshavn in Fig. 5, usingtheapproximatdacet
areasnsteadof thetrueoneshasa moresigni cant impact
on the recoveredlighting parameters.This wasto be ex-
pectedsinceobjectpose—andhencereconstructiorerrors—
are alwayslessaffectedby changesn the directionof the
facetsnormal. In ary casethelighting parametersve esti-
mategive a clearideaof whatis the meandirectionof the
light sourcesandtheir total intensity Fig. 5(center)plots
the error in the estimationof the light intensityasa func-
tion of the percentagef occludedight sourcesot seerby
the facets. Of course the errorincreasewith the amount
of occlusion. Fig. 5(right) plots the error producedwhen
estimatingthe light direction,which is in all the situations
smallerthan25degrees.Thisvalueis relatively small,espe-
cially if we considetthatevenfor themostdeformedshape,
achangeof 25 degreesn theelevationangleof theenviron-
mentmap only producesa 2% changein the meanimage
intensity

4.2.Resultson real data

We alsoshaw resultson two realsequencesneinvolv-
ing bendinganinelasticsheebf paperandtheotherstretch-
ing a hair ribbon. Theimageswereacquiredwith a Basler
A601f rewire camerathat was geometricallycalibrated,
andwhoseradiometricresponsevaslinearized. To estab-
lish the 3D-to-2D correspondencese followed a similar
stratgy asin [16]: startingfrom the SIFT [9] matchese-
tweena referenceframe and the input image, the surface
was detectedin 2D. This 2D detectionwas then usedto
computedensecorrespondencdmsednnormalizedcross-
correlationin very small regions. To facilitateregistration,
we usea referenceimage in which the surface was pla-
narandseenunderdiffuselighting, so thatimageintensity
couldbedirectly usedto estimatealbedo.To obtainreliable
intensity estimatesn both referenceandinput images,we
tookit to bethe meanover smallimagepatches.



frame #20 frame #50

frame #60 frame #105

Figure6. 3D registrationof a non-rigidinelasticpieceof paper Top row: Retrievedmeshprojectedontotheoriginalimage.Middle row:
3D meshseerfrom adifferentviewpoint. Thecoloredlinesin eachimagerepresenthelight directionsretrievedfor all the previousframes
in thesequenceBottom row: Synthesizedexturedview of theretrieved shape.

frame #1 frame #17

frame #60 frame #80

Figure 7. 3D registrationof a non-rigid elastichair ribbon. Top and middle rows: Registrationand3D reconstructionmesultsobtained
with themethodpresentedh the paper Despitethe areaextension the shapés correctlyretrieved. Bottom row: 3D reconstructiorbased
on [16], which makesuseof inextensibility constraints.Obsere thatthe increasen areasizeis not detectedandthe sizechangen the
imageplaneis interpretedasatranslationof the objecttowardsthe cameraThe dot-and-dasline indicatesthe camereoptical axis.

In the 120framevideo sequencelepictedby Figure 6,
we shav thatour methodcanbe successfullyappliedto de-
tectaninelasticdeformablesurface. Note the thatthelight
sourceis a window locatedbehindthe cameraandthere-

fore an extendedone as opposedto a point light source.

The top row depictsthe recovered19 19 meshesover
laid on the original frames. In the middle row, the com-
putedmeshesreseenfrom a differentviewpoint. For each
framethe meandirectionof the light sourcescomputedn

all the previous framesis also shavn as a randomcolor
line. Note that all the estimateddirectionsform a cone
with a relatively small apex angle, meaningthat more or

lessthe samelight directionis retrieved in all the frames
even thoughthe computationis performedcompletelyin-

dependentlyn all frames.This directionis roughly correct
becauset coincideswith thewindow directionfrom where
thelight comes.Thelastrow of Fig. 6 shavsasynthetically
generatedexturedview. In Fig. 8, we plot the estimated
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Figure8. Surfaceextensionestimatedy our algorithmfor there-
sultswith real data. Note thatin the caseof the inelasticpaper
our algorithm predictsvery small extensionvalues,while for the

stretchingiibbon, extensionsf about150%areestimated.

surface extension-ratio betweenthe areaof the surfaces
at a given frame and the areaof the initial mesh—,which
remainscloseto one,asit should,even thoughwe do not
explicitly enforcethis constraint.

Finally, we compareagain our algorithmto [16] on an
80-frame sequenceof a hairribbon being stretchedand
bent.The rst two imagesn thetop row of Fig. 7 shaw the
con gurationswith minimal andmaximalstretchingwhile
the other two imageson the right shaov the ribbon being
bentbackwards.Obsere againin Fig. 8 thatour algorithm
correctlyseeshe meshasbeingstretchedby about150%
This is in contrastto the resultsby applying [16], which
interpretsthe motion betweenframe #1 and#17 asif the
ribbonmovedtowardsthe camera.

5. Conclusion

In this papemwe have presente@ closed-fornsolutionto
3D shapeecovery of stretchablesurfacesrom pointcorre-
spondencebetweeraninputimageandareferenceon g-
uration. Sincestate-of-the-anmnethodsnale useof inexten-
sibility contraintdbetweemeighboringpoints,they arelim-
ited to retrieving the shapeof inelasticsurfaces We remove
this limitation by replacingthe constant-lengtltonstraints
by shadingones,which still permitsolving the problemin
closedform.

In future work we plan to use more complex shading
modelsand parameterizationsf the lighting ervironment
map, suchasthosebasedon sphericalharmonics. To this
endthatwe will have to consideradditionalunknavnsand
introducevisibility constraintsaccountingfor the visible
light directionsfor eachfacet. This will entail aniterative
optimizationscheme.But, sincethe closedform approach
we have presentecherecan,in practice,handlesomeavhat
extendedlight sourceswe believe that it will give usthe
initial estimatesve needto ensurecorvergence.
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