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Figure 1: Adding a virtual character into a postcard. (a) The original image is partially hidden by a �nger , which casts a shadow on it. (b) The
picture of a woman has been added. It is correctly shaded and her feet are not shown since they would have been hidden by the �nger , had
she appeared in the original postcard. (c) What the postcard would have looked like if its middle part had been white. This can be viewed as
diminishedreality. Note that the shadow cast by the �nger is correctly modeled. This �gure , as well as most of the others, is best viewed in color.

ABSTRACT

We presenta non-rigidregistrationtechniquethatachievesspatial,
photometric,andvisibility accuracy. It lets us photo-realistically
augment3D deformablesurfacesundercomplex illumination con-
ditions and in spite of severe occlusions. There are many ap-
proachesthat addresssomeof theseissuesbut very few that si-
multaneouslyhandleall of themaswedo.

Weusetriangulatedmeshesto modelthegeometryandintroduce
explicit visibility mapsaswell asseparateillumination parameters
for eachmeshvertex. We castour registrationproblemin an Ex-
pectationMaximizationframework thatallows robustandfully au-
tomatedoperation.It providesexplicit illumination andocclusion
modelsthatcanbeusedfor renderingpurposes.
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1 INTRODUCTION

In recentyears,therehasbeengrowing interestin modelinggeneric
deformablesurfacesfrom videosequences[3, 2, 11,6, 19,16]. For
AugmentedRealitypurposes,it allows retexturing of thesurfaces,
which involves changingtheir appearancewhile preservingtheir
shape,asshown in Fig. 1.

However, currentmethodssuffer from a numberof limitations.
Somerequiremarkers [3] or large training databases[6]. Others
lack accuracy [11] or arti�cially limit thenumberof thecolorson
thesurface[19, 16] or thenumberof light sources[18].

In this paper, we proposea methodthatovercomestheselimita-
tionsandallowsautomatedretexturingundercomplex illumination
conditionsandin thepresenceof occlusions.Our techniquestarts
from a setof wide baselinecorrespondencesbetweena modelim-
age of theundeformedsurfaceandthecurrentimage we aretrying
to retexture to obtain initial 3D poseandshapeestimates.These
estimatesarethenre�ned togetherwith visibility andlighting maps
by matchingthetexturein themodelimageagainstthatof theinput
image.

Our approachis inspired by standardtemplatematchingap-
proaches[10, 1], althoughwe explicitely modelocclusionsandlo-
cal illumination parameters,which givesusbothadditionalrobust-
nessandincreasedrealismwhensynthesizingthenew textures.Our
only requirementis that the real surfacewe aretrying to modelis
texturedenoughto establishtheinitial correspondences.

More speci�cally, the visibility mapwe usede�nes whetheror
not a pixel in the model imageis visible or hiddenin the input
one. The lighting map includesseparateillumination parameters
for eachvertex of the mesheswe useto representthe surfaces.It
accountsfor thefactthatilluminationmayvaryacrossthesurfacein
unpredictableways,with theonly assumptionthat thesevariations
arepiecewise smooth. Our algorithmcan thereforehandlemuch
morecomplex combinationsof occlusionandlighting patternsthan
state-of-the-artmethods,suchasthe recentapproach[5] that pro-
posesan elegant EM framework to imposethe spatialcoherence
of occlusions. Of course,this �e xibility comesat a cost sinceit
makesestimatingtheshape,illumination,andvisibility parameters
a potentiallyill-conditionedoptimizationproblemwith many local
minima. Themaintechnicalcontribution of this paperis therefore
anoptimizationschemethatprovidesstableandrealisticsolutions.
This allows fully automatedoperationwithout manualinitializa-



tion to produceAugmentedReality resultssuchasthosedepicted
by Fig. 1.

2 RELATED WORK

Effective 3D deformablesurfacemodelingfor AugmentedReality
purposesmustincludeaccurategeometricreconstruction,recovery
of theillumination parametersto correctlyrelight theobjectsto be
added,andcorrecthandlingof both self-occlusionsandotherob-
jects that may hide partsof the surface. As will be discussedin
this section,therearemany approachesthataddresssomeof these
issuesbut very few thathandleall of themaswedo.

2.1 Non-Rigid Registration

Thereare two major approachesto registrationof non-rigid sur-
faces.The �rst relieson imagefeaturematchingandcanbe fully
automated[12, 7]. The secondinvolves direct minimization of
pixel intensity differences. It tendsto be more precisethan the
formerbut requiresgoodinitial estimatesto avoid gettingtrapped
in local minima. It is thereforeoften restrictedto frame-to-frame
tracking [1], or usedin conjunctionwith very speci�c deforma-
tion models[4, 13]. This requirementcan be relaxed for near-
regular textures [9], or when thereare only a few colors on the
surface[19, 16]. However, this lacksgenerality.

This is why we choseto combinethe bestof both worlds by
initializing the registrationprocessusing wide-baselinematching
of featurepoints [7] and then re�ning the initial estimatesusing
pixel level minimization. The initialization stepdoesnot require
illumination or occlusionmodelingbut is suf�ciently accurateto
bootstrapit. It alsofreesus from the needof a training database,
whichwill notbeavailablein general.

2.2 Illumination Models

For our application,we requirenot only robustnessto illumina-
tion changesbut actualretrieval of illuminationparametersfor ren-
dering purposes. Imagewarping approacheshave long incorpo-
ratedpolynomial [17] or spline [16] illumination models. Simi-
larly, [5] allows for anaf�ne illumination change.However, none
of thesemodelsincludesenoughparametersto representtruly com-
plex lighting effects,suchasthosecausedby arbitraryobjectscast-
ing shadowsasshown in Fig. 1.

Active appearancemodels[4, 6] and morphablemodels[13]
incorporatemorepowerful illumination models,which have been
learnedby performingPrincipalComponentAnalysis(PCA) on a
training setof views of the target objectsunderdifferent lighting
conditions. This is effective for facetrackingbecauselight often
comesmore or lessfrom above, facesare usually orientedverti-
cally, andstrongshadow patternsareuncommon.Thus,usingface
imagedatabasesandPCA to reducethedimensionalityof theillu-
minationspacemakesperfectsensebut is notgenerallyapplicable,
especiallywhenno trainingdatabaseis available.

By contrast,our approachincorporatesvery �e xible illumina-
tion models—thoseusedin this paperhave around600 parame-
ters,in contrastto the20 or sotypically usedby active appearance
models—thatcan handlecomplex shadingpatternswithout prior
training. This makesa signi�cant differencein the complexity of
theproblemweface.Allowing moredegreesof freedomfor irradi-
anceestimationresultsin many morelocalminimain theobjective
functionweminimizebecauseimageintensitydifferencesbetween
modelandinputimagescanbereducedbychangingeitherthelight-
ing or shapeparameters.

2.3 Retrie ving Occlusion Masks

A standardapproachto dealwith occlusionsis basedon robustes-
timatorsthat decreasethe in�uence of large error terms[1]. For
example,in [6], robustestimationis implementedef�ciently in the
inversecompositionalalgorithmin which theHessianmatricesare

pre-computed.This is achievedby assumingspatiallycoherentoc-
clusions,computingthe visibility of individual meshfacets,and
usingthemto assemblethematrices.

Note, however, that straightforward robust estimationwill not
performwell in thepresenceof strongillumination effectswithout
explicitly taking theminto account.Furthermore,asis thecaseof
illumination modelingdiscussedabove, we neednot only robust-
nessto occlusionsbut also explicit modelsof their locationsfor
renderingpurposes,asshown in Fig. 1. In [5], an elegant frame-
work is introducedfor imposingthespatialcoherenceof occlusions
by meansof anEM algorithm.Its implementation,however, relies
on a simplepixel-wisemeasureto predictocclusions.This is not
suf�cient whenusedin conjunctionwith an illumination modelas
�e xible asoursbecauseoccludedmodelimagepixelscanbemade
to look very similar to pixels in theinput imageby simply varying
the illumination parameters.As discussedbelow, we addressthis
issueby estimatingpixel visibility usingwhole neighborhoodsas
opposedto individualpixels.

3 BASIC SHAPE AND ILLUMINATION RECOVERY

Wenext introduceourgenerativemodelandshow how weuseit to
retrieve surfaceshapeandillumination parameterswithoutconsid-
eringocclusions.Thosewill beintroducedin thefollowing subsec-
tion by incorporatingthisgenerativemodelinto anEM framework.

3.1 Generative Model

As discussedearlier, we assumewe are given a model image in
which thesurfaceis not deformedandlit by diffuselighting. Our
goal is to matchit againstan input image in which the surfaceis
bothdeformedandsubjectedto complex illuminationeffects.

To this end,we representthe surfaceas 3D triangularmeshes
whosegeometryis controlledby a vectorq of 6 globalorientation
parametersand20shapeparameters.Following theapproachintro-
ducedin [15] theshapeparametersaretakento beweightsassigned
to deformationmodesthatwerecomputedby performingPCAona
databaseof deformedversionsof themesh.Givenq andthemodel
image,wecansynthesizeSq , theimagewewouldseeif thesurface
hadbeenacquiredwith an identicalgeometry, but underconstant
diffuselighting.

To accountfor the fact that eachpart of the meshmay receive
differentamountsof light, we introduceL , a vector that contains
one lighting factor per vertex and an offset s that is commonto
all verticesandarisesfrom differentcamerasettings.It is usedto
generatea secondsyntheticimageSq;L asfollows. For a pixel x
belongingto a facetwhoseverticeshave lighting factorsL a, L b
andL c, we take theSq;L (x) thegraylevel of x to be

Sq;L (x) = Sq (x)(baL a + bbL b + bcL c) + s; (1)

whereba, bb andbc arethe barycentriccoordinatesof x with re-
spectto thethreevertices.For any givenvalueof q, by represent-
ing all pixel valuesin acolumnvector, thiscanbewritten in matrix
form as

Sq;L = BqL : (2)

This formulation gives us the �e xibility requiredto handlearbi-
traryshadingpatternswhoseshapecannotbepredictedin advance.
Whenworking with color images,we usethesameformalismbut
introduceadifferentlighting factorfor eachcolorband.



3.2 MAP Estimation

Estimatingtheshapeandilluminationparametersin aninput image
I amountsto estimating

( bq; bL ) = argmax
q;L

P(q;L j I ) ;

= argmax
q;L

P(I j q;L )P(q;L ) ; (3)

= argmax
q;L

P(I j q;L )P(q)P(L ) ;

wherethesecondline of theequationfollows from Bayes'ruleand
the third from assumingindependencebetweenthe surfaceshape
parameterizedby q and the illumination factorsL . This is not
strictly true becauseillumination dependson surfaceorientation.
However, it is a reasonableassumptionfor our purposessincewe
usually deal with ambientdiffuse lighting and becauseillumina-
tion effectswhich areshapeindependent,suchasthe shadows of
Fig. 5(a),tendto bedominant.

To enforcethefactthatthesurfacewe modeldoesnot stretchor
shrink,we takeP(q) to be

P(q) µ exp(� ED) (4)

ED(q) =
V

å
i= 1

å
v j 2N (vi )

(



 vi � v j




 � Li; j )2 ;

wherevi is a vertex of themeshdeformedby q, N (vi) represents
thesetof all its neighbors,andLi; j is thedistancebetweenvi and
v j in theundeformedmesh.

Wemodelthepiecewisesmoothnatureof illuminationby penal-
izing large secondderivatives in the spatialvaluesof the lighting
factors.Wewrite

P(L ) µ exp(� EL ) ;

EL = å
(a;b;c)2A

(� L a + 2L b � L c)
2 ; (5)

= kKLk2 ;

whereA is the set of aligned,connected,and equidistantvertice
tripletsin thebasemeshandK is a largebut verysparsematrix.

Finally, we takeP(I j q;L ) to simplybe

P(I j q;L ) µ exp(� EI ) ; (6)

EI =



 I � Sq;L




 2 ;

whichamountstosayingthatoncethegraylevelsof theinputimage
pixelsareexplainedin termsof themodel,only independentpixel
noiseremains.

3.3 Optimization Framework

Given the expressionsof P(I j q;L ), P(L ), and P(q) introduced
above, �nding the MAP estimateof Eq. 3 is equivalentto solving
theleast-squaresproblem

( bq; bL ) = argmin
q;L




 I � Sq;L




 2 + kKLk2 + ED(q) : (7)

In practice,we automaticallyinitialize q using a set of corre-
spondencesbetweenthemodelandinput imagesusingawidebase-
line matchingtechnique,asin [7]. We thenalternatively anditer-
atively solve over L andover q. The latter is standardLevenberg-
Marquardtwhile theformeris achievedby solvingthelinearsystem

argmin
L

=



 I � Sq;L




 2 + kKLk2

= kI � BqLk2 + kKLk2 (8)
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whereBq comesform Eq.2,whichaccountsfor thelighting factors
of Eq. 1. Observe that sinceL canbe solved in closedform, no
initial estimateis required.

4 HANDLING OCCLUSIONS

The methodintroducedin Section3 is effective in the absenceof
occlusions.Hereweextendit sothatit alsoworksin theirpresence,
notonly to achieverobustnessbut alsoto computepreciseocclusion
masksthat can be usedto augmentonly the visible partsof the
surfaceandignoretheothers,asshown in Figs.1 and 2.

To this end,we take advantagethe EM framework introduced
in [5] to estimatevisibility while imposingspatialcoherenceof the
occlusionmasks,somethingthat standardrobust estimationdoes
not do. However, its original implementationonly hasglobal illu-
minationparametersanddoesnotaccountfor local lighting effects,
suchas shadows, which our generative model does. This poten-
tially createsmany ambiguitiessinceocclusionsandshadowsoften
havesimilareffectsonpixel intensities.Wehavethereforereplaced
thevery local similarity measuresusedin [5] by moreglobalones
that involve whole neighborhoods.As a result,our approachcan
disambiguatelocal shadows from occlusions.

In the remainderof this section,we brie�y summarizethe EM
approachof [5] anddiscussits limitations.We thenshow how they
can be overcomeby replacingthe local measuresit relies on by
moreglobalones.

4.1 Visibility Maps

Thestartingpointof [5] is to rewrite Eq.3 as

( bq; bL ) = argmax
q;L

å
n

P(I ;n j q;L )P(q)P(L ) ; (9)

wheren is a binary visibility mapthat signalsif individual pixels
lie on the target surfaceor areoccluded.Spatialcoherenceof the
occlusionsis enforcedby assigningto visibility mapsa prior prob-
ability term P(n) that is inverselyproportionalto the numberof
transitionsbetweenvisibleandoccludedpixels.

Solving Eq. 9 implies evaluatinga sumover all possiblemaps,
and direct maximisation is infeasible. Instead, a mean-�eld
expectation-maximizationalgorithmis used.

The E-stepestimatesa probability of visibility b(x) for each
pixel. In order to enforcespatialconsistency, the optimal set of
suchprobabilitiesmustsatisfythesetof couplednon-linearequa-
tions

b(x) = s

 
2
T å

y2G(x)
(2b(y) � 1) + log

f (x)Pf

g(x)Pg

!

; (10)

where G(x) denotesthe 4-neighborhoodof x, s (x) = 1=(1 +
exp(� x)) is the sigmoid function, T is a parameterthat controls
theamountof regularization,Pf is theprior probabilityof visibil-
ity, andPg = 1� Pf . The f (:) andg(:) functionsapproximatethe
probability of pixels being either visible or occludedgiven their
individual gray levels. In our case,we implementedthe original
approach[5] by de�ning f andg as

f (x) = G(I(x);Sq;L (x);s 2) (11)
g(x) = 1/256
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Figure 2: Adding a virtual logo. (a) The model image. (b) An input image showing the model partially occluded by a set of keys and shaded by
a complex lighting environment. (c) The input image is augmented with an EPFL logo on top of which the keys remain visible. (d) Diminished
reality version of the surface in which the original texture has been replaced by a shaded version of the surface, assumed to be featureless. The
small holes in the upper right corner correspond to pixels that have been erroneously labeled as occluded because they were specular.

whereG is a Gaussiancenteredon Sq;L (x) with a varianceof s 2.
Thesystemof Eq.10 is thensolvedby iterative re-substitution.

The M-step updatesthe model parameterstaking b(x) as ex-
pectedvisibility. In our case,this amountsto usingthemto weight
thetermsof eq7. It canthereforebeformulatedas�nding

( �q; �L ) = argmin
q;L




 MI � MSq;L




 2 + kKLk2 + ED(q) ; (12)

whereM is adiagonalmatrix composedof all theb(x) values.
The model as describedabove assumesconditional indepen-

denceof pixel gray levelsgiven themodelparameters.While this
maybereasonablefor visiblepixelsthatarecorrectlyexplainedby
themodelsothatonly iid noiseremains,thisis certainlynottruefor
occludedpixelsthatarenot explainedat all by themodel.Further-
more,in thepresenceof complex illumination patterns,observing
individual pixel intensitiesis not a discriminatingenoughcriterion
to assessvisibility. If thecurrentestimateof theL lighting factorsis
inaccurateovera localarea,theindividualresidualsmightbelarger
than they shouldand the pixels erroneouslylabeledas occluded.
Conversely, whenan occludedobjecthasapproximatelythe same
colorasthetargetsurfaceor whenlocal illuminationtasksthecolor
of theoccludingobject,occludedpixelscaneasilybemissed.

4.2 Visibility and Normaliz ed Cross-Correlation

Our goal is to alleviate the problemsdiscussedabove by improv-
ing the robustnessof the visibility updateequationsof Eq. 10 to
local illuminationchanges,sothatpotentialinaccuraciesduringthe
M-stepdo not resultin poorvisibility estimatesduring theE-step.
Our proposedsolutionis to replacethe f function of Eq. 11 by a
morerobustone,which we will denoteasd andtakesinto account
neighborhoodsasopposedto individualpixels.

To de�ne d, let us�rst introducethevisibility weightednormal-
izedcross-correlationbetweentwo vectorsA andB

g(A;B;w) =
å i wi

�
Ai � A

� �
Bi � B

�

q
å i wi

�
Ai � A

� 2
å i wi

�
Bi � B

� 2
(13)

where w is a set of weights, and A and B denotethe averages
weightedby w over A andB respectively. Let Wx be a neighbor-
hoodaroundx thatdoesnot includex. As a shortcut,we write the
vectorof pixel intensitieswithin Wx as:

I (Wx) = [I (y)jy 2 Wx]

andwede�ne Sq;L (Wx) andb(Wx) similarly. Likewise,wewrite

[1� b(Wx)] = [1� b(y)jy 2 Wx] :

Finally, let

c(Wx;b(Wx)) = R max
�
0;g

�
Sq;L (Wx); I (Wx);b(Wx)

� �

R = exp

0

@� sc

 
Sq;L (Wx)

I (Wx)
� 1

! 2
1

A

wheresc is a weightingconstant.In practice,c(Wx;b(Wx)) tends
to be closeto 0 for occludedpixels andto 1 whenmodelandin-
put pixelsmatchup to anaf�ne transformationof their intensities,
even if the preciselighting parametersareunknown. The term R
penalizesa too largeaveragedifference.Theb(Wx) termprevents
thecorrelationwindow Wx from crossingavisibility boundary.

Figure3 showsacasewheretheb(y) in x neighbordhoodarebi-
nary. Thepartwheretheb(y) = 1 is awindow over thevisiblearea,
while therestis occluded.Thetwo correlationvaluesc(Wx;b(Wx))
andc(Wx; [1� b(Wx)]) areexpectedto take a valuecloseto 1 and
0 respectively, andaretwo possiblecluesfor thed(x;b(Wx)) func-
tion we want to design. However, d(x;b(Wx)) is not function of
b(x), sincex =2 Wx. To decideonwhichsidex liesandto choosethe
correctvalue,we take the correlationmeasurewhich is the most
compatiblewith x andde�ne d as

d(x;b(Wx)) =
�

c(Wx;b(Wx)) if d+ < d �

c(Wx;1� b(Wx)) otherwise (14)

where

d+ = (c(Wx;b(Wx)) � c(Wx [ x; [b(Wx);1])2

d � = (c(Wx;1� b(Wx)) � c(Wx [ x; [1� b(Wx);1])2

Wecannow rewrite thevisibility updateequationof Eq.10as

b(x) = s

 
2
T å

y2G(x)
(2b(y) � 1) + log

d(x;b(Wx)) f (I (x)) Pf

g(I (x)) Pg

!

:

(15)
Solving this systemusing iterative re-substitutionquickly con-

verges to a sharpprobability �eld with clearly de�ned visibility
boundaries.Color imagesarehandledby computingd(:) for each
channelandby multiplying themtogether. Comparedto Eq. 10,
Eq.15 is morerobustto illuminationestimationerrors.
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Figure 3: Correlation windows to compute correlation at pixel x.

5 IMPLEMENTATION ISSUES

The resultsshown in this paperwere obtainedusing 1092� 728
imagesandweusedacorrelationwindow of size11� 11to perform
thevisibility computationsof Section4.2.WetakePf to be0.9and
T to be0.5 whencomputingtheb(x) probabilitiesof visibility by
solvingthecoupledsystemof Eq.10.

Our current implementationfocuseson accuracy rather than
speed. We did not spendmucheffort on computationef�ciency:
Processingan imagetakes6 to 7 minuteson a modernPC. This
could however be sped-upby several ordersof magnitudeasfol-
lows.

Jacobian precomputation The most time consumingpart is
thegeometricregistrationof Section3.3, in which a syntheticim-
ageSq is iteratively renderedto minimize its differencewith the
input imageI . This registrationis slow becausewe usestraightfor-
ward Levenberg-Marquardtto minimize, every iterationof which
requiresa costly recomputingof the Jacobian.This computation
burdencould be reducedby using fastertemplatematchingtech-
niques[1, 8]. Theseprecomputedirectionsin which to performthe
line searchgiven residuals. According to [1], this is at leastone
orderof magnitudefaster.

GPU vs CPU The syntheticimageSq andits spatialderiva-
tive is obtainedby linearly interpolatingtwo pyramidlevelsthatare
sampledwith bicubicinterpolation.Althoughit requires32 texture
accessfor every pixel rendered,this renderingensuresimagegra-
dientcontinuitythanksto bicubicinterpolationproperties.Thetex-
ture pyramid avoids samplingartifacts,anda continuousgradient
helpstheLevenberg-Marquardtalgorithmto converge.Ourcurrent
implementationonly usesthe CPU.Using the GPU insteadcould
massively acceleraterenderingandgradientcomputation.Theded-
icatedand parallel natureof graphichardware would provide an
accelerationof at leastoneorderof magnitude.

Constrained optimization Geometric constraintsof Eq. 5
couldbeimposedduringminimizationby �rst determiningthelin-
earsubspacelocally satisfyingthem,and thenperformingwithin
that subspacea Newton or Levenberg-Marquardtstepminimizing
the pixels' sum of squaredifference. This would improve algo-
rithm's convergencepropertiesandreducethe requirednumberof
iterationsby a factorof at leasttwo, accordingto our initial experi-
ments.

Integral images Theweightedcross-correlationof Eq.13can
be computedwith a complexity linear with the numberof pixels
andindependentof thewindow size.RearrangingEq.13gives:

å (wiAiBi) � Bå wiAi � Aå wiBi + ABå wiq
å wiA2

i � 2Aå wiAi + A2
å wi

q
å wiB2

i � 2Bå wiBi + B2
å wi

:

(16)

Computinga sumover a rectangularareafrom an integral image
takesaconstantconstanttime. Thus,reducingthecomplexity of the
above formula to constanttime only requiresto computeintegral
imagesof the following 8 images:A, B, w, wA, wB, wAB, wA2,
andwB2. Computingat thesametime g(A;B;1� w) only requires
3 additional integral images: A2, B2 and AB. According to our
preliminarytests,this implementationis about15 timesfasterthan
ouroriginalone.

Combining all theseimprovementscould potentially yield a
speedincreaseof several ordersof magnitude,which would lead
to a framerateof a few Herz on our 1092� 728 images,or even
fasterusingsmallerimagesor parallel architecturesthat arenow
becomingcommon.Suchanoptimizedimplementationcouldthen
beusedfor interactiveAugmentedReality.

6 RESULTS

Our approachrequiresa modelimagein which thesurfaceappears
undeformedanda parametricmodelof its potentialdeformations.
To validateit, we usedthecolor postcardsof Fig. 1 and2 thatwe
scannedto producewell-texturedmodelimageswith homogeneous
illumination. We representthe postcardsas textured 600-vertex
rectangularmeshesassociatedwith deformationmodeswe com-
puteusingthe techniquedescribedin [14]. We usethesemodels
to demonstratethe robustnessof our approachto occlusionsand
illuminationchanges.

6.1 Occlusion Handling

Figs.1(b), 2(c), 4(b) demonstratethe importanceof the occlusion
maskto only renderadditionalobjectswherethey areexpectedto
bevisible,which is critical for augmentationpurposes.In Fig. 1(c),
we renderthe pixels that have beenlabeledasoccludedusingthe
original imagetextureandtheothersusingtheilluminationmodel.

Note that the shapeof the occluding�nger is recoveredalmost
everywhereto a � 1 pixel accuracy. In Fig. 5, wecompareourvisi-
bility mapto theonewe obtainwhenwe usetheoriginal approach
of [5] as describedin Section4.1, which turns out be much less
reliable.

In our experience,theseresultsare typical. Errors may occur
whena large uniform surfaceoccludesa uniform oneof a similar
color. Our methodcanalsomisclassifypixels that aresubjectto
phenomenathat the generative model of Section3 doesnot take
into account,suchasmotionblur, defocus,or specularre�ections.
The latter is what producesthe tiny holesin the visibility mapof
Fig. 2. However, suchmistakesarenot frequentenoughto prevent
realisticaugmentation.In fact, asshown in Fig. 6, our technique
canevenbeusedto removelimited motionblur from videoimages.
Includingexplicit motionblur modelinginto our generative model
shouldallow usto handlefarmore.

6.2 Illumination Handling

To demonstrateour algorithm's ability to simultaneouslyhandle
changinglightingconditionsandsurfacedeformations,weacquired
avideosequenceof thepostcardof Fig. 1 lit by bothdaylightcom-
ing througha window and an incandescentlight nearby. In that
con�guration,simply rotatingthepostcardtowardsthewindow or
the lampchangesthe illuminant color. As shown in Fig. 7, theal-
gorithmneverthelesscontinuesto returnaccuratedeformationand
illuminationparametersthataresuf�ciently accurateto realistically
embedthevirtual characterinto theoriginal texture,eventhougha
handcastsashadow acrossthesurface.

In this sectionwe have decoupledthe presentationof visibility
computationandlighting parametersestimation.Nevertheless,as
shown in Fig.8, thetwo areintimatelycoupled.It is becausewecan
computegoodvisibility masksthatwecanalsorecovermeaningful
illuminationparameters.



(a) (b)

(c)

Figure 4: Handling a large occlusion. (a) The postcard of Fig. 1 is occluded by several �ngers . (b) The diminished reality version of the postcard.
(c) A detail of the augmented postcard. The visibility map is computed accurately enough so that rendering the virtual character under the �nger
appears realistic.

(a) (b)

Figure 5: (a) The visibility map of Fig. 1 computed using the original technique of [5] (b) Visibility map as computed by the algorithm of section
4.2.



(a) (b)

Figure 6: Removing motion blur. (a) Input image from a video sequence of the deforming postcard, with some motion blur and a complex shadow.
(b) The model image is warped using the recovered motion and illumination parameters. The motion blur has disappeared, which is particularly
visible on the tree, while the shadows are correctly reproduced.

Figure 7: Simultaneously handling changing illumination, cast shadows, and surface deformations. The postcard of Fig. 1 is lit by both daylight
and incandescent light while being rotated and deformed. The virtual character still blends smoothly into the real postcard even though the
changes in orientation results in a change of lighting color and a hand casts a shadow on the surface.



(a) (b)

Figure 8: Interplay of the visibility computation and recovery of the illumination parameters. (a) Image synthesized by warping the model image
of Fig. 1 using the pose and illumination parameters recovered from the image of Fig. 4(a) using our complete method. (b) The model image
is warped using the same geometric pose. However, occlusion detection has been switched off and the recovered illumination parameters are
corrupted by the occluding �ngers , which results in an unrealistic rendering.

7 CONCLUSION

Wehaveproposedamethodfor registeringdeformablesurfacesthat
is robust both to occlusionsand complex illumination effects. It
returnsa lighting modelthatcanbeusedto relight theobjectsto be
addedto thesceneanda visibility mapthat letsusdraw themonly
at appropriatelocations.Thekey componentsof our approachare
a lighting modelthat is �e xible enoughto handlearbitrarylighting
patternsand an algorithm for visibility estimationthat takes into
accountwholeneighborhoodsinsteadof individualpixels.

One weaknessof the currentapproachis that it requiresrela-
tively texturedsurfacesto produceaccurateresults.However, since
werecover local illuminationmodels,weshouldbeableto takead-
vantageof shadinginformationin untexturedpartsof the surface,
therebyincreasingthe rangeof applicability of our method. This
will bethesubjectof futurework.
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[15] M. Salzmann,J.Pilet,S.Ili ć, andP. Fua.SurfaceDeformationModels
for Non-Rigid3–DShapeRecovery. In IEEETransactionsonPattern
AnalysisandMachineIntelligence, 2007. In press.

[16] Volker ScholzandMarcusMagnor. Texturereplacementof garments
in monocularvideosequences.In EurographicsSymposiumon Ren-
dering, 2006.

[17] Stan Sclaroff and John Isidoro. Active blobs: region-based,de-
formableappearancemodels. ComputerVision and Image Under-
standing, 89(2-3),2003.

[18] R.WhiteandD.A. Forsyth.Combiningcues:Shapefrom shadingand
texture. In Conferenceon ComputerVision andPatternRecognition,
2006.

[19] R. White andD.A. Forsyth. Retexturing singleviews using texture
andshading. In EuropeanConferenceon ComputerVision, volume
LNCS3954,pages70–81,2006.


