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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-rigid registrationtechniquethat achiezesspatial,
photometric,and visibility accurag. It lets us photo-realistically
augmenBD deformablesurfacesundercomplex illumination con-
ditions and in spite of severe occlusions. There are mary ap-
proacheghat addresssomeof theseissueshut very few that si-
multaneoushhandleall of themaswe do.

We usetriangulatednesheso modelthegeometryandintroduce
explicit visibility mapsaswell asseparatéllumination parameters
for eachmeshvertex. We castour registrationproblemin an Ex-
pectationMaximizationframework thatallows robustandfully au-
tomatedoperation.It providesexplicit illumination andocclusion
modelsthatcanbe usedfor renderingourposes.
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1 INTRODUCTION

In recentyearstherehasbeengrowing interestin modelinggeneric
deformablesurfacesrom videosequencefs, 2, 11,6, 19, 16]. For
AugmentedReality purposesit allows retexturing of the surfaces,
which involves changingtheir appearancevhile preservingtheir
shapeasshavnin Fig. 1.

However, currentmethodssuffer from a numberof limitations.
Somerequiremarkers [3] or large training database§s]. Others
lack accurag [11] or arti cially limit the numberof the colorson
thesurface[19, 16] or the numberof light sourceq18].

In this paperwe proposea methodthatovercomegheseimita-
tionsandallows automatedetexturing undercomple illumination
conditionsandin the presencef occlusions.Our techniquestarts
from a setof wide baselinecorrespondencdsetweena modelim-
age of theundeformedsurfaceandthe currentimage we aretrying
to retexture to obtaininitial 3D poseand shapeestimates.These
estimatesrethenre ned togethemith visibility andlighting maps
by matchingthetexturein themodelimageagainstthatof theinput
image.

Our approachis inspired by standardtemplate matching ap-
proacheg10, 1], althoughwe explicitely modelocclusionsandlo-
calillumination parametersyhich givesus both additionalrobust-
nessandincreasedealismwhensynthesizinghenew textures.Our
only requirements thatthe real surfacewe aretrying to modelis
texturedenoughto establishtheinitial correspondences.

More speci cally, the visibility mapwe usede nes whetheror
not a pixel in the modelimageis visible or hiddenin the input
one. The lighting map includesseparatéllumination parameters
for eachvertex of the meshesve useto representhe surfaces. It
accountgor thefactthatilluminationmayvaryacrosghesurfacein
unpredictablevays,with the only assumptiorthatthesevariations
are piecavise smooth. Our algorithm canthereforehandlemuch
morecomplex combination®f occlusionandlighting patternghan
state-of-the-artmethods suchasthe recentapproacH5] that pro-
posesan elegant EM framevork to imposethe spatialcoherence
of occlusions. Of course,this e xibility comesat a costsinceit
malkesestimatingthe shapejllumination, andvisibility parameters
a potentiallyill-conditionedoptimizationproblemwith mary local
minima. The maintechnicalcontribution of this paperis therefore
anoptimizationschemehatprovidesstableandrealisticsolutions.
This allows fully automatedoperationwithout manualinitializa-



tion to produceAugmentedReality resultssuchasthosedepicted
by Fig. 1.

2 RELATED WORK

Effective 3D deformablesurfacemodelingfor AugmentedReality
purposesnustincludeaccurategeometriaeconstructiontecovery
of theillumination parameterso correctlyrelight the objectsto be
added,and correcthandlingof both self-occlusionsaand other ob-
jectsthat may hide partsof the surface. As will be discussedn

this section therearemary approachethataddressomeof these
issueshut very few thathandleall of themaswe do.

2.1 Non-Rigid Registration

Thereare two major approacheso registrationof non-rigid sur
faces.The rst relieson imagefeaturematchingandcanbe fully
automated12, 7]. The secondinvolves direct minimization of
pixel intensity differences. It tendsto be more precisethan the
former but requiresgoodinitial estimatego avoid gettingtrapped
in local minima. It is thereforeoften restrictedto frame-to-frame
tracking [1], or usedin conjunctionwith very speci ¢ deforma-
tion models[4, 13]. This requirementcan be relaxed for near
regular textures [9], or whenthereareonly a few colorson the
surface[19, 16]. However, this lacksgenerality

This is why we choseto combinethe bestof both worlds by
initializing the registration processusing wide-baselinematching
of featurepoints[7] andthenre ning the initial estimatesusing
pixel level minimization. The initialization stepdoesnot require
illumination or occlusionmodelingbut is sufciently accurateto
bootstrapit. It alsofreesusfrom the needof atraining database,
whichwill notbeavailablein general.

2.2 lllumination Models

For our application,we require not only robustnesso illumina-
tion changedut actualretrieval of illumination parameterfor ren-
dering purposes. Image warping approacheiave long incorpo-
rated polynomial [17] or spline [16] illumination models. Simi-
larly, [5] allows for anaf ne illumination change.However, none
of thesemodelsincludesenoughparameterto representruly com-
plex lighting effects,suchasthosecausedy arbitraryobjectscast-
ing shadavs asshavn in Fig. 1.

Active appearancenodels[4, 6] and morphablemodels[13]
incorporatemore powerful illumination models,which have been
learnedby performingPrincipal Componentnalysis (PCA) on a
training setof views of the tamget objectsunderdifferentlighting
conditions. This is effective for facetracking becausdight often
comesmore or lessfrom above, facesare usually orientedverti-
cally, andstrongshadev patternsareuncommon.Thus,usingface
imagedatabaseandPCA to reducethe dimensionalityof theillu-
minationspacemalkesperfectsensebut is notgenerallyapplicable,
especiallywhennotrainingdatabasés available.

By contrast,our approachincorporatesvery e xible illumina-
tion models—thoseusedin this paperhave around600 parame-
ters,in contrasto the 20 or sotypically usedby active appearance
models—thatcan handlecomplex shadingpatternswithout prior
training. This makesa signi cant differencein the compleity of
theproblemwe face.Allowing moredegreesof freedomfor irradi-
anceestimatiorresultsin mary morelocal minimain the objectve
functionwe minimize becausémageintensitydifferenceetween
modelandinputimagesanbereducedy changingeitherthelight-
ing or shapeparameters.

2.3 Retrieving Occlusion Masks

A standardapproacho dealwith occlusionds basedon robustes-
timatorsthat decreasehe in uence of large errorterms[1]. For
example,in [6], robustestimationis implementecef ciently in the
inversecompositionaklgorithmin which the Hessiarmatricesare

pre-computedThis is achiezed by assumingspatiallycoherenbc-
clusions,computingthe visibility of individual meshfacets,and
usingthemto assembléhe matrices.

Note, however, that straightforvard robust estimationwill not
performwell in the presencef strongillumination effectswithout
explicitly takingtheminto account.Furthermoreasis the caseof
illumination modelingdiscussedbore, we neednot only robust-
nessto occlusionsbut also explicit modelsof their locationsfor
renderingpurposesasshavn in Fig. 1. In [5], anelegantframe-
work is introducedor imposingthespatialcoherencef occlusions
by meansof anEM algorithm. Its implementationhowever, relies
on a simple pixel-wise measurdo predictocclusions.This is not
sufcient whenusedin conjunctionwith anillumination modelas
e xible asoursbecauseccludedmodelimagepixels canbe made
to look very similar to pixelsin the inputimageby simply varying
theillumination parameters As discussedelow, we addresghis
issueby estimatingpixel visibility usingwhole neighborhoodsas
opposedo individual pixels.

3 BAsIC SHAPE AND ILLUMINATION RECOVERY

We next introduceour generatie modelandshov how we useit to
retrieve surfaceshapeandillumination parametersvithoutconsid-
eringocclusionsThosewill beintroducedn thefollowing subsec-
tion by incorporatinghis generatie modelinto anEM framework.

3.1 Generative Model

As discusseckarlier we assumewe are given a modelimage in
which the surfaceis not deformedandlit by diffuselighting. Our
goalis to matchit againstan inputimage in which the surfaceis
bothdeformedandsubjectedo comple illumination effects.

To this end, we representhe surfaceas 3D triangularmeshes
whosegeometryis controlledby a vectorq of 6 global orientation
parameterand20 shapeparameterskollowing theapproacthintro-
ducedin [15] theshapegparameteraretakento beweightsassigned
to deformatiormodesthatwerecomputeddy performingPCAona
databasef deformedversionsof themesh.Given g andthemodel
image we cansynthesizes,, theimagewe would seeif thesurface
hadbeenacquiredwith anidenticalgeometry but underconstant
diffuselighting.

To accountfor the fact that eachpart of the meshmay receive
differentamountsof light, we introduceL, a vectorthat contains
one lighting factor per vertex and an offset s thatis commonto
all verticesandarisesfrom differentcamerasettings. It is usedto
generaten secondsyntheticimage Sy, asfollows. For a pixel x
belongingto a facetwhoseverticeshave lighting factorsL 5, Ly,
andL ¢, wetakethe Sy, (X) thegraylevel of x to be

SgiL(X) = S(X)(baka+ byl p+ belc) + s (1)

whereb,, by and be arethe barycentriccoordinatef x with re-
spectto thethreevertices.For ary givenvalueof g, by represent-
ing all pixel valuesin acolumnvectot this canbewrittenin matrix
form as

SyiL = Bgl )

This formulation gives us the e xibility requiredto handlearbi-
trary shadingpatternsvhoseshapecannotbe predictedn adwance.
Whenworking with colorimageswe usethe sameformalismbut
introducea differentlighting factorfor eachcolor band.



3.2 MAP Estimation

Estimatingthe shapeandillumination parameteri aninputimage
| amountgo estimating

(8:b)

agmaxP(q;L j 1) ;
gL

argr[laxP(l jq;L)P(g;L) ; )
q;

argnL1axP(I Jq;L)P(q)P(L) ;
a;

wherethe secondine of theequationfollows from Bayes'rule and
the third from assumingndependenceetweenthe surfaceshape
parameterizedy g and the illumination factorsL. This is not
strictly true becauséllumination dependson surface orientation.
However, it is a reasonabl@ssumptiorfor our purposessincewe
usually deal with ambientdiffuse lighting and becauséllumina-
tion effectswhich are shapeindependentsuchasthe shadevs of
Fig. 5(a),tendto bedominant.

To enforcethefactthatthe surfacewe modeldoesnot stretchor
shrink,we take P(q) to be

P(g) W exp( Ep) (4)
En(q) =

\
a a (v v Lj?;
i=1v;2N (v)

wherey; is a vertex of the meshdeformedby g, N (v;) represents
the setof all its neighborsandL,i.j is the distancebetweenv; and
vj in theundeformednesh.

We modelthepiecavise smoothnatureof illumination by penal-
izing large secondderivativesin the spatialvaluesof the lighting
factors.We write

P(L) p ep( E) ;
EL = & (Lat2lp Lo)?; ®)
(ab;c)2A
=  KKLK? ;

whereA is the setof aligned, connectedand equidistantvertice
tripletsin thebasemeshandK is alarge but very sparsematrix.
Finally, wetake P(l j g;L) to simply be

U oexp( B); (6)
I Sy 2 ;

whichamountgo sayingthatoncethegraylevelsof theinputimage
pixels areexplainedin termsof the model,only independenpixel
noiseremains.

P(lja:L)
E =

3.3 Optimization Framework

Given the expressionof P(l j g;L), P(L), andP(q) introduced
above, nding the MAP estimateof Eq. 3 is equivalentto solving
theleast-squaregroblem

(8;0) = agmin | S, *+ KKLK?+ Ep(q) 7
gL

In practice,we automaticallyinitialize g usinga setof corre-
spondencebetweerthemodelandinputimagesusingawide base-
line matchingtechniqueasin [7]. We thenalternatvely anditer-
atively solve over L andover q. Thelatteris standard_evenbeg-
Marquardtwhile theformeris achievedby solvingthelinearsystem

argmin I Sy 24 KKLK?

kI BgLk?+ kKLK? (8)

2
B |
= q
K - o
whereBy comesform Eq. 2, whichaccountsor thelighting factors
of Eq. 1. Obsenre thatsinceL canbe solved in closedform, no
initial estimatds required.

4 HANDLING OCCLUSIONS

The methodintroducedin Section3 is effective in the absencef
occlusionsHerewe extendit sothatit alsoworksin their presence,
notonly to achieve robustnessut alsoto computepreciseocclusion
masksthat can be usedto augmentonly the visible partsof the
surfaceandignoretheothers,asshovn in Figs.1 and 2.

To this end, we take advantagethe EM framework introduced
in [5] to estimatevisibility while imposingspatialcoherencef the
occlusionmasks,somethingthat standardrobust estimationdoes
not do. However, its original implementatioronly hasglobalillu-
minationparameteranddoesnotaccountor locallighting effects,
suchas shadavs, which our generatre modeldoes. This poten-
tially createsnary ambiguitiessinceocclusionsandshadavs often
have similar effectson pixel intensities We have thereforereplaced
the very local similarity measuresisedin [5] by moreglobalones
that involve whole neighborhoods As a result,our approachcan
disambiguatéocal shadevs from occlusions.

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

4.1 Visibility Maps
Thestartingpoint of [5] is to rewrite Eq.3 as

(§;b) = ar%Taxé P(I;nj q;L)P(q)P(L); )

wheren is a binary visibility mapthatsignalsif individual pixels
lie on the tamget surfaceor areoccluded. Spatialcoherencef the
occlusionss enforcedby assigningo visibility mapsa prior prob-
ability term P(n) thatis inversely proportionalto the numberof
transitionsbetweervisible andoccludedpixels.

Solving Eq. 9 implies evaluatinga sumover all possiblemaps,
and direct maximisationis infeasible. Instead, a mean- eld
expectation-maximizatioalgorithmis used.

The E-stepestimatesa probability of visibility b(x) for each
pixel. In orderto enforcespatialconsisteny, the optimal set of
suchprobabilitiesmustsatisfythe setof couplednon-linearequa-
tions

!

2 4 TPy
= 2b D+
v B @0 Doy

where G(x) denotesthe 4-neighborhoodof x, s(x) = 1=(1+

exp( X)) is the sigmoidfunction, T is a parametetthat controls
the amountof regularization,Ps is the prior probability of visibil-
ity, andPy = 1 Ps. The f(:) andg(:) functionsapproximatethe
probability of pixels being either visible or occludedgiven their
individual gray levels. In our case,we implementedthe original
approach5] by de ning f andg as

b(x)= s ; (10

G(1(X); SqL (¥;52) (11)
1/256

f(x)
9



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 Gaussiarcenteredn Sy, (x) with a varianceof s 2,
Thesystemof Eq. 10is thensolvedby iterative re-substitution.
The M-step updatesthe model parameterdaking b(x) as ex-
pectedvisibility. In our case thisamountgo usingthemto weight
thetermsof eq7. It canthereforebeformulatedas nding

(q;L) = agmin Ml MS; “+KKLK*+ Ep(q);  (12)
gL

whereM is adiagonalmatrix composeaf all theb(x) values.

The model as describedabose assumesconditional indepen-
denceof pixel gray levels giventhe modelparametersWhile this
maybereasonabléor visible pixelsthatarecorrectlyexplainedby
themodelsothatonlyiid noiseremainsthisis certainlynottruefor
occludedpixelsthatarenot explainedat all by the model. Further
more,in the presencef comple illumination patternsobserving
individual pixel intensitiesis not a discriminatingenoughcriterion
to assessisibility. If thecurrentestimateof thel lighting factorsis
inaccurateveralocal areatheindividual residualsmightbelarger
thanthey shouldandthe pixels erroneouslylabeledas occluded.
Cornversely whenan occludedobjecthasapproximatelythe same
colorasthetametsurfaceor whenlocalilluminationtasksthecolor
of theoccludingobject,occludedpixels caneasilybe missed.

4.2 Visibility and Normaliz ed Cross-Correlation

Our goal is to alleviate the problemsdiscussedbore by improv-
ing the robustnessf the visibility updateequationsof Eq. 10 to
localillumination changessothatpotentialinaccuraciesluringthe
M-stepdo not resultin poor visibility estimatesiuringthe E-step.
Our proposedsolutionis to replacethe f functionof Eq. 11 by a
morerobustone,whichwe will denoteasd andtakesinto account
neighborhoodssopposedo individual pixels.

Tode ne d, letus rst introducethevisibility weightednormal-
izedcross-correlatiobetweertwo vectorsA andB

oABwW= g M A A B B (13)

aiw A A’aw B B?

wherew is a set of weights, and A and B denotethe averages
weightedby w over A and B respectiely. Let Wy be a neighbor
hoodaroundx thatdoesnotincludex. As a shortcut,we write the
vectorof pixel intensitieswithin W as:

(W) = [1(Y)iy 2 W]
andwe de ne S;;. (W) andb(W) similarly. Likewise,we write

[1 bWl =[1 b(y)iy2W] :

Finally, let
c(W;b(Wk)) = R max 0.g S:,;L(VVX);l(V\f()QE)(V\&)
. L)
R = exp@ s S (W) 1 A
I (W)

wheres. is a weightingconstant.In practice,c(W; b(W)) tends
to be closeto O for occludedpixels andto 1 whenmodelandin-
put pixelsmatchup to anafne transformatiorof their intensities,
evenif the preciselighting parametersareunknovn. The term R
penalizesa too large averagedifference. The b(W) term prevents
thecorrelationwindow W from crossinga visibility boundary

Figure3 shavs acasewheretheb(y) in x neighbordhoodrebi-
nary. Thepartwheretheb(y) = 1isawindow overthevisible area,
while therestis occluded.Thetwo correlationvaluesc(W; b(\W))
andc(W;[1 b(W)]) areexpectedto take a valuecloseto 1 and
0 respectiely, andaretwo possiblecluesfor the d(x; b(W)) func-
tion we wantto design. However, d(x; b(W)) is not function of
b(x), sincex 2W. To decideonwhich sidex lies andto choosethe
correctvalue, we take the correlationmeasurewhich is the most
compatiblewith x andde ne d as

C(W; (W) if d* < d

dOcb(WA)) = Cowe1 b))  otherwise (14)
where

d" = (c(Wb(W))  c(Wk[ x;[b(Wk); 1])?

d = (Wl bW)) oWk x[1 b(W);1])?

We cannow rewrite thevisibility updateequationof Eq.10as
|
2

2 d (x;b(W)  (1(x)) Py
b(x) = s Tyz%(x)(Zb(y) 1) + log 9109 Ry

(15)
Solving this systemusing iterative re-substitutionquickly con-
vergesto a sharpprobability eld with clearly de ned visibility
boundaries Colorimagesarehandledby computingd(:) for each
channeland by multiplying themtogether Comparedo Eq. 10,
Eq.15is morerobustto illumination estimationerrors.
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Figure 3: Correlation windows to compute correlation at pixel x.

5 |IMPLEMENTATION ISSUES

The resultsshavn in this paperwere obtainedusing 1092 728
imagesandwe usedacorrelationwindow of sizell 11to perform
thevisibility computation®f Sectior4.2. We take P; to be0.9and
T to be 0.5 whencomputingthe b(x) probabilitiesof visibility by
solvingthe coupledsystemof Eq. 10.

Our currentimplementationfocuseson accurag rather than
speed. We did not spendmuch effort on computationef ciency:
Processingan imagetakes 6 to 7 minuteson a modernPC. This
could however be sped-upby several ordersof magnitudeas fol-
lows.

Jacobian precomputation The mosttime consumingpartis
the geometricregistrationof Section3.3,in which a syntheticim-
age S, is iteratively renderedto minimize its differencewith the
inputimagel . This registrationis slow becauseve usestraightfor
ward Levenbeg-Marquardtto minimize, every iteration of which
requiresa costly recomputingof the Jacobian. This computation
burdencould be reducedby usingfastertemplatematchingtech-
niques[1, 8]. Theseprecomputelirectionsin which to performthe
line searchgiven residuals. Accordingto [1], this is at leastone
orderof magnitudefaster

GPU vs CPU The syntheticimage S, andits spatialderia-
tiveis obtainedby linearlyinterpolatingtwo pyramidlevelsthatare
sampledwith bicubicinterpolation.Althoughit requires32 texture
accesdor every pixel renderedthis renderingensuresmagegra-
dientcontinuitythanksto bicubicinterpolationproperties Thetex-
ture pyramid avoids samplingartifacts,and a continuousgradient
helpsthe Levenbeg-Marquardialgorithmto corverge. Our current
implementatioronly usesthe CPU. Using the GPU insteadcould
massiely accelerateenderingandgradientcomputation Theded-
icated and parallel natureof graphichardware would provide an
acceleratiorof atleastoneorderof magnitude.

Constrained optimization Geometric constraintsof Eq. 5
couldbeimposedduringminimizationby rst determiningthelin-
ear subspacdocally satisfyingthem, and then performingwithin
that subspace Newton or Levenbeg-Marquardtstepminimizing
the pixels' sum of squaredifference. This would improve algo-
rithm's cornvergencepropertiesandreducethe requirednumberof
iterationshy afactorof atleasttwo, accordingto our initial experi-
ments.

Integral images Theweightedcross-correlationf Eq. 13 can
be computedwith a compleity linear with the numberof pixels
andindependenof thewindow size.Rearrangindeq. 13 gives:

a (WAB;) EéV\ﬁAi" A& wiBj+ ABA w;

g } :
awWA? 2AZWA+ AW &AwB? 2BAwBi+Baw
(16)

Computinga sumover a rectangularareafrom an integral image
takesaconstantonstantime. Thus,reducinghecompleity of the
above formula to constanttime only requiresto computeintegral
imagesof the following 8 images: A, B, w, wA, wB, wAB, WAZ,
andwB2. Computingat the sametime g(A;B;1  w) only requires
3 additionalintegral images: A2, B2 and AB. Accordingto our
preliminarytests this implementationris aboutl5 timesfasterthan
ouroriginal one.

Combining all theseimprovementscould potentially yield a
speedincreaseof several ordersof magnitude which would lead
to a framerateof a few Herzon our 1092 728images,or even
fasterusing smallerimagesor parallel architectureghat are now
becomingcommon.Suchan optimizedimplementatiorcouldthen
be usedfor interactve AugmentedReality,

6 RESULTS

Ourapproachrequiresa modelimagein which the surfaceappears
undeformedanda parametrianodelof its potentialdeformations.
To validateit, we usedthe color postcardof Fig. 1 and2 thatwe
scannedo producewell-texturedmodelimageswith homogeneous
illumination. We representhe postcardsas textured 600-\ertex
rectangulameshesassociatedvith deformationmodeswe com-
pute usingthe techniquedescribedn [14]. We usethesemodels
to demonstratehe robustnessof our approachto occlusionsand
illumination changes.

6.1 Occlusion Handling

Figs. 1(b), 2(c), 4(b) demonstratéhe importanceof the occlusion
maskto only renderadditionalobjectswherethey are expectedto
bevisible,whichis critical for augmentatiopurposesin Fig. 1(c),
we renderthe pixels that have beenlabeledasoccludedusingthe
originalimagetexture andthe othersusingtheillumination model.

Note that the shapeof the occluding nger is recoreredalmost
everywheretoa 1 pixel accurag. In Fig. 5, we compareour visi-
bility mapto the onewe obtainwhenwe usethe original approach
of [5] asdescribedn Section4.1, which turns out be muchless
reliable.

In our experience theseresultsare typical. Errors may occur
whena large uniform surfaceoccludesa uniform oneof a similar
color. Our methodcanalso misclassifypixels that are subjectto
phenomenahat the generatite model of Section3 doesnot take
into accountsuchasmotionblur, defocus,or speculare ections.
The latter is what produceghe tiny holesin the visibility map of
Fig. 2. However, suchmistalesarenot frequentenoughto prevent
realisticaugmentation.In fact, asshowvn in Fig. 6, our technique
canevenbeusedto remove limited motionblur from videoimages.
Including explicit motion blur modelinginto our generatie model
shouldallow usto handlefar more.

6.2 Illumination Handling

To demonstrateour algorithm's ability to simultaneouslyhandle
changindighting conditionsandsurfacedeformationswe acquired
avideosequencef thepostcardf Fig. 1 lit by bothdaylightcom-
ing througha window and an incandescenlight nearby In that
con guration, simply rotatingthe postcardowardsthe window or
thelamp changegheilluminant color. As shavn in Fig. 7, theal-
gorithm neverthelesontinuego returnaccuratedeformationand
illumination parameterthataresufciently accurateo realistically
embedthevirtual characteinto the original texture,eventhougha
handcastsa shadev acrosghesurface.

In this sectionwe have decoupledhe presentatiorof visibility
computationand lighting parameterestimation. Neverthelessas
shavnin Fig. 8, thetwo areintimatelycoupled.lt is becauseve can
computegoodbvisibility masksthatwe canalsorecorer meaningful
illumination parameters.



(©)

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.

@ (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.
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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.
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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

We have proposedmethodfor registeringdeformablesurfaceghat
is robust both to occlusionsand comple illumination effects. It
returnsalighting modelthatcanbeusedto relightthe objectsto be
addedto the sceneandavisibility mapthatletsusdrav themonly
at appropriatdocations. The key component®f our approachare
alighting modelthatis e xible enoughto handlearbitrarylighting
patternsand an algorithm for visibility estimationthat takesinto
accountwhole neighborhoodsteadof individual pixels.

One weaknesof the currentapproachis thatit requiresrela-
tively texturedsurfaceso produceaccurateesults.However, since
werecover localillumination modelswe shouldbeableto take ad-
vantageof shadinginformationin untectured partsof the surface,
therebyincreasingthe rangeof applicability of our method. This
will bethesubjectof futurework.
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