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Abstract

In this paper, we presentan ef�cient and easy to
usemethodfor outlining objectsover a sequence. Ap-
plications of this algorithm are presentedand special
emphasisis made on diminishedreality applications.
Video sequencesof our results can be seen at URL
http://www.loria.fr/˜lepetit/ismr2001.html
Key words: Augmentedreality, diminished reality,
image-basedrendering.

1 Intr oduction

Theobjectiveof augmentedreality (AR) is to addvir-
tualobjectsto realvideosequencesin suchamannerasto
appearpartof the3D world. Onthecontrary, Diminished
Reality (DR) aims at removing someobjectsfrom real
videosequences.Applicationsincludespecialeffectsfor
broadcastindustryandalsourbandesignwhencity plan-
nerswant to visualizewhat the landscapewill look like
whena new constructionis built, removedor replacedin
the real scene.For AR, realistic imagecompositionre-
quiresthat the augmentedpatternbe correctlyoccluded
by foregroundobjects.For DR, thepartof thesceneoc-
cludedby theremovedobjectmustbecomputed.Forboth
cases,theoccludingobjectsor theobjectto be removed
must be outlined accuratelyover the sequenceto allow
realistic imagecomposition. In this paper, we therefore
proposeanintuitiveandef�cient semi-interactivemethod
for outliningobjectsovera sequence.

2 Outlining objectsin videosequences

Theoretically, outlining objectsin a sequencecanbe
consideredasa 2D process.However, especiallyin clut-
teredenvironments,trackingmethodsarenot reliableand
lackof accuracy. As computervisionmethodsnow allow
to computethecameraviewpoint over thesequence,3D
stereo-basedreconstructionmethodscanbeconsideredto
segmentthe sceneandto detectoccludingobjects. Un-
fortunately, uncertaintieson the computedviewpoint or

matchingerrorsproducepossiblylargereconstructioner-
rors which resultin an inacurratedetectionof the object
over the frames. In order to overcometheseproblems,
Ong[2] proposedasemiinteractiveapproachto build the
3D model: theoccludingobjectsaresegmentedby hand
in selectedviews calledkey-frames.However, dueto the
uncertaintyon the computedinterframemotion, the re-
covered3D shapedoesnot project exactly onto the oc-
cludingobjectsin thekey-framesnor in the intermediate
frames.

In this paper, we also usethe conceptof key-frames
but we do not attemptto build the 3D modelof the oc-
cluding objectsfrom all the key-frames. Figure 1 ex-
plains the way we computea �rst estimationof the 2D
objectboundaryin eachframeof thesequence.First, the
userpointsout a smallnumberof key-frameswhich cor-
respondto views whereaspectchangesof theoccluding
objectoccur. Theuseralsooutlinestheoccludingobject
on thesekey-frames.Thestartingpoint for our methodis
to build a goodapproximationof 3D occludingboundary
which will be usedfor all the framesbetweentwo key-
views. This 3D curve is built usingstereo-triangulation
from the two silhouettesoutlinedby the user. The pro-
jection of this approximatedoccludingboundaryon the
intermediateframesthusprovidesa fair estimationof the
2D occludingboundary(Fig. 1.a andb). A re�nement
stageis thenneededto recover the actual2D occluding
boundaryfrom thepredictedone. To this aim, we usea
deformableregion-basedmatchingscheme.Furtherde-
tails on this algorithmsalong with AR applicationscan
befoundin [1].

3 Diminished Reality

In this section,we especiallyconsiderdiminishedre-
ality applications. Once the object to be removed has
beenoutlinedthroughthesequence,we have to �ll in the
maskwith thebackgroundscene.To thisaim,weusetwo
strategies: if the removedobjectis thin, interpolationon
imageintensityor RGB componentsis usedto �ll in the
mask;otherwise,the backgroundsceneis inferredfrom
thewholesequenceusing3D reconstruction.
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Figure 1 Overview.
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For large objects, the interpolationapproachis un-
tractable. Instead,a piecewise planarreconstructionof
the sceneis achieved from interestpoints. Using stan-
dard computervision algorithms,interestpoints can be
extractedto sub-pixel accuracy and tracked throughthe
sequence.For DR, we only considerthe interestpoints
whichdonotbelongto theobjectwewantto remove(this
canbedoneautomaticallysincetheobjectis outlinedin
all the frames). This way, the 3D reconstructionof the
scenewithout the objectto be removedcanbe achieved
usingstereoalgorithmswith thecomputedviewpoints.

Let usnow explain how themaskis �lled in. In each
image,weconsidertheprojectionof thesetof 3D points.
This setof 2D pointsis thentriangulatedusingDelaunay
algorithm.To �ll in themask,we only considertriangles
which have a nonemptyintersectionwith themask.Let
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thecorresponding
triangle in the 3D set. The triangle
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is textured
by selectingautomaticallythenearestimagefrom these-
quencein which 3
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is visible. Mapping texture is
realizedvia anhomographictransformation.

Sometimes,the triangulationobtainedfrom the inter-
estpointsdoesnot completelyoverlapthemask.Besides
theobviouscasewheretheconsideredsequencedoesnot
allow to build thebackgroundof theobject,this canalso
arisewhen interestpoints cannotbe extractedin some
partsof the images.Considerfor instanceFig. 2. Here,
interestpointscannotbedetectedin thesky. This results
in atriangulationthatdoesnotoverlapthetopof thehead.
Suchproblemsgenerallyconcerna smallareaof theob-
ject. Sointerpolationis usedto �ll in thesetriangles.
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Ouralgorithmis demonstratedon theStanislassquare
sequence(150 frames). Here, we aim at removing the
Stanislasstatue. Two key-views are usedand the user-
de�ned silhouettesarepresentedin Fig. 2.a.Thestatueis
thenautomaticallyoutlinedin thein-betweenframes(Fig.
2.b-c). Themaskis then�lled in usingthe triangulation
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Figure 2 The Stanislas square sequence
(150 frames): a. The two key-frames; b.
an intermediate frame; c. the automaticall y
outlined object in the intermediate frame; d.
triangulation; e. mask of the remo ved ob-
ject; f. �nal result.

method(Fig. 2.d).Finally, thediminishedimageis shown
in Fig. 2.f.

Note that other results and full videos of di-
minished sequences are available at the URL
http://www.loria.fr/˜lepetit/ismr2001.html.

4 Conclusion

We have presenteda generalmethodfor outlining ob-
jectsover a sequence.The key conceptis that accurate
detectionof theobjectcanbeobtainedwith moderateuser
interaction.This methodcanbeof greatinterestfor vari-
ousapplicationsin mixedreality. Besidesaugmentedand
diminishedreality, this methodcan be usedto perform
specialeffectsonthedetectedobject(ascolorisation)and
canalsobeusedfor videocomposition(anobjectcanbe
extractedin a videosequenceandaddedonanotherone).
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