Boundary Matting for View Synthesis
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Abstract

In the last few years, new view synthesishas emepged

as an important application of 3D stereo reconstruction.

Whilethequality of stereohasimprovedi,it is still imperfect,
anda uniquedepthis typically assignedo everypixel. This
is problematicat objectboundarieswhele the pixel colors
are mixtures of foreground and badground colors. Inter-
polating views without explicitly accountingfor this effect
resultsin objectswith a “cut-out” appeaance

To produceseamlessiew interpolation, we proposea
methodcalledboundarymatting which representead oc-
clusionboundaryasa 3D curve We showhowthis method
exploits multiple views to perform fully automaticalpha
matting and to simultaneouslyre ne stereo depthsat the
boundaries. The key to our approad is the unifying 3D
representationof occlusionboundariesestimatedto sub-
pixel accuracy Starting from an initial estimatederived
fromstereo,weoptimizethe curveparametes andthefore-
groundcolors nearthe boundaries.Our objectivefunction
maximizegonsistencyvith theinputimages,favors bound-
ariesalignedwith strongedges,anddampdarge perturba-
tions of the curves. Experimentakresultssuggestthat this
methodenableshigh-quality view synthesiswith reduced
mattingartifacts.

1. Intr oduction

Although stereocorrespondencerasone of the rst prob-
lemsin computewisionto beextensiely studied automat-
ically obtainingdenseandaccurateestimate®f depthfrom
multiple imagesremainsa challengingoroblem[1].

Most stereoresearchhas beenconcernedsolely with
methoddor producingaccuratelepthmaps sointerpolated
views arerarely evaluatedasresults. By contrast,our ex-
plicit goalis superiorview synthesidrom stereo.Evenfor
easyscenedn which all objectsare opaque diffuse, and
well-textured,state-of-the-arstereaechniquegail in some
respectdo generatenigh-qualityinterpolatedviews. Even
if a perfectdepthmapwereavailable,currentmethodsfor
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Figure 1: View synthesisvith matting If mattesare rep-
resentedat the pixel level, resamplingfor view synthesis
can lead to blurring artifacts at objectboundaries. This
scenecan berepresentedxactly usinga sub-pixelbound-
ary modelinstead.

view interpolationsharetwo majorlimitations:

2 Samplingblur. Thereis aneffective lossof resolution
causedy resamplingandblendingtheinput views.

2 Boundary artifacts. Synthesizedpritesseemto pop
out of the scene,asin bad blue-screercomposites,
becausemost current methodsdo not perform mat-
ting to resole mixed pixels at objectboundariesnto
their foreground and backgroundcomponents. (But
seesomeof themorerecenwork discussedh thenext
sectionfor afew notableexceptions.)

In this papemwe focusonthelatterissueandproposeatech-
niguewe call boundarymattingfor reducingsuchartifacts.
Our technique,as outlined in Figs. 2—3, combinesideas
from imagemattingand stereoto resole mixed boundary
pixels. It consistsof estimating3D curves over multiple
views andusesstereadatato bootstraghis estimation.
Thekey featureof ourapproachs thatocclusionbound-
ariesare representedn 3D, leadingto ve contritutions
over the stateof the art. First, comparedo video matting
[2] and other methodsthat recover pixel-level mattesfor
theinputviews [3, 4], our methodis moresuitablefor view
synthesigFig. 1). Second,our methodcan performfully
automaticmatting from imperfect stereodata, for large-
scaleopaqueobjects. Third, our methodexploits informa-
tion from mattingto re ne sterealisparitiesalongocclusion
boundariesFourth, occlusionboundariexanbe estimated
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Figure2: Blodk diagramdescribingthesystemnarchitecture.

Thedashedinesindicatethatthe objectivefunctionis used
to optimizethe parametes of the boundarycurve and the
foregroundcolors.

to sub-piel accurag, suitablefor supefresolutionor zoom-
ing. Fifth, our errormetricis symmetricwith respecto the
inputimagesandsodoesnot overly favor speci ¢ frames.

2. Previouswork

Traditional matting techniquesfrom cinemaare reviewed
in [5], andatriangulation methodis presentedor matting
staticforegroundobjectsusing multiple imagestaken with
different backgrounds.More recentmatting researchhas
focusedon natural image matting wherethe goalis to es-
timatethe mattefrom a singleimage, given regions hand-
labelledascompletelyforegroundandbackground®, 7, 8].
Thesemethodsoperateby propagting statisticsof the la-
belledcolordistributionsthroughoutheunlabelledregions,
yielding impressve results. The approachin [7] wasalso
extendedusing optical ow techniquesto obtain a semi-
automatedmethodfor matting video sequence§?]. This
systemfor video matting also useda manually obtained
clean-platebackgroundo furtherconstrainthe background
color distribution.

Several researcherdave also investicated an additive
transparentmage formation model, useful for separating
there ectionsfoundonglasg9, 10]. Alongthesamédines,
additive transpareng hasbeendecomposedbasedon pa-
rameterizinghe dominantmotionsin thesceng11].

Few researchersyith the exceptionof [4, 12, 13], have
tried to estimatetranspareng from stereodatain general
terms. In [4], transpareng was estimatedn a volumetric
fashionalongwith depth,using a plane-sweemlgorithm,
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Figure 3: Geometricview of the system.(a) Steeo depth
informationis usedto detectan occlusionboundaryin the
refeenceview, which is badkprojectedto 3D as our initial

curve estimate The 3D curveis re ned, along with esti-
matedor F color, by evaluatingthe projectionsof thecurve
in all inputviews. Thealphavaluefor a givenpixel canbe
computedromtheprojectedcurvegeometrically (b) In the
simplestcase alphacorrespondso the fraction of areaon
the F sideof the curve (c) Smoothebblurring of the con-
tinuousalphamatteis a more realisticmodel.

generalizedo a four-dimensionalky d® searchspace.Re-

sultswere mainly shavn for syntheticproblems,but even

for those, the quality of interpolatedviews was limited.

Similarly, the iterative voxel reconstructiorapproachpre-
sentedin [12] gave resultsunsuitablefor view synthesis,
whereag13] is moreappropriatdor volumetricsceneshat
are semi-transparertverywhere. Mixed pixels for stereo
have alsobeenexaminedasa consequencef usingmixture

modelsto estimateoptical ow [14], andin developing a

matchingmetric morerobustto mixing [15].

Most closely relatedto our work is [3], which alsoes-
timatesmattingfrom multiple views of a scene.However,
becausehis methodis pixel-basedandonly estimatesnat-
ting in a referenceview, it is limited for synthesizingnen
views. As shavn in Fig. 1, the ndave approactof warping
andresamplinghe alphamatteintroducesadditionalblur-
ring, and makes hiddenassumptiongboutthe underlying
scene.Anotherbasiclimitation of this methodis thathigh
quality stereadatais requiredeverywheren theimage,and
the extensionto inaccuratestereois unclear Both these
problemsare circumwentedin [3] by matting sceneswith
easilyregisteredplanarstructuresandonly demonstrating
objectinsertionfor thereferenceview. In contrastsinceour



methodis basedon a 3D cune representatiofiseeSec.3),

thealphamattehasa well-de ned geometricnterpretation
thatis consistenfacrossarbitrarynearbyviews. Moreover,

we toleratesomeinaccurag in the stereodataby simul-

taneouslyestimatingthe mattingandre ning the disparity
estimategi.e., by adjustingthe boundarycune).

Our geometricview of alphavalueshasprecedencén
work on (singleview) userassistedegmentatiorof opaque
objectq16, 17]. Here,alphais estimatedrom thefractional
pixel coveragegivenby a sub-pixel parametricedgemodel
t to the objectboundaries.Both methodsrequiremanual
interactionatkey framesandneitherextendreadilyto mul-
tiple views. By comparisonpur methodis fully automatic,
and multiple views are fully incorporated. Along similar
lines, sub-pixel edgegeometryhasbeenusedto interpolate
sparsegpoint sampledor renderingsyntheticscenesto bet-
terrespecbbjectandshadev boundarie$18].

3. Image formation model

To modelthe matting effects at occlusionboundarieswe
usethewell-knawvn compositingequations, 19:

C=@®+(1j ®B; (1)

which describeshe obsered compositecolor C asablend
of the foregroundcolor F andthe backgroundcolor B ac-
cordingto the alphavalue (opacity)®. The alphamatteis

typically givenat the pixel level, sofractionalalpha-alues
may be dueto partial pixel coverageof foregroundobjects
at their boundariesor dueto true semi-transpareyc In

this work, we focusexclusively on the former case where
objectsare opaqueandalphavaluesareentirely dueto the
micro-geometryof partial pixel coverage.

Our methodfor inverting Eq. (1) exploits stereoinfor-
mation,in the spirit of thetriangulationmethod[5]. Rather
thanviewing a staticobjectwith a singlecameraandmanu-
ally changingthe backgroundwe obtainsimultaneousm-
agesof the object from multiple viewpoints. Under the
assumptiorthat foregroundcolor varieslittle over nearby
views, multiple views canalso provide us with imagesof
the sameforegroundregion againstdifferentbackgrounds
[3]. While triangulationapproachesequirethat the back-
groundbe known, this cantheoreticallybe obtainedfrom
multiple views using stereo. Note that we do not restrict
our calculationsto a refeenceimage, asin [3], soour 3D
boundarycurvesin generaleadto differentalphavaluesfor
correspondingixelsin eachview. Thisis a usefulfeature
becauseét helpsus resole the ambiguity wherethe back-
groundis constanbver all views.

3.1. Boundary curvesin 3D with blurring

We modelthe occlusionboundaryof a foregroundobject
asa single (possiblyopen)3D curve. For sucha curve to

beglobally consistentvith all of its projectionsywe assume
that the occluding contoursof the foreground objectsare
sufciently sharprelative to boththe closenessf theviews
andthe standof distanceof the cameragunlike, e.g.,[20],
which assumedhat the object surface may be smoothly
cuned). Even for relatively smoothercontours,although
the boundarycune only approximatesa paththroughthe
sweptocclusionsurface thisapproximatiormaystill beac-
curateenoughto improve our estimationof alpha. After
re nement,our methodlocalizesthis curve to sub-pixel.

In our approach,we model the 3D curne as a spline
parameterizedy control points, . For now, we simply
take this curve to be piecavise linear, parameterizedsing
the (metric) 3D coordinatesf the control points; the ex-
tensionto higherorder splinesshouldbe straightforvard.
Thecontrolpointsarespacecdn the orderof severalpixels
apart,andso do not constitutedirectgeometricnodelsfor
suchextremely ne-scaleobjectsashair or foliage. Rather
for suchobjects thesesplinescanonly approximatepartial
pixel coveragealongocclusionboundaries.

Given the cameraprojectionmatrix, M, for a particu-
lar view, we constructa signeddistancefunction from the
projecteccurve,d(M ; 1), de nedto be positive onthefore-
groundside. In the ideal case,with a Dirac point spread
function,the continulousalphamattefor thei-th view is:
"1 dMiws o

@MW = o; otherwise &)

This is a simple 2D stepfunction of the curve parameters
(Fig. 3(b)).

We simulateimage blurring due to cameraoptics and
motion by corvolving ® with an isotropic 2D Gaussian
functionG(0; %3,

@H = @GOy . -
— 1 (M it . (3
= P exp Ly dt:

This modi ed modelgivesus a smoothedstepfunction for
alpha(Fig. 3(c)), parameterizedising a single additional
variable,%

For a givenpixel j , we cangeneratehe resultingpixel-
level alphavalueby integratingeitherof the continuousal-
phafunctionsproposedn Eqgs.(2-3) qger the footprint of
thatpixel. For view i, thisgives®; = | @. For theideal
caseof Eq. (2), this is equivalentto computingthe areaon
theforegroundsideof theprojectedcurve, which hasasim-
ple form whenthe curwe is piecavise linear On the other
hand,the blurredmodelof Eq. (3) is morecomplicatedso
we approximateheintegral usingsupersampling.

3.2. Objective function

We formulateboundarymattingas nding the 3D boundary
curve and foregroundcolorsthatbest t theV inputim-
ages. Our primary goal is to minimize inconsisteng with
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Figure4: Boundaryinitialization. For a well-knownstereo
sequencewe show(a) the refelenceimage, (b) the depth
mapcalculatedusing[21], (c) thedepthdiscontinuitymap,
correspondingo thethresholdedyradientof depth,and(d)
theinitial occlusionboundariesextractedfrom(c).

theimagesaccordingo themattingequationfq. (1). This
leadsto a basicobjective functionencodinghetotal costof
mattinginconsisteng:

Py, P
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whereN is the numberof pixels alongthe curve in each
view. In practice,we evaluatethis objectve function over
all pixelsin a conseratively wide bandaroundthe bound-
ary curwe (e.g.,Fig. 6(b)), to ensurethat every mixed pixel
contritutesto Eq. (4).

If we areusingthe blurredimageformationmodelfrom
Eq. (3), we alsoneedto determinghe optimalvaluefor the
blur parameter¥ Currently we estimatethis parameter
usinga coarseexhaustve searchseparatelyrom therestof
theoptimization.

4. Initialization usingstereodata

The startingpoint for boundarymattingis aninitialization
derivedfrom stereo.We use[21] to computestereowhich
assumeshatcamerecalibrationis known. While initializa-
tion dependson the accurag of the stereodata, we later
re ne the mattingusinganoptimizationbasedn Eq. (4).
In this section,we describehow to extract occlusion
boundariegrom the stereadata,how to estimatethe clean-
platebackground for pixelsneartheocclusionboundary
how to initialize our estimateof foregroundcolor F, and
how to constructa prior favoring strongedgesatthebound-
arythatcanbeusedto tweaktheinitial guess.

@ (b) (c) (d)

Figure5: Spline tting to extractedocclusionboundaries.
(a) Pixel-level occlusionboundaryextractedfroma region
at thetop-middleof Fig. 4(a). Thepieceavise-linearspline
is shownoverlaid at sub-pixelresolution(b—d). (b) Initial
t totheextractedboundary (c) Adaptivesubdivisionin re-
gionsof poormatting (d) Snappingo the strongestnearby
edge within a 1.0-pixelradius.

4.1. Boundary initialization

To extract the inital curve correspondingo an occlusion
boundarywe rst form a depthdiscontinuitymap by ap-
plying a thresholdto the gradientof the depthmapfor the
referenceview (Fig. 4(b—c)). Next, we separatehis image
into multiple contours greedilyremoving the longestfour-
connectedcurves until no depth discontinuitiesof some
minimumlengthremain(Fig. 4(d)). By growing thelongest
curvespossiblewe eliminatethe smallspursandloopsthat
aremainly dueto inaccuratestereo.We alsoensureghatour
discontinuitycurvesdo not crossotherdepthdiscontinuity
boundariesasin T-junctionsbetweerthreeregionsof dif-
ferentdepths.

Next, we backprojecthe pointsalongthe discontinuity
curwe into 3D usingthe stereo(foreground)depth(Fig. 3),
and t a3D curve to thesepoints. Our current tting tech-
nigueis very simple,with controlpointssampleduniformly,
atevery fth pointalongthediscontinuitycurve (Fig. 5(b)).
We connectthe control pointswith line segmentsto obtain
apiecavise-linearsplinein 3D.

After initial boundaryextraction,we evaluatethe curve
for consisteng with the matting equation(seeSec. 5 for
more details). In regionswith high mattingerror, we sub-
divide the curve, but only once(Fig. 5(c)). While we have
experimentedwith a generaladaptve subdvision scheme,
thefour-connectedoundarygivesundesiredstaircaserti-
factswith smallerstoppingcriteria.

We also modify our initial guessto re ect the factthat
occlusionboundariesend to coincidewith strongedges,
perturbingthe control pointsin the referencamageto the
local peakof an edgepotential eld (Fig. 5(d)). We rst
applyamultiscaledifference-of-Gaussiaregigedetectorto
eachimage,localizing edgelsto sub-pixel, andusethis to
pre-computeedgepotential elds, f E;g, quantizedto 0.25
pixels. We de ne these elds asthe sumof “forces” pro-
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Figure6: Estimationof theclean-platebadground.(a) The
region labelledF is a mixedpixelin all views. The badk-
groundcolors B, andB3 canbe obtainedfromview 1, by
following the dashedines. However, B; is occludedin all
views. (b—c) A region of Fig. 4(a) is shown,(b) with pix-
elsneartheboundaryhighlighted,and(c) with thesepixels
lled in usingour clean-platebadkgroundestimate

portional to edgel strengthand inversely proportionalto
squareckdgeldistance.Thoughedgesarea strongcuefor
occlusionboundariesn mary scenesthis heuristiccanalso
be distractedby spuriousinternaltexture, so we limit the
perturbatiorto a 1.0-pixel radiusneighborhood.

4.2. Background (cleanplate) estimation

As discussedn Sec. 3, usingstereodatato triangulatethe
matting problemrequiresthat the backgroundbe known.

A cleanplate backgroundrefersto an imagewherefore-

groundpixelsarereplacedvith (unmixed)backgroundtol-

ors,andis speci edin mary systemsisingmanualinterac-
tion at keyframes[2, 3]. However, this processcanin the-
ory be madeautomaticby exploiting sterecinformationto

grabcorrespondindpackgroundcolorsfrom nearbyframes
in whichthebackgrounds exposedFig. 6). Notethataside
from specifyingtheinitial guesdor the3D boundarycurve,

the only placeour approactrelies on accuratestereois in

warpingthe backgroundrom nearbyviews.

For a given boundarypixel, we nd potentially corre-
spondingbackgroundcolorsby forward-warpingthat pixel
to all otherviews. This warpingis performedaccordingto
the depthon the backgroundsideof the boundaryasgiven
by stereo.We usenearest-neighb@amplingto avoid blur-
ring mixed pixels together assumingthat the background
texture is slowly varying. If a forward-warpedpixel has
backgrounddepthin the new view, it becomesa candidate
sourcefrom which to grabthe background.

We use a color consistencytestto selectthe exposed
backgroundixel, to avoid selectingmixed pixels labelled
with backgroundiepths.Fromall views,we choosehecor-
respondingpixel atbackgroundlepththatis themostcolor
consistentvith its immediateneighborsalsoat background

depth. This heuristicassumeslowly varying background
texture,but seemgo work well in mostof our cases.

If acorrespondindgpackgroungixel cannotbeestimated
(e.qg.,it is occludedby the foregroundobjectin all views),
thenit is marked assuch,andthis pixel is not useddirectly
in theoptimization.In renderingheresultswe eitherhigh-
light thesepixelsasunknawn, or usethe nave non-matting
approacho determinecolor (i.e., F = = C) andesti-
matealphafrom the curve.

4.3. Foreground estimation

Given an estimatefor the parameter®f the curve (which
determinealpha), the clean-platebackgroundB, andthe
inputimages,C, we canobtaina reasonablguessfor the
foregroundcolors,F . Foragivenpixel wecansimplyinvert
themattingequationEq. (1), to obtain:

F(®=(Ci (1i ®B)=®: (5)

For robustnesswe aggrejate estimatesverall V views,
with the correspondencbetweenforegroundpixels deter
mined from stereo. Analogousto cleanplate background
estimationwe usetheforeground-sidedepthfrom stereao
warpthe boundarypixelsin the referenceview to all other
views. To aggrejatethe F estimatef Eq. (5), we take the
weightedaverage,

.Fg- ®2rf‘(® ©)

with the weightsconstructedo favor F color information
from pixels positedto containmore foreground,basedon
the curve estimate. Note that this formulais alsothe sta-
tistically optimal least-squaregstimatefor F given the
setof V noise-contaminatedompositecolor pixels, C; =

®F + (1 ®)B;.

5. Parameter optimization

Now that we have constructeda clean-platebackground
(Sec.4.2),speci edcorrespondencdsetweerpixelsacross
thedifferentviews (Sec.4.3),andprovidedinitial estimates
for thecurve parameterandtheforegroundcolors(Sec.4.1
and4.3), we arein a positionto modify theseestimatego
bettert theimages.

Becausehe objective function, Eq. (4), is highly non-
linear, involving bilinearity in the variables, perspectie
projection, and a complicatedform for alphaas the par
tial pixel coverageof aprojectedspline(possiblyconvolved
someblurring), we resortto Levenbeg-Marquardtnonlin-
earleast-squaresptimizationwith the Jacobiarcalculated
usingtheforwarddifferenceapproximatior{22]. The stop-
ping criteriaandstepsizefor this optimizationarebothre-
latedto a parameteencodingthe predictedaccurag of the
objective function.



5.1. Two-stageestimation

In our experience,|t is fasterandmorestableto rst opti-
mize only the curve parameterswhile estimatingthe fore-
groundcolors basedon the alphavaluesderived from the
curne (Sec.4.3). We thus suggesta two-stageapproach,
wherethe optimizedcurve from the rst stageis usedasan
initial guessfor the joint estimationof both the curve and
foregroundcolors.

Assuming that the starting point is reasonablyaccu-
rate,this optimizationshouldre ne our curve,andseparate
mixed pixelsinto backgroundandforegroundcomponents.
If ourinitial estimatas furtherthanonepixel awayfromthe
curve,we maygettrappedn alocal minimum,becausdif-
ferentialchangedo the curve parametersnay notimprove
matting consisteng. Hopefully, evenin the caseof gross
sterecerrors,thecontrolpointsmayhave wide enoughsup-
port sothatsomepixels areindeedaffectedby their move-
ment,andthesepixelswill graduallyguidethe curve closer
to the true solution. The blurredimageformation model,
Eq.(3), maybemoreresilientto sterecerrorsthanthebasic
model,becausehe controlpointshave alargersupport.

5.2. Adding edgesnhappingand statedamping

We alsocreateda penaltyfunctionto biasthe optimization
to areaswith strongetedgessotheoverall optimizationcan
beconsideredikind of 3D snale[23]. Thisfunctionreuses
the edgepotential elds, fE;g, describedn Sec.4.1, nor-
malizedto have a maximumof one. We projectall n(L)
controlpoints,denoted 4,9, into eachview usingthecam-
eramatricesf Mg, then calculatea penaltyterm propor
tionalto inverseedgestrength,

Pi(F) = PiV:l P,”)i*l‘) [1i EMi) 5 ()

for thecontrolpointsover all views.

An additionalpenaltyfunctionis usedto discourageghe
controlpointsfrom beingdisplacedoo far from their start-
ing positions,

Py P
P F)=" L = 34

£ i 9 ¢
max 0; jjMitp i Mikojj“i 40 " (8)

wherelly is theinitial locationof thepth controlpoint. The
penaltyis zerofor displacementsf 2.0 pixels or less,but
increasesapidly after that. This function helpsavoid de-
generateon gurationswherethecune collapseonitself.
We add thesepenalty terms to the original objectve
function(Eq.4), andexpressthis succinctlyas:

Onew = O+ ,1P1+ ,2P2: 9

Moderatevaluesof , ; and, , ensurethat neitheredges
nor initial positionsexert too muchin uence over the opti-
mization. In practice,the optimizationdid not seemoverly

sensitve to theseparameterssothe samesettingwasused
acrossall datasets.Theseparametersvere normalizedby
k = N=n(p), andsetto, ; = 0:01% and, , = 0:05%k.

6. Results

For all datasetswe used ve input views, with the mid-

dle view designate@sthereferenceview for initialization.

For our rst experiment,we appliedboundarymattingto

the dataseshown in Fig. 4 to inserta new objectbetween
theforegroundandbackgroundayers(Fig. 7). Theresults
shav thatnot only is the mattinggreatlyimproved, but the
extractedboundariesan even be sharpenedby rendering
the curvesat sub-pixel resolution(Fig. 7(d)).

Thesamedatasewasalsousedfor aview synthesigask,
for mattingbothaninputview andanovelinterpolatedriew
(Fig. 8). In bothcasesboundarymattingproducesa signif-
icantimprovementover nave view synthesiqi.e., forward
warpingwith a x edfootprint, thenfeatheringbetweerthe
warpedimages). Theseresultsalsodemonstratsometol-
eranceo inaccuratestereo sincetheinitial stereoestimate
in theregion shovn (Fig. 8(b—e))wasup to two pixels off.
We alsoexperimentedvith a variety of settingsfor the blur
parameterWhile the additionof blur did not appearto im-
prove the mattingfor this case the optimal blurredbound-
ary bettermatchegheappearancef theinputimages.

Our methodbroke down for the upperleft region of the
tree with mary twigs, yet performedno worse herethan
nave view synthesisgnoring matting. Thereasorfor fail-
ure wasnot the inability to localizea consistenBD curwe,
but ratherthatinaccuratesterededto aninitial boundaryes-
timateup to ten pixels off. Without additionalcolor-based
priors, our matting methodis contentto acceptthe possi-
bility of depthdiscontinuitiesoccurringacrossuntextured
regions of sky, trappingthe optimizationin local minima
withF = B.

Finally, for a syntheticdatasetconsistingof a planar
ellipse-shapedprite, boundarymatting is visually indis-
tinguishablefrom the groundtruth (Fig. 9(c)), anddemon-
stratedurtherresilienceto arti cial noise(Fig. 9(c—e)).

7. Concluding Remarks

For seamlessview interpolation, mixed boundary pixels
mustbe resohed into foregroundandbackgroundcompo-
nents,andboundarymattingappeargo be a usefultool for
addressinghis problemin an automaticway. Using 3D
curvesto modelocclusionboundariess a naturalrepresen-
tationthatprovidesseveralbene ts,includingthe ability to
superresohe thedepthmapsnearocclusionboundaries.
A currentlimitation of our approachis its lack of rea-
soningaboutcolor statistics,which hasproven very use-
ful in naturalimagematting[7, 2]. Suchan ability might
enableusto resohe boundariesvenin areaswherestereo
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Figure 7: Objectinsertion. Theobjectshownin (a) is insertedbehindthe tree from Fig. 4(a), with oneregion of interest
highlighted. (b) Nave objectinsertion, with no matting leadsto badground spill and haloing artifacts at the edges of
thetree (c) Using our boundarymatting methodleadsto an improved composite (d) Boundarymattingshownat super
resolutiondemonstatessharpeningof the boundariesalthoughthe mismata in resolutionamayappeararti cial.

gives grosslyincorrectdepths,asin the upperleft region
of the treein Fig. 4(a). By integrating boundarymatting
with complementanaspectof pixel-basedmatting meth-
ods[7, 3], we hopeto extendthe generalityof boundary
mattingwhile retainingits superiorview synthesis.In the
future, we would alsolike to adaptboundarymattingto a
dynamicstereoframenork, wheredisocclusionsver time
may revealadditionalinformationto improve the matting.
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