
Boundary Matting for View Synthesis

SamuelW. Hasinoff1

1 Dept.of ComputerScience
Universityof Toronto

Toronto,CanadaM5S3G4
hasinoff@cs.toronto.edu

SingBing Kang2 RichardSzeliski2

2 InteractiveVisualMediaGroup
MicrosoftResearch

Redmond,WA 98052
f sbkang,szeliskig@microsoft.com

Abstract

In the last few years, new view synthesishas emerged
as an important application of 3D stereo reconstruction.
Whilethequalityof stereohasimproved,it is still imperfect,
anda uniquedepthis typicallyassignedto everypixel. This
is problematicat objectboundaries,where thepixel colors
are mixturesof foregroundand backgroundcolors. Inter-
polating views without explicitly accountingfor this effect
resultsin objectswith a “cut-out” appearance.

To produceseamlessview interpolation, we proposea
methodcalledboundarymatting, which representseach 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 approach is the unifying 3D
representationof occlusionboundariesestimatedto sub-
pixel accuracy. Starting from an initial estimatederived
fromstereo,weoptimizethecurveparametersandthefore-
groundcolors near theboundaries.Our objectivefunction
maximizesconsistencywith theinput images,favorsbound-
ariesalignedwith strongedges,anddampslargeperturba-
tions of the curves. Experimentalresultssuggest that this
methodenableshigh-quality view synthesiswith reduced
mattingartifacts.

1. Intr oduction
Although stereocorrespondencewasoneof the �rst prob-
lemsin computervision to beextensively studied,automat-
ically obtainingdenseandaccurateestimatesof depthfrom
multiple imagesremainsachallengingproblem[1].

Most stereoresearchhas beenconcernedsolely with
methodsfor producingaccuratedepthmaps,sointerpolated
views arerarely evaluatedasresults. By contrast,our ex-
plicit goal is superiorview synthesisfrom stereo.Evenfor
easyscenesin which all objectsare opaque,diffuse, and
well-textured,state-of-the-artstereotechniquesfail in some
respectsto generatehigh-qualityinterpolatedviews. Even
if a perfectdepthmapwereavailable,currentmethodsfor
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Figure1: View synthesiswith matting. If mattesare rep-
resentedat the pixel level, resamplingfor view synthesis
can lead to blurring artifacts at object boundaries. This
scenecanbe representedexactly usinga sub-pixelbound-
ary modelinstead.

view interpolationsharetwo majorlimitations:

² Samplingblur. Thereis aneffective lossof resolution
causedby resamplingandblendingtheinput views.

² Boundary artifacts. Synthesizedspritesseemto pop
out of the scene,as in bad blue-screencomposites,
becausemost current methodsdo not perform mat-
ting to resolve mixed pixels at objectboundariesinto
their foregroundand backgroundcomponents. (But
seesomeof themorerecentwork discussedin thenext
sectionfor a few notableexceptions.)

In thispaperwefocusonthelatterissueandproposeatech-
niquewe call boundarymattingfor reducingsuchartifacts.
Our technique,as outlined in Figs. 2–3, combinesideas
from imagemattingandstereoto resolve mixed boundary
pixels. It consistsof estimating3D curves over multiple
views andusesstereodatato bootstrapthisestimation.

Thekey featureof ourapproachis thatocclusionbound-
ariesare representedin 3D, leading to � ve contributions
over the stateof the art. First, comparedto video matting
[2] and other methodsthat recover pixel-level mattesfor
theinputviews [3, 4], ourmethodis moresuitablefor view
synthesis(Fig. 1). Second,our methodcanperformfully
automaticmatting from imperfect stereodata, for large-
scaleopaqueobjects.Third, our methodexploits informa-
tion frommattingto re�ne stereodisparitiesalongocclusion
boundaries.Fourth,occlusionboundariescanbeestimated
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Figure2: Block diagramdescribingthesystemarchitecture.
Thedashedlinesindicatethat theobjectivefunctionis used
to optimizethe parameters of the boundarycurveand the
foregroundcolors.

tosub-pixel accuracy, suitablefor super-resolutionorzoom-
ing. Fifth, our errormetricis symmetricwith respectto the
input images,andsodoesnotoverly favor speci�c frames.

2. Previouswork
Traditional matting techniquesfrom cinemaare reviewed
in [5], anda triangulationmethodis presentedfor matting
staticforegroundobjectsusingmultiple imagestakenwith
different backgrounds.More recentmatting researchhas
focusedon natural image matting, wherethegoal is to es-
timatethe mattefrom a singleimage,given regionshand-
labelledascompletelyforegroundandbackground[6, 7, 8].
Thesemethodsoperateby propagating statisticsof the la-
belledcolordistributionsthroughouttheunlabelledregions,
yielding impressive results. The approachin [7] wasalso
extendedusing optical �o w techniquesto obtain a semi-
automatedmethodfor matting video sequences[2]. This
systemfor video matting also useda manually obtained
clean-platebackgroundto furtherconstrainthebackground
colordistribution.

Several researchershave also investigated an additive
transparentimageformation model, useful for separating
there�ectionsfoundonglass[9, 10]. Along thesamelines,
additive transparency hasbeendecomposedbasedon pa-
rameterizingthedominantmotionsin thescene[11].

Few researchers,with theexceptionof [4, 12, 13], have
tried to estimatetransparency from stereodatain general
terms. In [4], transparency wasestimatedin a volumetric
fashionalongwith depth,usinga plane-sweepalgorithm,
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Figure3: Geometricview of the system.(a) Stereo depth
informationis usedto detectan occlusionboundaryin the
referenceview, which is backprojectedto 3D asour initial
curveestimate. The 3D curve is re�ned, along with esti-
matesfor F color, byevaluatingtheprojectionsof thecurve
in all input views. Thealphavaluefor a givenpixel canbe
computedfromtheprojectedcurvegeometrically. (b) In the
simplestcase, alphacorrespondsto thefractionof areaon
the F sideof the curve. (c) Smootherblurring of the con-
tinuousalphamatteis a more realisticmodel.

generalizedto a four-dimensionalxyd® searchspace.Re-
sultsweremainly shown for syntheticproblems,but even
for those, the quality of interpolatedviews was limited.
Similarly, the iterative voxel reconstructionapproachpre-
sentedin [12] gave resultsunsuitablefor view synthesis,
whereas[13] is moreappropriatefor volumetricscenesthat
aresemi-transparenteverywhere. Mixed pixels for stereo
havealsobeenexaminedasaconsequenceof usingmixture
modelsto estimateoptical �o w [14], and in developinga
matchingmetricmorerobustto mixing [15].

Most closely relatedto our work is [3], which alsoes-
timatesmattingfrom multiple views of a scene.However,
becausethis methodis pixel-basedandonly estimatesmat-
ting in a referenceview, it is limited for synthesizingnew
views. As shown in Fig. 1, thenä�ve approachof warping
andresamplingthealphamatteintroducesadditionalblur-
ring, andmakeshiddenassumptionsaboutthe underlying
scene.Anotherbasiclimitation of this methodis thathigh
qualitystereodatais requiredeverywherein theimage,and
the extensionto inaccuratestereois unclear. Both these
problemsare circumventedin [3] by matting sceneswith
easilyregisteredplanarstructures,andonly demonstrating
objectinsertionfor thereferenceview. In contrast,sinceour
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methodis basedon a 3D curve representation(seeSec.3),
thealphamattehasa well-de�ned geometricinterpretation
that is consistentacrossarbitrarynearbyviews. Moreover,
we toleratesomeinaccuracy in the stereodataby simul-
taneouslyestimatingthemattingandre�ning thedisparity
estimates(i.e.,by adjustingtheboundarycurve).

Our geometricview of alphavalueshasprecedencein
work on(singleview) user-assistedsegmentationof opaque
objects[16, 17]. Here,alphaisestimatedfromthefractional
pixel coveragegivenby a sub-pixel parametricedgemodel
�t to the objectboundaries.Both methodsrequiremanual
interactionatkey frames,andneitherextendreadilyto mul-
tiple views. By comparison,our methodis fully automatic,
and multiple views are fully incorporated. Along similar
lines,sub-pixel edgegeometryhasbeenusedto interpolate
sparsepoint samplesfor renderingsyntheticscenes,to bet-
ter respectobjectandshadow boundaries[18].

3. Image formation model
To model the mattingeffectsat occlusionboundaries,we
usethewell-known compositingequation[5, 19]:

C = ®F + (1 ¡ ®)B ; (1)

whichdescribestheobservedcompositecolorC asa blend
of the foregroundcolor F andthebackgroundcolor B ac-
cordingto thealphavalue(opacity)®. Thealphamatteis
typically givenat thepixel level, sofractionalalpha-values
maybedueto partialpixel coverageof foregroundobjects
at their boundaries,or due to true semi-transparency. In
this work, we focusexclusively on the formercase,where
objectsareopaqueandalphavaluesareentirelydueto the
micro-geometryof partialpixel coverage.

Our methodfor inverting Eq. (1) exploits stereoinfor-
mation,in thespirit of thetriangulationmethod[5]. Rather
thanviewing astaticobjectwith asinglecameraandmanu-
ally changingthebackground,we obtainsimultaneousim-
agesof the object from multiple viewpoints. Under the
assumptionthat foregroundcolor varieslittle over nearby
views, multiple views canalsoprovide us with imagesof
the sameforegroundregion againstdifferentbackgrounds
[3]. While triangulationapproachesrequirethat the back-
groundbe known, this can theoreticallybe obtainedfrom
multiple views using stereo. Note that we do not restrict
our calculationsto a referenceimage, asin [3], soour 3D
boundarycurvesin generalleadto differentalphavaluesfor
correspondingpixels in eachview. This is a usefulfeature
becauseit helpsus resolve the ambiguitywherethe back-
groundis constantover all views.

3.1. Boundary curvesin 3D with blurring
We model the occlusionboundaryof a foregroundobject
asa single(possiblyopen)3D curve. For sucha curve to

begloballyconsistentwith all of its projections,weassume
that the occludingcontoursof the foregroundobjectsare
suf�ciently sharprelative to boththeclosenessof theviews
andthestandoff distanceof thecameras(unlike, e.g.,[20],
which assumesthat the object surface may be smoothly
curved). Even for relatively smoothercontours,although
the boundarycurve only approximatesa path throughthe
sweptocclusionsurface,thisapproximationmaystill beac-
curateenoughto improve our estimationof alpha. After
re�nement,ourmethodlocalizesthiscurve to sub-pixel.

In our approach,we model the 3D curve as a spline
parameterizedby control points, µ. For now, we simply
take this curve to bepiecewise linear, parameterizedusing
the (metric) 3D coordinatesof the control points; the ex-
tensionto higher-order splinesshouldbe straightforward.
Thecontrolpointsarespacedon theorderof severalpixels
apart,andsodo not constitutedirectgeometricmodelsfor
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
projectedcurve,d(M ; µ), de�ned to bepositiveonthefore-
groundside. In the ideal case,with a Dirac point spread
function,thecontinuousalphamattefor thei -th view is:

®i (µ) =
½

1; d(M i ; µ) > 0
0; otherwise

: (2)

This is a simple2D stepfunction of the curve parameters
(Fig. 3(b)).

We simulateimageblurring due to cameraoptics and
motion by convolving ® with an isotropic 2D Gaussian
functionG(0; ¾),

®i (µ; ¾) = ®i (µ) ¤ G(0; ¾)

= 1
¾

p
2¼

Rd(M i ;µ)
¡1 exp

³
¡ t 2

2¾2

´
dt :

(3)

This modi�ed modelgivesusa smoothedstepfunctionfor
alpha(Fig. 3(c)), parameterizedusing a single additional
variable,¾.

For a givenpixel j , we cangeneratetheresultingpixel-
level alphavalueby integratingeitherof thecontinuousal-
phafunctionsproposedin Eqs.(2–3) over the footprint of
thatpixel. For view i , this gives®ij =

RR
j ®i . For theideal

caseof Eq. (2), this is equivalentto computingtheareaon
theforegroundsideof theprojectedcurve,whichhasasim-
ple form whenthe curve is piecewise linear. On the other
hand,theblurredmodelof Eq. (3) is morecomplicated,so
weapproximatetheintegral usingsupersampling.

3.2. Objective function
Weformulateboundarymattingas�nding the3D boundary
curve and foregroundcolors that best �t the V input im-
ages.Our primary goal is to minimize inconsistency with
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Figure4: Boundaryinitialization. For a well-knownstereo
sequence, we show(a) the referenceimage, (b) the depth
mapcalculatedusing[21], (c) thedepthdiscontinuitymap,
correspondingto thethresholdedgradientof depth,and(d)
theinitial occlusionboundariesextractedfrom(c).

theimages,accordingto themattingequation,Eq.(1). This
leadsto abasicobjective functionencodingthetotalcostof
mattinginconsistency:

O(µ; F ) =
P V

i =1

P N
j =1 [ Cij ¡

®ij (µ) Fj ¡ (1 ¡ ®ij (µ)) B ij ]2 ; (4)

whereN is the numberof pixels along the curve in each
view. In practice,we evaluatethis objective function over
all pixels in a conservatively wide bandaroundthebound-
ary curve (e.g.,Fig. 6(b)), to ensurethatevery mixedpixel
contributesto Eq.(4).

If we areusingtheblurredimageformationmodelfrom
Eq.(3), wealsoneedto determinetheoptimalvaluefor the
blur parameter, ¾. Currently, we estimatethis parameter
usingacoarseexhaustivesearch,separatelyfrom therestof
theoptimization.

4. Initialization usingstereodata
Thestartingpoint for boundarymattingis an initialization
derivedfrom stereo.We use[21] to computestereo,which
assumesthatcameracalibrationis known. While initializa-
tion dependson the accuracy of the stereodata,we later
re�ne themattingusinganoptimizationbasedonEq.(4).

In this section,we describehow to extract occlusion
boundariesfrom thestereodata,how to estimatetheclean-
platebackgroundB for pixelsneartheocclusionboundary,
how to initialize our estimateof foregroundcolor F , and
how to constructaprior favoringstrongedgesat thebound-
ary thatcanbeusedto tweaktheinitial guess.

(a) (b) (c) (d)

Figure5: Spline�tting to extractedocclusionboundaries.
(a) Pixel-level occlusionboundaryextractedfroma region
at the top-middleof Fig. 4(a). Thepiecewise-linearspline
is shownoverlaid at sub-pixelresolution(b–d). (b) Initial
�t to theextractedboundary. (c) Adaptivesubdivisionin re-
gionsof poormatting. (d) Snappingto thestrongestnearby
edge within a 1.0-pixelradius.

4.1. Boundary initialization

To extract the inital curve correspondingto an occlusion
boundary, we �rst form a depthdiscontinuitymapby ap-
plying a thresholdto thegradientof thedepthmapfor the
referenceview (Fig. 4(b–c)). Next, we separatethis image
into multiple contours,greedilyremoving thelongestfour-
connectedcurves until no depth discontinuitiesof some
minimumlengthremain(Fig.4(d)). By growing thelongest
curvespossible,weeliminatethesmallspursandloopsthat
aremainlydueto inaccuratestereo.Wealsoensurethatour
discontinuitycurvesdo not crossotherdepthdiscontinuity
boundaries,asin T-junctionsbetweenthreeregionsof dif-
ferentdepths.

Next, we backprojectthepointsalongthediscontinuity
curve into 3D usingthestereo(foreground)depth(Fig. 3),
and�t a 3D curve to thesepoints. Our current�tting tech-
niqueis verysimple,with controlpointssampleduniformly,
atevery �fth pointalongthediscontinuitycurve(Fig. 5(b)).
We connectthecontrolpointswith line segmentsto obtain
apiecewise-linearsplinein 3D.

After initial boundaryextraction,we evaluatethe curve
for consistency with the mattingequation(seeSec. 5 for
moredetails). In regionswith high mattingerror, we sub-
divide thecurve, but only once(Fig. 5(c)). While we have
experimentedwith a generaladaptive subdivision scheme,
thefour-connectedboundarygivesundesiredstaircasearti-
factswith smallerstoppingcriteria.

We alsomodify our initial guessto re�ect the fact that
occlusionboundariestend to coincidewith strongedges,
perturbingthe control pointsin the referenceimageto the
local peakof an edgepotential�eld (Fig. 5(d)). We �rst
applyamultiscaledifference-of-Gaussiansedgedetectorto
eachimage,localizing edgelsto sub-pixel, andusethis to
pre-computeedgepotential�elds, f E i g, quantizedto 0.25
pixels. We de�ne these�elds asthe sumof “forces” pro-
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Figure6: Estimationof theclean-platebackground.(a) The
region labelledF is a mixedpixel in all views. Theback-
groundcolors B2 andB3 canbeobtainedfromview 1, by
following thedashedlines. However, B1 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-platebackgroundestimate.

portional to edgel strengthand inversely proportional to
squarededgeldistance.Thoughedgesarea strongcuefor
occlusionboundariesin many scenes,thisheuristiccanalso
be distractedby spuriousinternal texture, so we limit the
perturbationto a1.0-pixel radiusneighborhood.

4.2. Background (cleanplate) estimation

As discussedin Sec.3, usingstereodatato triangulatethe
matting problemrequiresthat the backgroundbe known.
A cleanplate backgroundrefersto an imagewherefore-
groundpixelsarereplacedwith (unmixed)backgroundcol-
ors,andis speci�edin many systemsusingmanualinterac-
tion at keyframes[2, 3]. However, this processcanin the-
ory bemadeautomaticby exploiting stereoinformationto
grabcorrespondingbackgroundcolorsfrom nearbyframes
in whichthebackgroundis exposed(Fig.6). Notethataside
from specifyingtheinitial guessfor the3D boundarycurve,
the only placeour approachrelieson accuratestereois in
warpingthebackgroundfrom nearbyviews.

For a given boundarypixel, we �nd potentially corre-
spondingbackgroundcolorsby forward-warpingthatpixel
to all otherviews. This warpingis performedaccordingto
thedepthon thebackgroundsideof theboundary, asgiven
by stereo.We usenearest-neighborsamplingto avoid blur-
ring mixed pixels together, assumingthat the background
texture is slowly varying. If a forward-warpedpixel has
backgrounddepthin thenew view, it becomesa candidate
sourcefrom which to grabthebackground.

We use a color consistencytest to selectthe exposed
backgroundpixel, to avoid selectingmixed pixels labelled
with backgrounddepths.Fromall views,wechoosethecor-
respondingpixel atbackgrounddepththatis themostcolor-
consistentwith its immediateneighborsalsoat background

depth. This heuristicassumesslowly varying background
texture,but seemsto work well in mostof ourcases.

If acorrespondingbackgroundpixel cannotbeestimated
(e.g.,it is occludedby the foregroundobjectin all views),
thenit is markedassuch,andthis pixel is not useddirectly
in theoptimization.In renderingtheresults,weeitherhigh-
light thesepixelsasunknown, or usethenä�venon-matting
approachto determinecolor (i.e., F = B = C) andesti-
matealphafrom thecurve.

4.3. Foreground estimation
Given an estimatefor the parametersof the curve (which
determinealpha),the clean-platebackground,B , and the
input images,C, we canobtaina reasonableguessfor the
foregroundcolors,F . Foragivenpixelwecansimplyinvert
themattingequation,Eq.(1), to obtain:

F̂ (®) = (C ¡ (1 ¡ ®)B )=®: (5)

For robustness,weaggregateF̂ estimatesoverall V views,
with the correspondencebetweenforegroundpixels deter-
mined from stereo. Analogousto cleanplatebackground
estimation,weusetheforeground-sidedepthfrom stereoto
warp theboundarypixels in thereferenceview to all other
views. To aggregatetheF̂ estimatesof Eq. (5), we take the
weightedaverage,

F̂ =
P V

i =1 ®2
i F̂ (®i )

P V
i =1 ®2

i

; (6)

with the weightsconstructedto favor F color information
from pixels positedto containmore foreground,basedon
the curve estimate.Note that this formula is also the sta-
tistically optimal least-squaresestimatefor F given the
setof V noise-contaminatedcompositecolor pixels,Ci =
®i F + (1 ¡ ®i )B i .

5. Parameter optimization
Now that we have constructeda clean-platebackground
(Sec.4.2),speci�edcorrespondencesbetweenpixelsacross
thedifferentviews(Sec.4.3),andprovidedinitial estimates
for thecurveparametersandtheforegroundcolors(Sec.4.1
and4.3), we arein a positionto modify theseestimatesto
better�t theimages.

Becausethe objective function, Eq. (4), is highly non-
linear, involving bilinearity in the variables,perspective
projection,and a complicatedform for alphaas the par-
tial pixel coverageof aprojectedspline(possiblyconvolved
someblurring), we resortto Levenberg-Marquardtnonlin-
earleast-squaresoptimizationwith theJacobiancalculated
usingtheforwarddifferenceapproximation[22]. Thestop-
ping criteriaandstepsizefor this optimizationarebothre-
latedto a parameterencodingthepredictedaccuracy of the
objective function.
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5.1. Two-stageestimation
In our experience,it is fasterandmorestableto �rst opti-
mizeonly thecurve parameters,while estimatingthe fore-
groundcolorsbasedon the alphavaluesderived from the
curve (Sec.4.3). We thus suggesta two-stageapproach,
wheretheoptimizedcurve from the�rst stageis usedasan
initial guessfor the joint estimationof both the curve and
foregroundcolors.

Assuming that the starting point is reasonablyaccu-
rate,thisoptimizationshouldre�ne ourcurve,andseparate
mixedpixels into backgroundandforegroundcomponents.
If ourinitial estimateis furtherthanonepixel awayfrom the
curve,wemaygettrappedin alocalminimum,becausedif-
ferentialchangesto thecurve parametersmaynot improve
mattingconsistency. Hopefully, even in the caseof gross
stereoerrors,thecontrolpointsmayhavewideenoughsup-
port sothatsomepixelsareindeedaffectedby their move-
ment,andthesepixelswill graduallyguidethecurvecloser
to the true solution. The blurred imageformationmodel,
Eq.(3), maybemoreresilientto stereoerrorsthanthebasic
model,becausethecontrolpointshave a largersupport.

5.2. Adding edgesnappingand statedamping
We alsocreateda penaltyfunctionto biastheoptimization
to areaswith strongeredges,sotheoveralloptimizationcan
beconsideredakind of 3D snake[23]. This functionreuses
theedgepotential�elds, f E i g, describedin Sec. 4.1, nor-
malizedto have a maximumof one. We projectall n(µ)
controlpoints,denotedf µpg, into eachview usingthecam-
era matricesf M i g, then calculatea penaltyterm propor-
tional to inverseedgestrength,

P1(µ; F ) =
P V

i =1

P n (µ)
p=1 [ 1 ¡ E i (M i µp) ]2 ; (7)

for thecontrolpointsoverall views.
An additionalpenaltyfunctionis usedto discouragethe

controlpointsfrom beingdisplacedtoo far from their start-
ing positions,

P2(µ; F ) =
P V

i =1

P n (µ)
p=1

£
max

¡
0; jjM i µp ¡ M i µp0jj2 ¡ 4:0

¢ ¤2
; (8)

whereµp0 is theinitial locationof thepth controlpoint. The
penaltyis zerofor displacementsof 2.0 pixels or less,but
increasesrapidly after that. This function helpsavoid de-
generatecon�gurationswherethecurve collapseson itself.

We add thesepenalty terms to the original objective
function(Eq.4), andexpressthissuccinctlyas:

Onew = O + ¸ 1P1 + ¸ 2P2 : (9)

Moderatevaluesof ¸ 1 and ¸ 2 ensurethat neither edges
nor initial positionsexert too muchin�uence over theopti-
mization. In practice,theoptimizationdid not seemoverly

sensitive to theseparameters,so thesamesettingwasused
acrossall datasets.Theseparameterswerenormalizedby
k = N=n(µ), andsetto ¸ 1 = 0:015k and¸ 2 = 0:053k.

6. Results
For all datasets,we used� ve input views, with the mid-
dle view designatedasthereferenceview for initialization.
For our �rst experiment,we appliedboundarymatting to
the datasetshown in Fig. 4 to inserta new objectbetween
theforegroundandbackgroundlayers(Fig. 7). Theresults
show thatnot only is themattinggreatlyimproved,but the
extractedboundariescaneven be sharpened,by rendering
thecurvesat sub-pixel resolution(Fig. 7(d)).

Thesamedatasetwasalsousedfor aview synthesistask,
for mattingbothaninputview andanovel interpolatedview
(Fig. 8). In bothcases,boundarymattingproducesasignif-
icant improvementover nä�ve view synthesis(i.e., forward
warpingwith a �x edfootprint, thenfeatheringbetweenthe
warpedimages).Theseresultsalsodemonstratesometol-
eranceto inaccuratestereo,sincethe initial stereoestimate
in theregion shown (Fig. 8(b–e))wasup to two pixelsoff.
Wealsoexperimentedwith avarietyof settingsfor theblur
parameter. While theadditionof blur did not appearto im-
prove themattingfor this case,theoptimalblurredbound-
arybettermatchestheappearanceof theinput images.

Our methodbroke down for theupper-left region of the
tree with many twigs, yet performedno worseherethan
nä�ve view synthesisignoringmatting.Thereasonfor fail-
urewasnot the inability to localizea consistent3D curve,
but ratherthatinaccuratestereoledtoaninitial boundaryes-
timateup to tenpixelsoff. Without additionalcolor-based
priors, our mattingmethodis contentto acceptthe possi-
bility of depthdiscontinuitiesoccurringacrossuntextured
regions of sky, trappingthe optimizationin local minima
with F = B .

Finally, for a syntheticdatasetconsistingof a planar
ellipse-shapedsprite, boundarymatting is visually indis-
tinguishablefrom thegroundtruth (Fig. 9(c)), anddemon-
stratesfurtherresilienceto arti�cial noise(Fig. 9(c–e)).

7. Concluding Remarks
For seamlessview interpolation, mixed boundarypixels
mustbe resolved into foregroundandbackgroundcompo-
nents,andboundarymattingappearsto bea usefultool for
addressingthis problemin an automaticway. Using 3D
curvesto modelocclusionboundariesis a naturalrepresen-
tationthatprovidesseveralbene�ts,includingtheability to
super-resolve thedepthmapsnearocclusionboundaries.

A currentlimitation of our approachis its lack of rea-
soningaboutcolor statistics,which hasproven very use-
ful in naturalimagematting[7, 2]. Suchan ability might
enableus to resolve boundarieseven in areaswherestereo
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(a) (b)
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Figure7: Object insertion. Theobjectshownin (a) is insertedbehindthe treefrom Fig. 4(a), with oneregion of interest
highlighted. (b) Nä�ve object insertion,with no matting, leadsto backgroundspill and haloing artifacts at the edges of
the tree. (c) Using our boundarymattingmethodleadsto an improvedcomposite. (d) Boundarymattingshownat super-
resolutiondemonstratessharpeningof theboundaries,althoughthemismatch in resolutionsmayappeararti�cial.

gives grosslyincorrectdepths,as in the upper-left region
of the tree in Fig. 4(a). By integrating boundarymatting
with complementaryaspectsof pixel-basedmattingmeth-
ods [7, 3], we hopeto extend the generalityof boundary
mattingwhile retainingits superiorview synthesis.In the
future, we would alsolike to adaptboundarymattingto a
dynamicstereoframework, wheredisocclusionsover time
mayrevealadditionalinformationto improve thematting.
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