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Abstract

This paperproposesa new Bayesianframework for solving
themattingproblem,i.e. extractinga foregroundelementfrom
a backgroundimage by estimatingan opacityfor each pixel
of the foreground element. Our approach modelsboth the
foregroundandbackgroundcolor distributionswith spatially-
varyingsetsof Gaussians,andassumesa fractionalblending
of theforegroundandbackgroundcolors to producethe�nal
output. It thenusesa maximum-likelihoodcriterion to esti-
matetheoptimalopacity, foregroundandbackgroundsimul-
taneously. In addition to providing a principledapproach to
themattingproblem,our algorithmeffectivelyhandlesobjects
with intricate boundaries,such as hair strandsand fur, and
providesan improvementover existing techniquesfor these
dif�cult cases.

1. Intr oduction
In digital matting, a foregroundelementis extractedfrom a
backgroundimageby estimatinga color andopacityfor the
foregroundelementat eachpixel. The opacityvalueat each
pixel is typically calledits alpha, andtheopacityimage,taken
asawhole,is referredto asthealphamatteor key. Fractional
opacities(between0 and 1) are important for transparency
andmotionblurring of theforegroundelement,aswell asfor
partialcoverageof abackgroundpixel aroundtheforeground
object'sboundary.

Matting is usedin orderto compositethe foregroundele-
mentinto a new scene.Matting andcompositingwereorigi-
nally developedfor �lm andvideoproduction[4], wherethey
have proven invaluable. Nevertheless,“pulling a matte” is
still somewhatof ablackart,especiallyfor certainnotoriously
dif�cult casessuchasthin whispsof fur or hair. The prob-
lemis dif�cult becauseit is inherentlyunderconstrained:for a
foregroundelementoverasinglebackgroundimagethereare
in generalan in�nite numberof interpretationsfor the fore-
ground'scolorversusopacity.

In practice,it is still possibleto pull asatisfactorymattein
many cases.Onecommonapproachis to usea background
imageof known color (typically blueor green)andmakecer-
tain assumptionsaboutthecolorsin the foreground(suchas
therelativeproportionsof red,green,andblueat eachpixel);
theseassumptionscan then be tunedby a humanoperator.

Otherapproachesattemptto pull mattesfrom natural(arbi-
trary) backgrounds,usingstatisticsof known regionsof fore-
groundor backgroundin orderto estimatetheforegroundand
backgroundcolorsalongtheboundary. Oncethesecolorsare
known, theopacityvalueis uniquelydetermined.

In this paper, we survey themostsuccessfulpreviousap-
proachesto digital matting—allof themfairly ad hoc—and
demonstratecasesin which eachof themfails. We thenin-
troducea new, more principled approachto matting, based
on a Bayesianframework. While no algorithmcangive per-
fect resultsin all cases(given that the problemis inherently
underconstrained),ourBayesianapproachappearsto giveim-
provedresultsin eachof thesecases.

2. Background
As alreadymentioned,mattingandcompositingwereorigi-
nallydevelopedfor �lm andvideoproduction.In 1984,Porter
andDuff [8] introducedthe digital analogof the matte—the
alphachannel—andshowedhow syntheticimageswith alpha
couldbeusefulin creatingcomplex digital images.Themost
commoncompositingoperationis theover operation,which
is summarizedby thecompositingequation:

C = �F + (1 � � )B ; (1)

whereC, F , and B are the pixel's composite,foreground,
andbackgroundcolors,respectively, and� is thepixel'sopac-
ity componentusedto linearlyblendbetweenforegroundand
background.

Themattingprocessstartsfrom aphotographor setof pho-
tographs(essentiallycompositeimages)andattemptsto ex-
tract the foregroundand alphaimages. Matting techniques
differ primarily in the numberof imagesandin what a pri-
ori assumptionsthey makeabouttheforeground,background,
andalpha.

Blue screenmattingwasamongthe �rst techniquesused
for liveactionmatting.Theprincipleis to photographthesub-
ject againsta constant-coloredbackground,andextract fore-
groundandalphatreatingeachframein isolation. This sin-
gle imageapproachis underconstrainedsince,at eachpixel,
we have threeobservationsand four unknowns. Vlahospi-
oneeredthe notion of addingsimpleconstraintsto make the
problemtractable;this work is nicely summarizedby Smith



and Blinn [11]. For example, under the assumptionthat
:5 � a2 � Fb � a2Fg, Vlahosconstrainedthesetof equa-
tionswith:

� = 1 � a1(Cb � a2Cg) ; (2)

whereCb andCg aretheblueandgreenchannelsof theinput
image,respectively, anda1 anda2 areuser-controlledtuning
parameters.Additional constraintequationssuchasthis one,
however, while easyto implement,aread hoc, requireanex-
pertto tunethem,andcanfail on fairly simpleforegrounds.

More recently, Mishima [5] developeda bluescreenmat-
ting techniquebasedon representative foregroundandback-
groundsamples(Figure 1(e)). In particular, the algorithm
startswith two identicalpolyhedral(triangularmesh)approx-
imationsof aspherein rgbspacecenteredat theaveragevalue
B of thebackgroundsamples.Theverticesof oneof thepoly-
hedra(the backgroundpolyhedron) arethenrepositionedby
moving themalong lines radiatingfrom the centeruntil the
polyhedronis assmall aspossiblewhile still containingall
thebackgroundsamples.Theverticesof theotherpolyhedron
(theforegroundpolyhedron) aresimilarly adjustedto give the
largestpossiblepolyhedronthat containsno foregroundpix-
els from the sampleprovided. Givena new compositecolor
C, then,Mishimacastsa ray from B throughC andde�nes
theintersectionswith thebackgroundandforegroundpolyhe-
drato beB andF , respectively. Thefractionalpositionof C
alongtheline segmentB F is � .

Undersomecircumstances,it might bepossibleto photo-
grapha foregroundobjectagainsta known but non-constant
background.Onesimpleapproachfor handlingsucha scene
is to takea differencebetweenthephotographandtheknown
backgroundanddetermine� to be0 or 1 basedonanarbitrary
threshold.This approach,known asdifferencematting(see,
e.g.,[9]) is errorproneandleadsto “jagged”mattes.Smooth-
ing suchmattesby blurring canhelpwith thejaggednessbut
doesnotgenerallycompensatefor grosserrors.

One limitation of blue screenand differencematting is
therelianceon a controlledenvironmentor imagingscenario
thatprovidesaknown,possiblyconstant-coloredbackground.
The moregeneralproblemof extracting foregroundandal-
phafrom relatively arbitraryphotographsor videostreamsis
known asnatural image matting. To our knowledge,thetwo
mostsuccessfulnaturalimagemattingsystemsareKnockout,
developedbyUltimatte(and,to thebestof ourknowledge,de-
scribedin patentsby Bermanet al. [1, 2]), andthetechnique
of RuzonandTomasi[10]. In bothcases,theprocessbegins
by having a usersegmentthe imageinto threeregions: def-
initely foreground,de�nitely background,andunknown (as
illustratedin Figure1(a)). The algorithmsthenestimateF ,
B , and� for all pixelsin theunknown region.

For Knockout, afterusersegmentation,thenext stepis to
extrapolatetheknown foregroundandbackgroundcolorsinto
the unknown region. In particular, given a point in the un-
known region, the foregroundF is calculatedasa weighted

sumof the pixels on the perimeterof the known foreground
region. Theweightfor thenearestknown pixel is setto 1, and
thisweighttaperslinearlywith distance,reaching0 for pixels
thataretwiceasdistantasthenearestpixel. Thesameproce-
dureis usedfor initially estimatingthebackgroundB 0 based
on nearbyknown backgroundpixels.Figure1(b) showsa set
of pixels thatcontributeto thecalculationof F andB 0 of an
unknown pixel.

Theestimatedbackgroundcolor B 0 is thenre�ned to give
B usingoneof severalmethods[2] thatareall similar in char-
acter. Onesuchmethodestablishesa planethroughtheesti-
matedbackgroundcolorwith normalparallelto theline B 0F .
Thepixel color in theunknown regionis thenprojectedalong
thedirectionof thenormalontotheplane,andthis projection
becomesthe re�ned guessfor B . Figure1(f) illustratesthis
procedure.

Finally, Knockoutestimates� accordingto therelation

� =
f (C) � f (B )
f (F ) � f (B )

; (3)

wheref (�) projectsa color ontooneof severalpossibleaxes
throughrgb space(e.g., onto oneof the r -, g-, or b- axes).
Figure1(f) illustratesalphascomputedwith respectto ther -
andg- axes. In general,� is computedby projectionontoall
of thechosenaxes,andthe�nal � is takenasaweightedsum
overall theprojections,wheretheweightsareproportionalto
thedenominatorin equation(3) for eachaxis.

Ruzonand Tomasi [10] take a probabilisticview that is
somewhatcloserto ourown. First,they partitiontheunknown
boundaryregion into sub-regions. For eachsub-region, they
constructabox thatencompassesthesub-regionandincludes
someof the nearbyknown foregroundand backgroundre-
gions (seeFigure 1(c)). The encompassedforegroundand
backgroundpixelsarethentreatedassamplesfrom distribu-
tionsP(F ) andP(B ), respectively, in colorspace.Thefore-
groundpixelsaresplit into coherentclusters,andunoriented
Gaussians(i.e.,Gaussiansthatareaxis-alignedin colorspace)
are�t to eachcluster, eachwith meanF anddiagonalcovari-
ancematrix � F . In the end, the foregrounddistribution is
treatedasamixture(sum)of Gaussians.Thesameprocedure
is performedon the backgroundpixels yielding Gaussians,
eachwith meanB andcovariance� B , andthenevery fore-
groundclusteris pairedwith everybackgroundcluster. Many
of thesepairingsarerejectedbasedon various“intersection”
and“angle” criteria. Figure1(g) shows a singlepairingfor a
foregroundandbackgrounddistribution.

After building this network of pairedGaussians,Ruzon
andTomasitreattheobservedcolor C ascomingfrom anin-
termediatedistribution P(C), somewherebetweenthe fore-
groundandbackgrounddistributions. The intermediatedis-
tribution is alsode�ned to beasumof Gaussians,whereeach
Gaussianis centeredat a distinctmeanvalueC locatedfrac-
tionally (accordingto a givenalpha)alonga line betweenthe
meanof eachforegroundand backgroundclusterpair with
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Figure1 Summaryof algorithms.Eachof thealgorithmsshown in this®gurerequiressomespeci®cationof backgroundandforeground
pixels. Mishima's algorithm(a) usesthesesamplesto form a global distribution, whereasKnockout (b), Ruzon-Tomasi(c), andour
new Bayesianapproach(d) analyzeunknown pixelsusinglocal distributions.Thedarkgrayareain (c) correspondsto a segmentwithin
theunknown region thatwill beevaluatedusingthestatisticsderived from thesquareregion's overlapwith the labeledforegroundand
background.Figures(e)-(h)show how matteparametersarecomputedusingtheMishima,Knockout, Ruzon-Tomasi,andour Bayesian
approach,respectively.

fractionally interpolatedcovariance� C , asdepictedin Fig-
ure 1(g). The optimal alphais the one that yields an inter-
mediatedistribution for which the observedcolor hasmaxi-
mumprobability; i.e., theoptimal � is chosenindependently
of F andB . As a post-process,the F andB arecomputed
asweightedsumsof the foregroundandbackgroundcluster
meansusingtheindividualpairwisedistributionprobabilities
asweights. The F andB colorsarethenperturbedto force
themto be endpointsof a line segmentpassingthroughthe
observedcolorandsatisfyingthecompositingequation.

Both theKnockout andtheRuzon-Tomasitechniquescan
be extendedto video by hand-segmentingeachframe, but
more automatictechniquesare desirablefor video. Mit-
sunagaet al. [6] developedthe AutoKey systemfor extract-
ing foreground and alpha mattesfrom video, in which a
user seedsa frame with foreground and backgroundcon-
tours,which thenevolve over time. This approach,however,
makesstrongsmoothnessassumptionsaboutthe foreground
andbackground(in fact,theextractedforegroundlayeris as-
sumedto beconstantnearthesilhouette)andis designedfor
usewith fairly hardedgesin the transitionfrom foreground
to background;i.e., it is not well-suitedfor transparency and
hair-likesilhouettes.

In eachof thecasesabove,a singleobservationof a pixel
yieldsan underconstrainedsystemthat is solvedby building
spatialdistributionsor maintainingtemporalcoherence.Wal-

lace [12] provided an alternative solutionthat was indepen-
dently (andmuchlater) developedandre�ned by Smith and
Blinn [11]: take animageof thesameobjectin front of mul-
tiple known backgrounds.Thisapproachleadsto anovercon-
strainedsystemwithout building any neighborhooddistribu-
tionsandcanbesolved in a least-squaresframework. While
thisapproachrequiresevenmorecontrolledstudioconditions
thanthesinglesolid backgroundusedin bluescreenmatting
andis not immediatelysuitablefor live-actioncapture,it does
provideameansof estimatinghighly accurateforegroundand
alphavaluesfor realobjects.We usethis methodto provide
ground-truthmatteswhenmakingcomparisons.

3. Our Bayesianframework

For the developmentthat follows, we will assumethat our
input imagehasalreadybeensegmentedinto threeregions:
“background,” “foreground,” and“unknown,” with theback-
groundandforegroundregionshaving beendelineatedcon-
servatively. The goal of our algorithm,then, is to solve for
the foregroundcolor F , backgroundcolor B , andopacity�
giventheobservedcolorC for eachpixel within theunknown
regionof theimage.SinceF , B , andC havethreecolorchan-
nelseach,we have a problemwith threeequationsandseven
unknowns.

Like RuzonandTomasi[10], we will solve the problem
in part by building foregroundand backgroundprobability



distributionsfrom a givenneighborhood.Our method,how-
ever, usesa continuouslysliding window for neighborhood
de�nitions, marchesinward from the foregroundand back-
groundregions,andutilizes nearbycomputedF , B , and �
values(in additionto thesevaluesfrom “known” regions)in
constructingorientedGaussiandistributions,asillustratedin
Figure 1(d). Further, our approachformulatesthe problem
of computingmatteparametersin a well-de�ned Bayesian
framework and solves it using the maximuma posteriori
(MAP) technique.In this section,we describeour Bayesian
framework in detail.

In MAP estimation,wetry to �nd themostlikely estimates
for F , B , and� , giventheobservationC. Wecanexpressthis
asa maximizationover a probabilitydistribution P andthen
useBayes'sruleto expresstheresultasthemaximizationover
asumof log likelihoods:

arg max
F ;B ;�

P(F; B ; � j C) (4)

= arg max
F ;B ;�

P(C j F; B ; � ) P(F ) P(B ) P(� ) =P(C)

= arg max
F ;B ;�

L(C j F; B ; � ) + L (F ) + L (B ) + L(� ) ;

whereL (�) is thelog likelihoodL(�) = logP(�), andwedrop
theP(C) termbecauseit is aconstantwith respectto theopti-
mizationparameters.(Figure1(h) illustratesthedistributions
overwhichwesolvefor theoptimalF , B , and� parameters.)

Theproblemis now reducedto de�ning thelog likelihoods
L(C j F; B ; � ), L (F ), L (B ), andL(� ).

We canmodel the �rst term by measuringthe difference
betweentheobservedcolor andthecolor thatwould be pre-
dictedby theestimatedF , B , and� :

L (C j F; B ; � ) = �k C � �F � (1 � � )B k2=� 2
C : (5)

Thislog-likelihoodmodelserrorin themeasurementof C and
correspondsto aGaussianprobabilitydistributioncenteredat
C = �F + (1 � � )B with standarddeviation � C .

We usethespatialcoherenceof the imageto estimatethe
foregroundterm L(F ). That is, we build the color proba-
bility distribution usingthe known andpreviously estimated
foregroundcolorswithin eachpixel's neighborhoodN . To
more robustly model the foregroundcolor distribution, we
weight the contribution of eachnearbypixel i in N accord-
ing to two separatefactors.First, we weight thepixel's con-
tribution by � 2

i , which gives colors of more opaquepixels
higher con�dence. Second,we usea spatialGaussianfall-
off gi with � = 8 to stressthecontribution of nearbypixels
overthosethatarefurtheraway. Thecombinedweightis then
wi = � 2

i gi .
Given a setof foregroundcolorsandtheir corresponding

weights,we �rst partition colors into several clustersusing
the methodof Orchardand Bouman[7]. For eachcluster,
we calculatethe weightedmeancolor F and the weighted

covariancematrix � F :

F =
1

W

X

i 2 N

wi Fi (6)

� F =
1

W

X

i 2 N

wi (Fi � F ) (Fi � F )
T

(7)

whereW =
P

i 2 N wi . Thelog likelihoodsfor theforeground
L(F ) canthenbemodeledasbeingderivedfrom anoriented
ellipticalGaussiandistribution,usingtheweightedcovariance
matrixasfollows:

L (F ) = � (F � F )
T

� � 1
F (F � F ) =2: (8)

The de�nition of the log likelihood for the background
L(B ) dependsonwhichmattingproblemwearesolving.For
naturalimagematting,we usean analogousterm to that of
the foreground,settingwi to (1 � � i )2gi andsubstitutingB
in placeof F in every term of equations(6), (7), and (8).
For constant-colormatting,wecalculatethemeanandcovari-
ancefor thesetof all pixels thatarelabelledasbackground.
For differencematting,wehavethebackgroundcolorat each
pixel; we thereforeusethe known backgroundcolor as the
meananda user-de�ned varianceto model the noiseof the
background.

In this work, we assumethat the log likelihood for the
opacity L (� ) is constant(and thus omitted from the maxi-
mizationin equation(4)). A betterde�nition of L (� ) derived
from statisticsof realalphamattesis left asfuturework.

Becauseof themultiplicationsof � with F andB in thelog
likelihoodL(C j F; B ; � ), thefunctionwe aremaximizingin
(4) is not a quadraticequationin its unknowns. To solve the
equationef�ciently , we breaktheprobleminto two quadratic
sub-problems.In the�rst sub-problem,weassumethat� is a
constant.Underthisassumption,takingthepartialderivatives
of (4) with respectto F andB andsettingthemequalto 0
gives:
�

� � 1
F + I � 2=� 2

C I � (1 � � )=� 2
C

I � (1 � � )=� 2
C � � 1

B + I (1 � � )2=� 2
C

� �
F
B

�

=
�

� � 1
F F + C�=� 2

C

� � 1
B B + C(1 � � )=� 2

C

�
; (9)

whereI is a3� 3 identitymatrix. Therefore,for aconstant� ,
wecan�nd thebestparametersF andB by solvingthe6� 6
linearequation(9).

In the secondsub-problem,we assumethat F andB are
constant,yielding a quadraticequationin � . We arrive at the
solutionto this equationby projectingthe observedcolor C
ontotheline segmentF B in colorspace:

� =
(C � B ) � (F � B )

kF � B k2 : (10)

wherethenumeratorcontainsadotproductbetweentwo color
differencevectors. To optimize the overall equation(4) we



alternatebetweenassumingthat � is �x edto solve for F and
B using(9), andassumingthatF andB are�x edto solve for
� using(10). To start the optimization,we initialize � with
themean� over theneighborhoodof nearbypixelsandthen
solve theconstant-� equation(9).

When thereis more than one foregroundor background
cluster, weperformtheaboveoptimizationprocedurefor each
pair of foregroundand backgroundclustersand choosethe
pair with the maximumlikelihood. Note that this model, in
contrastto a mixture of Gaussiansmodel, assumesthat the
observedcolor correspondsto exactly onepair of foreground
andbackgrounddistributions. In somecases,this model is
likely to be thecorrectmodel,but we cancertainlyconceive
of caseswheremixturesof Gaussianswouldbedesirable,say,
whentwo foregroundclusterscanbe nearoneanotherspa-
tially andthuscanmix in color space.Ideally, we would like
to supporta true Bayesianmixture model. In practice,even
with our simpleexclusive decisionmodel,we have obtained
betterresultsthantheexistingapproaches.

4. Resultsand comparisons
We tried out our Bayesianapproachon a variety of differ-
ent input images,both for blue-screenandfor naturalimage
matting. Figure2 shows four suchexamples. In the restof
this section,we discusseachof theseexamplesandprovide
comparisonsbetweenthe resultsof our algorithmandthose
of previous approaches.For moreresultsandcolor images,
pleasevisit theURL listedunderthetitle.

4.1. Blue-screenmatting

We �lmed our targetobject,a stuffed lion, in front of a com-
putermonitordisplayingaconstantblue�eld. In orderto ob-
taina ground-truthsolution,we alsotook radiance-corrected,
high dynamicrange[3] picturesof theobjectin front of � ve
additionalconstant-colorbackgrounds.Theground-truthso-
lution wasderived from theselatter � ve picturesby solving
the overdeterminedlinear systemof compositingequations
(1) usingsingularvaluedecomposition.

Both Mishima's algorithmandour Bayesianapproachre-
quirean estimateof thebackgroundcolor distribution asin-
put. For blue-screenmatting,a preliminarysegmentationcan
be performedmore-or-less automaticallyusing the Vlahos
equation(2) from Section2. Settinga1 to bea largenumber
generallygivesregionsof purebackground(where� � 0),
while settinga1 to asmallnumbergivesregionsof purefore-
ground(where� � 1). Theleftmostimagein themiddlerow
of Figure2 shows thepreliminarysegmentationproducedin
this way, which wasusedasinput for both Mishima's algo-
rithm andourBayesianapproach.

In Figure 3, we compareour resultswith Mishima's al-
gorithmandwith theground-truthsolution. Mishima's algo-
rithm exhibitsobvious“blue spill” artifactsaroundthebound-
ary, whereasour Bayesianapproachgivesresultsthatappear

to bemuchcloserto thegroundtruth.

4.2. Natural imagematting

Figure4 providesanarti�cial exampleof “naturalimagemat-
ting,” onefor whichwe havea ground-truthsolution.Thein-
put imagewasproducedby taking theground-truthsolution
for thepreviousblue-screenmattingexample,compositingit
over a (known) checkerboardbackground,displayingthere-
sulting imageon a monitor, and then re-photographingthe
scene.We thenattemptedto usefour differentapproachesfor
re-pulling the matte: a simple differencematting approach
(which takes the differenceof the image from the known
background,thresholdsit, andthenblurs the resultto soften
it); Knockout; the Ruzon and Tomasi algorithm, and our
Bayesianapproach.Theground-truthresult is repeatedhere
for easiervisualcomparison.Notethecheckerboardartifacts
that are visible in Knockout's solution. The Bayesianap-
proachgivesmattesthat aresomewhat softer, andcloserto
thegroundtruth, thanthoseof RuzonandTomasi.

Figure5 repeatsthis comparisonfor two (real)naturalim-
ages(for whichnodifferencemattingor ground-truthsolution
is possible).Note themissingstrandsof hair in theclose-up
for Knockout's results. The RuzonandTomasiresulthasa
discontinuoushairstrandontheleft sideof theimage,aswell
asa color discontinuitynearthe centerof the inset. In the
lighthouseexample,bothKnockoutandRuzon-Tomasisuffer
from backgroundspill. For example,Ruzon-Tomasiallows
thebackgroundto blendthroughtheroof at thetop centerof
thecompositeinset,while Knockout losestherailing around
the lighthousealmostcompletely. The Bayesianresultsex-
hibit noneof theseartifacts.

5. Conclusions
In thispaper, wehavedevelopedaBayesianapproachto solv-
ing several imagemattingproblems:constant-colormatting,
differencematting,andnaturalimagematting. Thoughshar-
ing a similar probabilisticview with RuzonandTomasi's al-
gorithm,our approachdiffersfrom theirsin a numberof key
aspects;namely, it uses(1) MAP estimationin a Bayesian
framework to optimize � , F andB simultaneously, (2) ori-
entedGaussiancovariancesto bettermodelthecolordistribu-
tions, (3) a sliding window to constructneighborhoodcolor
distributionsthatincludepreviouslycomputedvalues,and(4)
a scanningorder that marchesinward from the known fore-
groundand backgroundregions. To sum up, our approach
hasan intuitive probabilisticmotivation, is relatively easyto
implement,andcomparesfavorablywith thestateof theart in
matteextraction.

In thefuture,we hopeto explorea numberof researchdi-
rections.So far, we have omittedusingpriorson alpha. We
hopeto build thesepriorsby studyingthestatisticsof ground
truth alphamattes,possiblyextendingthis analysisto evalu-
atespatialdependenciesthat might drive an MRF approach
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Figure 2 Summaryof input imagesand results. Input images(top row): a blue-screenmatting exampleof a toy lion, a synthetic
ªnaturalimageºof thesamelion (for which theexactsolutionis known), andtwo realnaturalimages,(a lighthouseanda woman).Input
segmentation(middle row): conservative foreground(white), conservative background(black), and ªunknownº (grey). The leftmost
segmentationwascomputedautomatically(seetext), while therightmostthreewerespeci®edby hand.Compositingresults(bottomrow):
the resultsof compositingthe foregroundimagesandmattesextractedthroughour Bayesianmattingalgorithmover new background
scenes.(Lighthouseimageandthe backgroundimagesin compositecourtesyPhilip Greenspun,http://philip.greenspun.com.Woman
imagewasobtainedfrom CorelKnockout's tutorial,Copyright c
 2001Corel.All rightsreserved.)
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Figure3 Blue-screenmattingof lion (takenfrom leftmostcolumnof Figure2). Mishima's resultsin thetoprow suffer from ªbluespill.º
Themiddleandbottomrows show theBayesianresultandgroundtruth, respectively.
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Figure 4 ªSyntheticºnaturalimagematting. The top row shows the resultsof differenceimagemattingandblurring on thesynthetic
compositeimageof the lion againsta checkerboard(columnsecondfrom left in Figure2). Clearly, differencemattingdoesnot cope
well with ®nestrands.Thesecondrow shows theresultof applyingKnockout; in this case,theinterpolationalgorithmpoorly estimates
backgroundcolors that shouldbe drawn from a bimodaldistribution. The Ruzon-Tomasiresult in the next row is clearly better, but
exhibits asigni®cantgraininessnotpresentin theBayesianmattingresulton thenext row or theground-truthresulton thebottomrow.
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Figure 5 Natural imagematting. Thesetwo setsof photographscorrespondto the rightmosttwo columnsof Figure2, andthe insets
show both a close-upof thealphamatteandthecompositeimage. For thewoman's hair, Knockout losesstrandsin the inset,whereas
Ruzon-Tomasiexhibits broken strandson the left anda diagonalcolor discontinuityon the right, which is enlargedin the inset. Both
Knockout andRuzon-Tomasisuffer from backgroundspill asseenin thelighthouseinset,with Knockout practicallylosingtherailing.

to imagematting. Next, we hopeto extendour framework
to supportmixturesof Gaussiansin a principledway, rather
thanarbitrarily choosingamongpairedGaussiansaswe do
currently. Finally, we plan to extendour work to videomat-
ting with softboundaries.
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