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Abstract

This paper proposesa new Bayesianframevork for solving
themattingproblem,i.e. extractingaforegroundelemenfrom
a badkgroundimage by estimatingan opacityfor eac pixel
of the foreground element. Our appmoac modelsboth the
foregroundandbadgroundcolor distributionswith spatially-
varyingsetsof Gaussiansandassumes fractionalblending
of the foregroundand badgroundcolors to producethe nal
output. It thenusesa maximume-likelihood criterion to esti-
matethe optimal opacity foregroundand badkgroundsimul-
taneously In additionto providing a principled approacd to
themattingproblem our algorithmeffectivelyhandlesobjects
with intricate boundaries,sud as hair strandsand fur, and
providesan improvementover existing techniquesfor these
dif cult cases.

1. Intr oduction

In digital matting a foregroundelementis extractedfrom a
backgroundmageby estimatinga color and opacityfor the
foregroundelementat eachpixel. The opacityvalueat each
pixelis typically calledits alpha, andtheopacityimage taken
asawhole,is referredto asthealphamatteor key. Fractional
opacities(between0 and 1) are importantfor transpareng
andmotionblurring of the foregroundelementaswell asfor
partialcoverageof a backgroundixel aroundthe foreground
objectsboundary

Matting is usedin orderto compositehe foregroundele-
mentinto a new scene.Matting andcompositingwereorigi-
nally developedfor Im andvideoproduction4], wherethey
have proven invaluable. Nevertheless,pulling a matte” is
still somavhatof ablackart,especiallyfor certainnotoriously
dif cult casessuchasthin whispsof fur or hair. The prob-
lemis dif cult becausét is inherentlyunderconstrainedor a
foregroundelementovera singlebackgroundmagethereare
in generalanin nite numberof interpretationgor the fore-
grounds color versusopacity

In practiceit is still possibleto pull asatishctorymattein
mary cases.One commonapproachs to usea background
imageof known color (typically blueor green)Jandmale cer
tain assumptionsboutthe colorsin the foreground(suchas
therelative proportionsof red,greenandblue at eachpixel);
theseassumptiongan then be tunedby a humanoperator

Other approachesittemptto pull mattesfrom natural (arbi-
trary) backgroundsusingstatisticsof known regionsof fore-
groundor backgroundn orderto estimateheforegroundand
backgrounctolorsalongtheboundary Oncethesecolorsare
known, the opacityvalueis uniquelydetermined.

In this paper we surwey the mostsuccessfuprevious ap-
proachego digital matting—all of themfairly ad hoc—and
demonstrateasesn which eachof themfails. We thenin-
troducea new, more principled approachto matting, based
on a Bayesianframework. While no algorithmcangive per
fect resultsin all caseqgiventhatthe problemis inherently
underconstrainedpur Bayesiarapproaclappearso giveim-
provedresultsin eachof thesecases.

2. Background

As alreadymentioned,mattingand compositingwere origi-
nally developedfor Im andvideoproduction.ln 1984,Porter
and Duff [8] introducedthe digital analogof the matte—the
alphachannel—andshavedhow synthetidmageswith alpha
couldbeusefulin creatingcomplex digital images.Themost
commoncompositingoperationis the over operation,which
is summarizedy the compositingequation

C=F +(1 )B; 1)

whereC, F, andB are the pixel's composite,foreground,
andbackgroundolors,respectiely, and isthepixel'sopac-
ity componenusedto linearly blendbetweerforegroundand
background.

Themattingprocesstartsfrom aphotograplor setof pho-
tographs(essentiallycompositeimages)and attemptsto ex-
tract the foregroundand alphaimages. Matting techniques
differ primarily in the numberof imagesandin whata pri-
ori assumptionthey make abouttheforeground background,
andalpha.

Blue screenmattingwas amongthe rst techniquesused
for liveactionmatting. Theprincipleis to photographhesub-
ject againsta constant-colorethackgroundandextractfore-
groundandalphatreatingeachframein isolation. This sin-
gle imageapproachs underconstrainedince,at eachpixel,
we have threeobsenationsand four unknavns. Vlahos pi-
oneeredhe notion of addingsimple constraintdo make the
problemtractable;this work is nicely summarizedy Smith



and Blinn [11].
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tionswith:

For example, under the assumptionthat
axFg, Vlahosconstrainedhe setof equa-

=1 a(Cp aCy); (2)

whereC, andCy aretheblueandgreenchannelf theinput
image,respectiely, anda; anda, areusercontrolledtuning
parametersAdditional constraintequationsuchasthis one,
however, while easyto implement,aread hog requirean ex-
pertto tunethem,andcanfail onfairly simpleforegrounds.

More recently Mishima[5] developeda blue screermat-
ting techniquebasedon representatie foregroundandback-
ground samples(Figure 1(e)). In particular the algorithm
startswith two identicalpolyhedraltriangularmesh)approx-
imationsof aspheran rgbhspacecenterecttheaveragevalue
B of thebackgroungamplesTheverticesof oneof thepoly-
hedra(the badground polyhedon) arethenrepositionedby
moving them alonglines radiatingfrom the centeruntil the
polyhedronis as small as possiblewhile still containingall
thebackgroundamplesTheverticesof theotherpolyhedron
(theforegroundpolyhedpon) aresimilarly adjustedo give the
largestpossiblepolyhedronthat containsno foregroundpix-
elsfrom the sampleprovided. Givena new compositecolor
C, then,Mishimacastsa ray from B throughC andde nes
theintersectionsvith thebackgroundindforegroundpolyhe-
drato beB andF, respectiely. Thefractionalpositionof C
alongtheline sgmentBF is

Undersomecircumstancest might be possibleto photo-
grapha foregroundobjectagainsta known but non-constant
background.OnesimpleapproacHor handlingsucha scene
is to take a differencebetweerthe photograptandthe known
backgroundinddetermine tobeO or1basednanarbitrary
threshold. This approachknown asdifferencematting (see,
e.g.,[9]) is errorproneandleadsto “jagged” mattes.Smooth-
ing suchmattesby blurring canhelp with the jaggednessut
doesnotgenerallycompensatéor grosserrors.

One limitation of blue screenand differencematting is
therelianceon a controlledernvironmentor imagingscenario
thatprovidesaknown, possiblyconstant-colorebdackground.
The more generalproblemof extracting foregroundand al-
phafrom relatively arbitraryphotograph®r video streamss
known asnatural image matting To our knowledge,the two
mostsuccessfuhaturalimagemattingsystemsareKnockout,
developedby Ultimatte (and,to thebestof ourknowledge de-
scribedin patentdy Bermanetal. [1, 2]), andthetechnique
of RuzonandTomasi[10Q]. In both casesthe processhegins
by having a usersggmentthe imageinto threeregions: def-
initely foreground,de nitely backgroundandunknown (as
illustratedin Figure 1(a)). The algorithmsthen estimateF ,
B,and for all pixelsin theunknown region.

For Knockout, after usersegmentationthe next stepis to
extrapolateheknown foregroundandbackgroundolorsinto
the unknawn region. In particular given a point in the un-
known region, the foregroundF is calculatedasa weighted

sum of the pixels on the perimeterof the known foreground
region. Theweightfor thenearesknown pixel is setto 1, and
thisweighttaperdinearly with distancereaching0 for pixels
thataretwice asdistantasthe nearespixel. The sameproce-
dureis usedfor initially estimatingthe background ® based
on nearbyknown backgroundixels. Figure 1(b) shavs a set
of pixelsthatcontribute to the calculationof F andB ° of an
unknown pixel.

The estimatedbackgrounctolor B %is thenre ned to give
B usingoneof severalmethodg?2] thatareall similarin char
acter Onesuchmethodestablishes planethroughthe esti-
matedbackgroundolorwith normalparallelto theline B % .
Thepixel colorin theunknavn regionis thenprojectedalong
thedirectionof the normalontothe plane,andthis projection
becomeshe re ned guessfor B. Figure 1(f) illustratesthis
procedure.

Finally, Knockoutestimates accordingto therelation

_f(C) f(B).

~f(F) 3)

f(B)’
wheref () projectsa color ontooneof several possibleaxes
throughrgb space(e.g., onto one of ther-, g-, or b- axes).
Figure 1(f) illustratesalphascomputedwith respecto ther -
andg- axes.In general, is computedoy projectionontoall
of thechoseraxes,andthe nal istakenasaweightedsum
overall theprojectionswheretheweightsareproportionato
thedenominatoin equation(3) for eachaxis.

Ruzonand Tomasi[10] take a probabilisticview thatis
someavhatcloserto ourown. First,they partitiontheunknovn
boundaryregion into sub-rgjions. For eachsub-rgion, they
constructa boxthatencompassete sub-rgionandincludes
someof the nearbyknown foregroundand backgroundre-
gions (seeFigure 1(c)). The encompassetbregroundand
backgroundixels arethentreatedas sampledrom distribu-
tionsP (F) andP(B), respectiely, in color space.Thefore-
groundpixelsaresplit into coherentlusters,andunoriented
Gaussian§.e.,Gaussianthatareaxis-alignedn colorspace)
are t to eachcluster eachwith meanF anddiagonalcovari-
ancematrix (. In the end, the foregrounddistribution is
treatedasa mixture (sum)of GaussiansThe sameprocedure
is performedon the backgroundpixels yielding Gaussians,
eachwith meanB andcovariance g, andthenevery fore-
groundclusteris pairedwith every backgrounctluster Many
of thesepairingsarerejectedbasedon various“intersection”
and“angle” criteria. Figure 1(g) showvs a singlepairingfor a
foregroundandbackgroundiistribution.

After building this network of paired GaussiansRuzon
andTomasitreatthe obsenedcolor C ascomingfrom anin-
termediatedistribution P (C), somavherebetweenthe fore-
groundandbackgrounddistributions. The intermediatedis-
tributionis alsode ned to bea sumof Gaussiansyhereeach
Gaussiars centerecht a distinctmeanvalueC locatedfrac-
tionally (accordingto a givenalpha)alonga line betweerthe
meanof eachforegroundand backgroundcluster pair with
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Figure1l Summaryof algorithms.Eachof thealgorithmsshawn in this ®gurerequiressomespeci®catiorof backgroundaindforeground
pixels. Mishima's algorithm (a) usesthesesamplesto form a global distribution, whereasKnockout (b), Ruzon-Dmasi(c), and our
new Bayesiamapproach(d) analyzeunknavn pixels usinglocal distributions. Thedarkgray areain (c) corresponds$o a sggmentwithin
the unknawvn region thatwill be evaluatedusingthe statisticsderived from the squareregion's overlapwith the labeledforegroundand
background.Figures(e)-(h) shav hov matteparameterarecomputedusingthe Mishima, Knockout, Ruzon-bmasi,andour Bayesian

approachrespecitiely.

fractionally interpolatedcovariance ¢, asdepictedin Fig-
ure 1(g). The optimal alphais the one that yields an inter-
mediatedistribution for which the obsenred color hasmaxi-
mum probability;i.e., theoptimal is chosenndependently
of F andB. As a post-processhe F andB arecomputed
asweightedsumsof the foregroundand backgroundcluster
meanausingtheindividual pairwisedistribution probabilities
asweights. The F andB colorsarethenperturbedo force
themto be endpointsof a line segmentpassingthroughthe
obsenedcolor andsatisfyingthe compositingequation.

Both the Knockout andthe Ruzon-bmasitechniquesan
be extendedto video by hand-sgmentingeachframe, but
more automatictechniquesare desirablefor video. Mit-
sunageet 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 overtime. This approachhowever,
malkes strongsmoothnesassumptionaboutthe foreground
andbackgroundin fact,the extractedforegroundlayeris as-
sumedto be constannearthe silhouette)andis designedor
usewith fairly hardedgesin the transitionfrom foreground
to backgroundj.e., it is not well-suitedfor transparengand
hair-like silhouettes.

In eachof the casesabove, a singleobsenation of a pixel
yields an underconstrainedystemthatis solved by building
spatialdistributionsor maintainingtemporalcoherenceWal-

lace[12] provided an alternatie solutionthat wasindepen-
dently (andmuchlater) developedandre ned by Smithand
Blinn [11]: take animageof the sameobjectin front of mul-

tiple known backgroundsThis approacHeadsto anovercon-
strainedsystemwithout building any neighborhoodlistribu-

tionsandcanbesolvedin a least-squareBamenork. While

this approactrequiresevenmorecontrolledstudioconditions
thanthe singlesolid backgroundisedin blue screemmatting
andis notimmediatelysuitablefor live-actioncapturejt does
provideameanof estimatinchighly accuratdoregroundand
alphavaluesfor real objects. We usethis methodto provide
ground-truthmatteswvhenmakingcomparisons.

3. Our Bayesianframework

For the developmentthat follows, we will assumethat our
input imagehasalreadybeensegmentedinto threeregions:
“background; “foreground; and“unknown,” with the back-
groundand foregroundregions having beendelineatedcon-
senatively. The goal of our algorithm, then,is to solve for
the foregroundcolor F, backgroundcolor B, and opacity
giventheobsenedcolor C for eachpixel within theunknowvn
regionof theimage.SinceF , B, andC havethreecolorchan-
nelseach we have a problemwith threeequationsandseven
unknowns.

Like Ruzonand Tomasi[10], we will solve the problem
in part by building foreground and backgroundprobability



distributionsfrom a given neighborhood.Our method,how-
ever, usesa continuouslysliding window for neighborhood
de nitions, marchesinward from the foregroundand back-
groundregions, and utilizes nearbycomputedr, B, and
values(in additionto thesevaluesfrom “known” regions)in
constructingorientedGaussiardistributions, asillustratedin
Figure 1(d). Further our approachformulatesthe problem
of computingmatte parametersn a well-de ned Bayesian
framavork and solves it using the maximuma posteriori
(MAP) technique.In this section,we describeour Bayesian
framawork in detail.

In MAP estimationwetry to nd themostlik ely estimates
forF,B,and , giventheobsenationC. We canexpresshis
asa maximizationover a probability distribution P andthen
useBayessruleto expresgheresultasthemaximizationover
asumof log likelihoods:

arg max P(F;B; jC) 4)

arg max P(CjF;B; )P(F)P(B)P( )=P(C)

arg max L(CjF;B; )+ L(F)+L(B)+L();

whereL () isthelog likelihoodL () = logP( ), andwedrop
theP (C) termbecausé is aconstantvith respecto theopti-
mizationparameters(Figure1(h)illustratesthe distributions
overwhichwe solvefor theoptimalF, B, and parameters.)

Theproblemis now reducedo de ning thelog likelihoods
L(CjF;B; ),L(F),L(B),andL( ).

We canmodelthe rst term by measuringhe difference
betweerthe obsened color andthe color thatwould be pre-
dictedby theestimated~, B, and :

L(CjF;B; ) = kC F (1 )Bk*=%: (5
Thislog-likelihoodmodelserrorin themeasuremertdf C and
correspond$o a Gaussiarprobability distribution centeredat
C= F + (1 )B withstandardleviation .

We usethe spatialcoherencef theimageto estimatethe
foregroundterm L (F). Thatis, we build the color proba-
bility distribution usingthe known and previously estimated
foregroundcolorswithin eachpixel's neighborhood\ . To
more robustly model the foreground color distribution, we
weightthe contribution of eachnearbypixel i in N accord-
ing to two separatdactors. First, we weightthe pixel's con-
tribution by 2, which gives colors of more opaquepixels
higher con dence. Secondwe usea spatial Gaussiarfall-
off g with = 8 to stressthe contritution of nearbypixels
overthosethatarefurtheraway. Thecombinedweightis then
wi = izgi-

Given a setof foregroundcolorsandtheir corresponding
weights,we rst partition colorsinto sereral clustersusing
the methodof Orchardand Bouman([7]. For eachcluster
we calculatethe weightedmeancolor F and the weighted

covariancematrix g:

X
F = 27 wFr (6)
i2N
. 1 wi(Fi BY(F F) 7)
F - Yl i i i
Wi2N

whereW = P i»n Wi. Theloglikelihoodsfor theforeground
L (F) canthenbemodeledasbeingderivedfrom anoriented
elliptical Gaussiamistribution, usingtheweightedcovariance
matrix asfollows:

LF) = (F B (F H=2: @®

The de nition of the log likelihood for the background
L (B) depend®nwhich mattingproblemwe aresolving. For
naturalimagematting, we usean analogouderm to that of
the foreground,settingw; to (1 i)2gi andsubstitutingB
in placeof F in every term of equations(6), (7), and (8).
For constant-colomatting,we calculatehemeanandcovari-
ancefor the setof all pixelsthatarelabelledasbackground.
For differencematting,we have the backgroundtolor ateach
pixel; we thereforeusethe known backgroundcolor asthe
meanand a userde ned varianceto modelthe 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 realalphamattess left asfuturework.

Becaus®f themultiplicationsof with F andB in thelog
likelihoodL (CjF;B; ), thefunctionwe aremaximizingin
(4) is not a quadraticequationin its unknowvns. To solve the
equationef ciently , we breakthe probleminto two quadratic
sub-problemsln the rst sub-problemwe assumehat isa
constantUnderthisassumptiontakingthepartialderivatives
of (4) with respectto F andB and settingthemequalto 0
gives:

FiHl ?=2 @ )=¢ F
@ )=2 g'+1@@ =2 B
1 - 2
F+C=
- F C ) : (9)

wherel isa3 3identitymatrix. Thereforefor aconstant ,
we can nd thebestparameter§ andB by solvingthe6 6
linearequation(9).

In the secondsub-problemwe assumehatF andB are
constantyielding a quadraticequationin . We arrive atthe
solutionto this equationby projectingthe obsened color C
ontotheline sggmentF B in color space:

(C _B) (F B).
kF Bk2

(10)

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



alternatebetweerassuminghat is x edto solvefor F and
B using(9), andassuminghatF andB are x edto solve for

using(10). To startthe optimization,we initialize ~ with
themean overtheneighborhoof nearbypixelsandthen
solve the constant- equation(9).

Whenthereis more than one foregroundor background
cluster we performtheabove optimizationprocedurdor each
pair of foregroundand backgroundclustersand choosethe
pair with the maximumlikelihood. Note thatthis model,in
contrastto a mixture of Gaussiansnodel, assumeshat the
obsenedcolor correspondso exactly onepair of foreground
and backgrounddistributions. In somecasesthis modelis
likely to be the correctmodel,but we cancertainlyconceve
of casesvheremixturesof Gaussiang/ould bedesirablesay
whentwo foregroundclusterscan be nearone anotherspa-
tially andthuscanmix in color space Ideally, we would like
to supporta true Bayesianmixture model. In practice,even
with our simple exclusive decisionmodel,we have obtained
betterresultsthanthe existing approaches.

4. Resultsand comparisons

We tried out our Bayesianapproachon a variety of differ-
entinput images,both for blue-screerandfor naturalimage
matting. Figure 2 shows four suchexamples. In the rest of
this section,we discusseachof theseexamplesand provide
comparisondetweernthe resultsof our algorithmandthose
of previous approachesFor moreresultsand color images,
pleasevisit the URL listedunderthetitle.

4.1 Blue-screenmatting

We Imed ourtargetobject,a stuffed lion, in front of a com-
putermonitordisplayinga constanblue eld. In orderto ob-
tain a ground-truthsolution,we alsotook radiance-corrected,
high dynamicrange[3] picturesof the objectin front of ve
additionalconstant-colobackgroundsThe ground-truthso-
lution was derived from theselatter ve picturesby solving
the overdeterminedinear systemof compositingequations
(1) usingsingularvaluedecomposition.

Both Mishima's algorithmandour Bayesianapproactre-
quire an estimateof the backgrounccolor distribution asin-
put. For blue-screematting,a preliminarysegmentatiorcan
be performedmore-orless automaticallyusing the Vlahos
equation(2) from Section2. Settinga; to be alarge number
generallygivesregionsof purebackgroundwhere 0),
while settinga; to asmallnumbergivesregionsof purefore-
ground(where 1). Theleftmostimagein themiddlerow
of Figure2 shaws the preliminary segmentatiorproducedn
this way, which wasusedasinput for both Mishima's algo-
rithm andour Bayesiamapproach.

In Figure 3, we compareour resultswith Mishima's al-
gorithmandwith the ground-truthsolution. Mishima's algo-
rithm exhibits obvious“blue spill” artifactsarouncthebound-
ary, whereasour Bayesiarmapproactyivesresultsthatappear

to bemuchcloserto the groundtruth.

4.2, Natural imagematting

Figure4 providesanarti cial exampleof “naturalimagemat-
ting,” onefor which we have a ground-truthsolution. Thein-
putimagewas producedby taking the ground-truthsolution
for the previous blue-screemattingexample,compositingit
over a (known) checlerboardbackgrounddisplayingthe re-
sulting image on a monitor, and then re-photographindghe
scene We thenattemptedo usefour differentapproachefor
re-pulling the matte: a simple differencematting approach
(which takes the differenceof the image from the known
backgroundthresholdst, andthenblurs the resultto soften
it); Knockout; the Ruzon and Tomasi algorithm, and our
Bayesianapproach.The ground-truthresultis repeatechere
for easiewvisual comparisonNotethe checlerboardartifacts
that are visible in Knockout's solution. The Bayesianap-
proachgives mattesthat are somavhat softer and closerto
thegroundtruth, thanthoseof RuzonandTomasi.

Figure5 repeatghis comparisorfor two (real) naturalim-
ageqfor whichnodifferencemattingor ground-truthsolution
is possible).Note the missingstrandsof hair in the close-up
for Knockout's results. The Ruzonand Tomasiresulthasa
discontinuousair strandon theleft sideof theimage,aswell
asa color discontinuity nearthe centerof the inset. In the
lighthouseexample bothKnockoutandRuzon-Tomasisuffer
from backgroundspill. For example,Ruzon-bmasiallows
the backgroundo blendthroughthe roof at the top centerof
the compositeinset,while Knockout losesthe railing around
the lighthousealmostcompletely The Bayesianresultsex-
hibit noneof theseartifacts.

5. Conclusions

In this paperwe have developeda Bayesiarapproacho solv-
ing severalimagematting problems:constant-colomatting,
differencematting,andnaturalimagematting. Thoughshar
ing a similar probabilisticview with Ruzonand Tomasis al-
gorithm, our approachdiffersfrom theirsin a numberof key
aspects;namely it uses(1) MAP estimationin a Bayesian
framawork to optimize , F andB simultaneously(2) ori-
entedGaussiartovarianceso bettermodelthe color distribu-
tions, (3) a sliding window to constructneighborhoodtolor
distributionsthatincludepreviously computedralues,and(4)
a scanningorderthat marchesnward from the known fore-
groundand backgroundregions. To sumup, our approach
hasanintuitive probabilisticmotivation, is relatively easyto
implementandcomparegavorablywith the stateof theartin
matteextraction.

In thefuture,we hopeto explorea numberof researchdi-
rections. Sofar, we have omitted usingpriors on alpha. We
hopeto build thesepriors by studyingthe statisticsof ground
truth alphamattes possiblyextendingthis analysisto evalu-
ate spatialdependenciethat might drive an MRF approach
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Figure 2 Summaryof input imagesand results. Input images(top row): a blue-screemmatting exampleof a toy lion, a synthetic
anaturaimageCof the samdion (for which the exactsolutionis known), andtwo realnaturalimages(alighthouseandawoman).Input
segmentation(middle row): conserative foreground (white), conserative background(black), and 2unknavn® (grey). The leftmost
seggmentationrvascomputecautomatically(seetext), while therightmostthreewerespeci®edy hand.Compositingresults(bottomrow):
the resultsof compositingthe foregroundimagesand mattesextractedthroughour Bayesianmatting algorithm over new background
scenes.(Lighthouseimageandthe backgroundmagesin compositecourtesyPhilip Greenspunhttp://philip.greenspun.comWoman
imagewasobtainedfrom CorelKnockout's tutorial, Copyright ¢ 2001Corel. All rightsresered.)

Bayesiamapproach Mishima's method

Groundtruth

Alpha Matte Composite Inset

Figure 3 Blue-screemattingof lion (takenfrom leftmostcolumnof Figure2). Mishima's resultsin thetop row suffer from 2bluespill
Themiddle andbottomrows shav the Bayesiarresultandgroundtruth, respectiely.



Knockout Differencematting

RuzonandTomasi

Bayesiamapproach

Groundtruth

Alpha Matte Composite Inset

Figure 4 2Synthetichaturalimagematting. The top row shavs the resultsof differenceimagemattingandblurring on the synthetic
compositeimageof the lion againsta checlerboard(columnsecondfrom left in Figure2). Clearly, differencemattingdoesnot cope
well with ®ne strands.The second-ow shavs theresultof applyingKnockout; in this case theinterpolationalgorithmpoorly estimates
backgroundcolors that shouldbe dravn from a bimodal distribution. The Ruzon-Dmasiresultin the next row is clearly better but
exhibits a signi®cantgraininessot presenin the Bayesiammattingresulton the next row or the ground-truthresulton the bottomrow.
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Figure 5 Naturalimagematting. Thesetwo setsof photographsorrespondo the rightmosttwo columnsof Figure 2, andthe insets
shav both a close-upof the alphamatteandthe compositemage. For the womans hair, Knockout losesstrandsin the inset,whereas
Ruzon-Dmasiexhibits broken strandson the left anda diagonalcolor discontinuityon the right, which is enlagedin theinset. Both

Knockout andRuzon-Dmasisuffer from backgroundspill asseenin thelighthouseinset,with Knockout practicallylosingtherailing.

to imagematting. Next, we hopeto extend our framework
to supportmixturesof Gaussiangn a principledway, rather
than arbitrarily choosingamongpaired Gaussiansas we do
currently Finally, we planto extendour work to video mat-
ting with softboundaries.
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