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Abstract

This paperdescribesa new framework for videomatting, the pro-
cessof pulling a high-qualityalphamatteandforegroundfrom a
videosequence.The framework builds upontechniquesin natural
imagematting,optical �o w computation,andbackgroundestima-
tion. User interactionis comprisedof garbagemattespeci�cation
if backgroundestimationis needed,andhand-drawn keyframeseg-
mentationsinto “foreground,” “background,” and“unknown”. The
segmentations,calledtrimaps, areinterpolatedacrossthevideovol-
umeusingforwardandbackwardoptical �o w. Competing�o w es-
timatesare combinedbasedon information aboutwhere �o w is
likely to beaccurate.A Bayesianmattingtechniqueusesthe�o wed
trimapsto yield high-qualitymattesof moving foregroundelements
with complex boundaries�lmed by amoving camera.A novel tech-
niquefor smokematteextractionis alsodemonstrated.

CR Categories: I.3.3 [Computer Graphics]: Picture/ImageGeneration—Bitmap
and framebuffer operations; I.4.6 [Image Processing and Computer Vision]:
Segmentation—Pixel classi®cation

Keywords: Alphachannel,blue-screenmatting,image-basedrendering,layerextrac-
tion, mattingandcompositing,videoprocessing.

1 Intr oduction

Video mattingis a critical operationin commercialtelevision and
�lm production,giving a directorthepower to insertnew elements
seamlesslyinto a sceneor to transportan actor into a completely
new location. In the matting or matteextraction process,a fore-
groundelementof arbitrary shapeis extracted,or pulled, from a
backgroundimage.The matteextractedby this processdescribes
the opacity of the foregroundelementat every pixel. Combined
with the foregroundcolor, thematteallows anartist to modify the
backgroundor to composite(i.e., transfer)the foregroundonto a
new background.Still-image matting, a somewhat user-intensive
process,is useful for photo editing operations,and several tech-
niqueshave beendemonstratedfor this application.In this paper,
weaddressthemorechallengingproblemof videomatting: pulling
a mattefrom a video sequenceof a foregroundelementagainsta
naturalbackground.The challengeis to achieve the quality cur-
rently attainablewith recentlydevelopedstill-imagemattingtech-
niqueswithout requiring the userto edit eachframeandwithout
introducingtemporalartifacts.

Themostcommonmethodsfor pulling videomattesarebluescreen
matting,differencematting,androtoscoping.In blue screenmat-
ting, alsoknown aschromakeying, foregroundelementsare�lmed
in front of a solid color background.Vlahos (as summarizedby

Smith and Blinn [1996]) pioneeredthis techniqueand developed
a numberof heuristicswith tunableparametersfor extracting the
mattefrom eachframe.This methodcanbe fairly effective but is
restrictedto tightly controlledstudioenvironments.
For naturalbackgrounds,analternative approachis to begin with a
cleanplate, i.e.,ashotof thescenewithouttheactorspresent,andto
thensubtractthecleanplatefrom theframescontainingtheactors.
Mappingthedifferencevaluesateachpixel to opacitiesyieldsadif-
ferencematte[Kelly 2000].Themappingis user-de�ned andfails
wheretherearesimilaritiesin color betweenforegroundandback-
ground,requiringadditionaluserinteractionto correctthematte.
Thelastcommonlyusedproductionmattingtechniqueis rotoscop-
ing. In this process,the user draws an editable (e.g., B-spline)
curve aroundthe foregroundelementat eachframeor at selected
keyframes, often with the help of an imagesnappingtool that ad-
heresto high gradientareas[Gleicher1995;MortensenandBar-
rett 1995;Blake andIsard1998]. Whenplacedat keyframes,the
curvescan thenbe interpolatedor tracked over time so as to ad-
hereto foregroundcontours[Mitsunagaetal.1995;BlakeandIsard
1998].Trackedresultstendto requirelesseditingthaninterpolated
results,but they oftenstill requireframe-by-framehandadjustment
in orderto pull ahigh-qualitymatte.In addition,post-processingis
neededto convert thecontourinto opacitypro�les usingeitherad
hoc featheringor smoothnessassumptionsaboutthe background
andforeground.
Oneof themostsigni�cant limitationsof rotoscopingis its inabil-
ity to work in regionswherethe matteis complex andnot easily
tracked over time with curves,e.g.,aroundwispsof hair. By con-
trast, recentadvancesin still imagematting,especiallyBayesian
matting [Chuang et al. 2001], have proven quite successfulin
pulling mattesin suchdif�cult areas.Bayesianmattingbeginswith
a user-suppliedtrimap, i.e., a segmentationof thesceneinto three
regions:“de�nitely foreground,” “de�nitely background,” and“un-
known” (Figure 3). By collecting nearby foreground and back-
groundstatistics,theopacity, aswell asforegroundandbackground
colors,canbeestimatedat eachpixel in theunknown region. The
dif�culty in usingthis techniquefor videomatting,however, is the
needfor theuserto createa trimapateachframe.
In thispaperwedescribeavideomattingapproachthatbuildsupon
theBayesianmattingmethodandleadsto a new kind of rotoscop-
ing tool. Theapproachemploys computervision algorithmsto in-
corporateas much information from other framesas possible.In
particular, we leverageoptical �o w techniquesto �o w trimapsbe-
tweenhand-drawn trimap keyframes,thus reducinguserinvolve-
ment. Further, when the backgroundcan be estimatedwith mo-
saickingtechniques,we improve both the trimapandthematteby
borrowing thebackgroundcolorsfrom thenearestframein which
thosecolorsareknown to beuncontaminatedby theforeground.
Our algorithm for �o wing the trimaps basedon optical �o w is
novel. However, the primary contribution of this paperis �nding
andadaptingagoodsetof existingalgorithmsanddevisinganover-
all framework for applyingthemtogether. Usingourframeworkand
amodestamountof userinteraction,wedemonstratedetailedmatte
extractionsfor actorswith complex silhouettes�lmed againstnat-
ural backgroundsby bothstationaryandmoving cameras.In addi-
tion, we demonstratea simpleextensionthat allows matteextrac-
tion of foregroundsmoke.



The remainderof the paperis organizedasfollows. First, we dis-
cussthe existing techniqueswe build upon (Section2) and then
describeour video mattingalgorithm(Section3). Next, we show
resultsof applyingourmattingalgorithmto videofootagebothwith
andwithoutbackgroundestimation(Section4).Finally, wesumma-
rize the work anddescribea numberof future researchdirections
(Section5).

2 Backgr ound

In this section,we describethe threemain componentsof prior
work thatweusein building ourvideomattingalgorithm:Bayesian
matting,optical �o w, andbackgroundestimation.In eachcase,we
discussrelatedwork andtheparticularmethodwehaveselected.

2.1 Bayesian matting

Recently, severaltechniqueshave emergedto solve thenatural im-
agemattingproblem,i.e.,extractingamattefrom astill imageof a
foregroundobjectin front of a naturalbackground.More formally,
giventhecompositingequationatapixel [PorterandDuff 1984],

C = � F + (1 � � )B ; (1)

computetheforegroundcolor F , backgroundcolor B , andopacity
(a.k.a.,alpha) � thatyieldstheobservedcolorC. Clearly, thisprob-
lem is underconstrained(3 knowns and7 unknowns).To simplify
matters,the latesttechniquesrequirethe userto specifya trimap.
The matteis thenextractedonly in the unknown region usingthe
nearbybackgroundandforegroundcolorsto constraintheproblem.
Corel's Knockout packageappearsto do this by computing
weightedsumsof foregroundandbackgroundpixels that abut the
unknown region, followed by a simpleprojectionstepto estimate
alpha,asdescribedin patents(e.g.,[Bermanet al. 2000]).Ruzon
andTomasi[2000] introduceda statisticalmethodthatpartionsthe
unknown bandinto regionsandbuildsmulti-modalforegroundand
backgrounddistributionswithin theseregions.Thesedistributions
are �rst interpolatedto estimatealphas,and then the meanfore-
groundandbackgroundcolorsareperturbeduntil they satisfythe
compositingequation.
More recently, Hillman et al. [2001] and Chuanget al. [2001]
improved on Ruzon and Tomasi's technique.Hillman et al. use
principalcomponentanalysis(PCA) to estimatetheoptimalalpha,
foregroundand backgroundsimultaneously, while Chuanget al.
usea Bayesianapproach.In this paper, we adoptthe techniqueof
Chuangetal. whichappearsto yield thebestmattes.
Given an observation C for a pixel, the algorithm tries to �nd
the most likely valuesfor � , F and B . Using Bayes's rule, we
canexpressthe problemas the maximizationover a sumof log-
likelihoods:

arg max
F ;B ;�

L (F; B ; � jC)

= arg max
F ;B ;�

L (CjF; B ; � ) + L (F ) + L (B ) + L (� ) (2)

whereL (�) is thelog-likelihoodfunction,i.e.,thelog of probability
L (�) = log[P (�)], andthe L (C) term is dropped,becauseit is a
constantwith respectto theoptimizationparameters.
The algorithmproceedsby growing, contourby contour, into the
unknown region, headinginward both from the foreground the
backgroundborders.At eachunknown pixel, a circular region en-
compassesa set of trimap foregroundand backgroundpixels, as
well asany foregroundandbackgroundvaluespreviouslycomputed
nearbyin the unknown region. The foregroundsamplesare then
separatedinto clusters,andweightedmeanandcovariancematrices
areusedto derive Gaussiandistributionsthat describeP(F ). The
sameis donefor thebackgroundcolors.Given thesedistributions,

theBayesianmattingapproachsolvesfor themaximum-likelihood
foreground,background,andalphaat theunknown pixel.
Hillman et al. [2001] have additionallyappliedtheir alphamatting
approachto moving imagesequences.They matchalow-resolution
versionof thecurrentimageto thepreviousimageandclassifyeach
pixel asforegroundor backgroundif the correspondingpixels are
mostlyof thesameforeground/backgroundclass.Undecidedpixels
areclassi�edby searchingfor correspondingedgesin theprevious
frameandusingtheir foregroundandbackgroundcolor statistics.
Unfortunately, it is hardto gaugethequalityof theirapproachsince
only threestaticframesfrom asimplesequencearepresented.

2.2 Optical �o w

Optical �o w algorithmscan be usedto estimatethe inter-frame
motion at eachpixel in a video sequence.Given two neighboring
frames,Ci andCi +1 , wecanthink of eachpixel x in Ci +1 ascom-
ing from ashiftedlocationx + u in Ci :

Ci +1 (x ) = Ci (x + u) (3)

whereu describesthe“velocity” of thepixel andis itself aspatially
varyingfunctionover theimage.We referto u(x ) asthe�ow �eld
betweentwo frames.
Over theyears,researchershavedevelopedanumberof techniques
for estimatingthe�o w �eld, many of whicharecomparedandsum-
marizedbyBarronetal. [1994].Twoassumptionscommontomany
of thesetechniquesare that the color of a sourceanddestination
pixel shouldbesimilar, andthatthe�o w �eld shouldexhibit some
amountof spatialcoherence.Thus, the problembecomesone of
optimizinga dataterm(color similarity) plusa regularizationterm
(smooth�o w).
One of the better-performing optical �o w techniquesis due to
Black and Anandan[1996]. In addition to estimatingregularized
�o w, their techniqueemploys robuststatisticsto avoid largeerrors
causedby outliersandto allow for discontinuitiesin the�o w �eld.
Their methodhandleslarge motionsusinga multi-scaleapproach
to �o w estimation.In our videomattingprocess,we have incorpo-
ratedBlack's optical �o w algorithm,for which an implementation
is availableon theauthor'sWebpage.
In orderto useoptical �o w to its fullest advantage,we make two
importantobservations.The �rst observationariseswhenwe con-
siderdisocclusionsin an imagesequence,i.e., whena featurenot
presentin oneframeappearsin thenext frame.Optical�o w breaks
down herebecauseit cannot�nd sourcepixels that “explain” the
new feature.However, if we view this sameevent when running
throughthe framesin the reversedirection,the event becomesan
occlusion, andoptical �o w doesnot have a problem.This insight
hasalsobeennotedandusedin the imagecoding literature[Sun
etal. 2000].We'll referto it as“Observation1.”
Thesecondobservationis thatoptical�o w tendsto performpoorly
at the boundariesbetweenforegroundandbackgroundlayersthat
have distinct motions,yet are blendedtogether. As notedabove,
Black's algorithmdoesallow for discontinuitiesin the �o w �eld.
However, wehave foundthatthisallowancedoesnotalwayswork,
particularly for complex silhouettes.This secondinsight will be
called“Observation2.”
Laterin thepaper(Section3.2),weusetheseobservationsto decide
how to �o w informationthroughthespatiotemporalvideovolume.

2.3 Backgr ound estimation

Clean plate techniquesare straightforward when the camerais
lockeddown or whenit is attachedto amotioncontrolrig thatper-
mits reproducingcameramotionbothwith andwithout theactors.
In somecases,however, apartialcleanplatecanbeassembledfrom
nearbyvideoframes,if thebackgroundmotioncanbereliably es-
timatedfrom frame to frame.Suchimage mosaicking techniques



have recentlybeenusedin MPEG-4 video coding to compactly
transmitastaticportionof thesceneviewedfrom apanningcamera
[Leeetal. 1997].Onceaconservativeforegroundmask(sometimes
calleda garbage matte) hasbeenspeci�ed, througheithermanual
[Lee et al. 1997] or automated[WangandAdelson1994] means,
the remainingbackgroundfragmentscanbe assembledusingper-
spective imagemappingsto form acompositemosaic[Szeliskiand
Shum1997],whichcanthenbereprojectedinto eachoriginalframe
to form a dynamiccleanplate.While theseprevious approaches
have beensuccessfullyappliedin imagecodingandsurveillance,
they havenotbeenusedto obtainpixel-accuratealphamattes.

In thispaper, werequireuserinputto establishagarbagematte,and
we adoptthe mosaickingmethodof SzeliskiandShum[1997] to
computeframe-to-frameregistration.Thismethodworksunderthe
assumptionthatthebackgroundundergoesonly planar-perspective
transformation.This assumptionis equivalentto requiringthat the
backgroundbeplanaror, lessrestrictively, thatthecamera'soptical
centertranslatea negligible amountrelative to the distanceto the
backgroundbetweenframesbeingregistered.

3 Video matting

Our approachto video mattingcombinestheseearlier techniques
with a modestamountof userinteraction.Figure1 illustratesthe
�o w of userinteraction,data,andcomputation,which we summa-
rizehere.

Wherepossible,abackgroundplateB canappreciablyimprovethe
quality of the mattesobtained.To aid this process,the userdraws
a set of garbagemattesG that conservatively eliminatethe fore-
groundand enablebackgroundestimation.Next, the userdraws
trimapsat selectedkeyframes.ThesekeyframetrimapsK canbe
fairly crude,asshown in Figure3, andthuscanbedrawn quickly.
In particular, theuserdrawsa thick boundarythatencompassesthe
regionswherealphasneedto be estimatedandalsopartitionsthe
imageinto foregroundandbackground.To distinguishthetwo, the
userselectswhich partition or partitionsare to be �ood-�lled as
foreground,and the remainderis �ood-�lled as background.The
choiceof keyframesis somethingthe useradaptsto with experi-
ence;for example,keyframesarehelpful in areaswherethetopol-
ogyof theforegroundlayerchanges.

Oncetheinitial setof trimapsis speci�ed,thelabelingsarepassed
throughthevolumeusingoptical�o w, resultingin trimapsT atev-
ery frame.The�o w of informationconsiderswhereoptical �o w is
likely to succeedand whereit might fail. In order to narrow the
bandsof uncertaintyin the trimapsas they �o w throughthe vol-
ume,they areconvertedto alphamattes� by theBayesianmatting
processat eachstepof the processand then convertedback into
trimaps.If backgroundinformation is available, the �o w process
canbe improved usingbetteralphamattes(andthustrimaps)and
by usinga form of differencemattingthat improvesthetrimapsin
regionswhere�o w fails.

Finally, if thematteis not satisfactory, theusercanselecta frame
andedit thetrimapwith asimplepaintingtool. In practice,wepro-
vide an imageof the alphamatteto edit, as this tendsto expose
thestructureof the imagemorethanthetrimap,but we permit the
userto paintalphasof only 0 or 1. Theeditedalphamatteis then
convertedto atrimapandbecomesanew keyframe.Wethenre-run
thetrimapinterpolationmethodto make maximumuseof thenew
information.

Theoutputof thesystemis theestimatedforegroundF , estimated
backgroundB̂ , andalpha� for every frame.Notethat,evenwhen
the backgroundis available,the estimatedbackgroundcolor may
beslightly differentin orderto satisfythemaximum-likelihoodcri-
terionin Bayesianmatting.

In the remainderof this section,we discussin greaterdetail the
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Figure 1 Videomatting�ow chart. Theprimary computationalblocksof our
processare the background estimation,trimap interpolation,and Bayesian
mattingcomponents.Each block receivesthe original image sequenceC as
input.For backgroundestimation,theuseralsoprovidesa garbagematteG to
removetheforeground;then,a backgroundB is estimatedandusedin trimap
�ow andmatting. To obtaina videomatte, theuserprovideskeyframetrimaps
K , which are then convertedto alpha mattes� and passedto the trimap
interpolator. The interpolatedtrimapsT are re�ned throughalpha matting
at each step.Oncethetrimapsare complete, theBayesianmattingalgorithm
generatesanestimatedforegroundF , backgroundB̂ , and� for all frames.

fundamentalcomputationalblocks:backgroundestimation,trimap
interpolation,andalphaestimation.We concludeby describinga
simpleextensionfor extractinga smoky foregroundlayer from a
known background.

3.1 Backgr ound estimation

Beforebeginning backgroundestimation,a garbagematteis nec-
essaryto maskout, in a conservative manner, all pixels that could
possiblycontainforegroundcontributions.While automaticmeth-
odshavebeenpublishedfor estimatingagarbagematte,andindeed
we have tried usingthekeyframetrimapsto assistin this process,
they do not alwayswork. Making errorsin the backgroundplate
canseriouslydegradethequality of thealphamatte.Thus,we fol-
low the approachcommonlyusedin the �lm industry:we require
the userto provide the garbagemattes.For our system,the user
mustdraw a rectangleat a handfulof keyframes.Theserectangles
areautomaticallyinterpolatedover all the frames,andcanthenbe
adjustedimmediatelyby the user to obtain conservative garbage
mattes.For a sequenceof 100 frames,it took about5 minutesto
specifygarbagemattes.
Giventhegarbagemattes,we follow theregistrationprocedurede-
scribedin Section2.3. However, insteadof constructinga single
clean plate, we �ll in the missing parts of eachframe with the
color from thetemporallynearestframethatcontainsabackground
color for that pixel. In practice,we �nd that copying pixels from
nearbykeyframeshastheadvantageof reducingerrorsdueto small
amountsof parallaxor gradualtemporalvariationsthat may arise
with illuminationchanges,motionblur, anddefocus.

3.2 Trimap interpolation

To pull acompletevideomatte,werequireatrimapfor eachframe.
Constructingthetrimapsmanuallyis tediousandtime-consuming;
on the otherhand,a fully automaticapproachis unlikely to suc-
ceedin giving high-�delity mattes.Thus, we have developeda
semi-automaticsystemthat calculatestrimapsfor every frameus-
ing hand-drawn trimapsfor selectedkeyframes.
To take advantageof spatiotemporalcoherencewithin the video
volume,we employ optical �o w. The�o w �eld actsasa guidefor
passingtrimap labelingsthroughthe volumebetweenkeyframes.
In principle,wecouldsimplystartfrom the�rst keyframeand�o w
its trimapforwardin time.Observation1, however, tellsusthatdis-
occlusionswill causeerrorsin �o w thatcanfrequentlyberesolved
by viewing �o w in theoppositedirection.Thesolutionis clear:run
�o w in both directionsÐ forward from onekeyframeandback-



wardfrom thenext Ð andcombinetheobservationsaccordingto a
measureof per-pixel accuracy for eachprospective �o w.
In the following sectionswe describehow we measurethe accu-
racy of optical�o w andthenpresentouralgorithmfor runningand
combiningbi-directional�o w.

3.2.1 Accurac y of optical �o w

In this section,we devise a methodfor determiningthe accuracy
of optical �o w basedon the observationsin Section2.2. This ac-
curacy test is built on precomputederror maps,i.e., the per-pixel
predictionerrorsfrom one frame to another. To createa forward
error mapE f

i for a �o w from framei � 1 to i , we �rst compute
theimagepredictedby �o w, Ci (x � u), bilinearly resampledonto
the pixel grid. At eachpixel of this warpedimage,we cancom-
pute the differencebetweenthe predictedcolor and the observed
color as the L 2 distancebetweenthe pixels in RGB color space,
E f

i = jjCi (x ) � Ci (x � u)jj . A similarly computedbackward
errormapE b

i measurestheaccuracy of �o w from framei + 1 to i .
After computingerror mapsfor eachframe in both directionsof
optical �o w, we combinetheseto createtwo setsof accumulated
error maps. Sincewe arepropagatingtrimapvaluesfrom thenear-
estkeyframes,it is not enoughto know theerror for singleframes
of optical �o w. Instead,we needthe accumulatederror in optical
�o w in bothdirectionsfrom thenearestkeyframes.If framei is a
keyframe,the forward accumulatederror mapA f

i +1 is simply set
to E f

i +1 . To computeA f
i +2 , we �rst warp the valuesof A f

i +1 for-
wardin time usingthecalculated�o w. Then,we setA f

i +2 equalto
this warpedaccumulatederrormapplusE f

i +2 . This setof calcula-
tionsis performedfrom eachkeyframeforwarduntil thefollowing
keyframeis reached.ThebackwardaccumulatederrormapsA b

i are
computedsimilarly. Thus,ata framej , theaccumulatederrormaps
A f

j andAb
j give usa measureat eachpixel of theaccuracy of �o w

estimationfrom thepreviousandfollowing keyframes.

3.2.2 Combining forwar d and backwar d �o w

Onceoptical�o w andtheerrormapshavebeencalculated,we�o w
the trimapsforward in time from thehand-drawn keyframes.That
is, a trimap is formed at frame i + 1 by warping the keyframe
trimap i usingthecalculatedforward �o w vectors.We addanad-
ditional validity bit for eachpixel of the �o wed trimapsthat indi-
cateswhetherthe calculatedtrimap value is trusted;this validity
bit Vi (x; y) is setto 0 if E f

i (x; y) is greaterthana certainthresh-
old (experimentallysetto 30). This bit indicateswhethera �o wed
trimap valueis to be trusted.Whencalculatingtrimap i + 2 from
trimapi + 1, thevalidity bitsarealsowarpedforwardandcombined
conjunctively. That is, if forward �o w vectorsindicatethat pixel
(x; y) in framei + 1 �o wsto (x0; y0) in framei + 2, thevalidity bit
at(x0; y0) in trimapi + 2 is setto Vi +1 (x; y)^ (E f

i +2 (x0; y0) < 30).
After calculatingeachwarpedtrimap,we improve it by performing
Bayesianalphaestimation.Untrustedpixelswhosevalidity bitsare
0 arelabelledas“unknown”: we arenot con�dent of the labelling
of thesepixelsanddo not want themcorruptingthecolor distribu-
tions.The resultof the alphaestimationis thresholded(within 10
of “de�nitely foreground”or “de�nitely background”)andusedto
improve thetrimap.If alphaestimationcon�rms thelabellingof an
untrustedpixel, thevalidity bit is setto 1. If apixel labelledas“un-
known” is identi�ed as“foreground”or “background”,the label is
changedaccordingly.
In the secondpass,we start from eachkeyframe and �o w back-
wardsin time. Now, however, we must combinethe trimap pre-
diction in the forward directionwith the trimap predictionin the
backwarddirection.This is madesimpleby theaccumulatederror
mapsthatwe calculatedearlier. First, thebackwardtrimappredic-
tion for frame i is calculatedusinga techniquesymmetricto the

forward trimap calculation.Then,at eachpixel, we usethe lesser
of A f

i andAb
i to selecta trimapvalue.In practice,we addanaddi-

tional penaltytermto this comparison;if the forward trimap label
is “unknown” we adda penaltyof 50 to A f

i , andlikewise for the
backward trimap.Our resultswereimproved by this penaltyterm
becauseof Observation2; “unknown” pixelsareneardepthdiscon-
tinuitiesandshouldbetrustedless.
If a backgroundplate is available, it is useful to incorporatethis
informationwhen�o w is invalid from bothdirections.In theevent
thattheforwardandbackwardvalidity bitsareboth0,wecanresort
to a simpleform of differencematting.In particular, we compute
the RGB L 2 distancebetweenthe observed color and the back-
groundcolorandapplyuserde�ned thresholdsto mapthedistance
to a trimapvalue.
Finally, during the secondpasseachcomputedtrimap is passed
throughalphaestimation,andthe resultsareusedto improve the
trimapasdescribedearlier.

3.3 Bayesian matting with backgr ound

When the backgroundis not available,we run the matting algo-
rithm on thevideoframesandtrimapsexactly asdescribedin Sec-
tion 2.1.Whenavailable,however, theestimatedbackgroundoffers
threedistinctadvantages.First,thedistributionof thebackgroundis
tighterandmoreaccurate.(However, dueto sensornoise,theback-
groundcolor is still not a point in color space,but is modeledby
a Gaussiandistribution with a smallstandarddeviation centeredat
theestimatedcolor.) Figure3 shows that theextractedalphamatte
is muchimprovedwith thehelpof thecleanplate.Second,we no
longerneedto computebackgroundstatisticsby samplingneigh-
borhoodsandcomputingmeansandcovariances,thusspeedingup
themattingprocess.Finally, theneighborhoodwindows no longer
have to be large enoughto spanthe unknown region and include
pixelsin theknown backgroundregion.Theselasttwo factorsyield
a factorof 10speedupin themattingprocess.

3.4 Smoke matting

We have alsodevelopeda simpleextensionfor extractingmattes
of �o wing, participatingmedia, such as smoke, given a known
background.Figure4 illustratesthe “smoke matting” processfor
a smokingactor. First, applying the video matting techniquede-
scribedin this sectionto just the actor, we pull his matteandre-
movehim from thescene.Wethencomputethedifferencebetween
thematted-outimageandthebackgroundimage,andall pixelsthat
are different by more than a threshold(5% in our example)are
selectedfor estimatingforegroundstatistics.By treatingthe color
of the smoke as a constantvalue that is simply compositedwith
a varying alphaover the background,we needonly discover that
foregroundcolor in orderto estimatethe matte.For eachselected
pixel, if it hasbeenmixedwith smoke, thenwe expectits color to
lie somewherealonga line in RGBcolor spacebetweenthepixel's
known backgroundcolor andthe foregroundsmoke color. By tak-
ing all of the selectedpixels,we canconstructa setof theselines
that,barringdegeneratecon�gurations,will roughlyintersectat the
foregroundsmoke color. Thus,we computean initial estimateof
theforegroundcolor astheleast-squaresnearestintersectionof all
the lines.We thenprojectthe approximateintersectionpoint onto
eachof the original lines andform a foregrounddistribution used
by Bayesianmatting.Thesmoke matteis calculatedat every pixel
in theimagewithout theactor, andthentheactorandsmokemattes
arecombined.

4 Results

We have appliedour new video-mattingalgorithmto a numberof
video sequences.The �nal resultsarebestviewed in video form,
but wepresentstills for severalinstructiveexamplesin thissection.



sequence frames initial keys editedkeys frames/sec
Amira (Fig 2) 91 10 2 15
Kim (Fig 3) 101 11 4 15
Smoke (Fig 4) 176 10 1 15
Baseball(video) 161 12 3 30
Jurassic(video) 96 11 1 30

Table1 Detailsfor the�ve testsequences.

Figure2 demonstratesthe importanceof usingbi-directionalopti-
cal �o w for computinginterpolatedtrimaps.For this example,no
backgroundestimationis performed.In �o wing from keyframe27
to 28, a disocclusionof the foregroundoccurs,causingerrorsin
theoptical �o w, which leadto “unknown” labelsin theseregions.
Flowing from 29 to 28 solves this problem,but introducessome
disocclusionin thebackground.Combiningthetwo �o wsusingthe
forward/backwardsweepdescribedin Section3.2givesa moreac-
curatetrimapandabettermatteandcomposite.
Figure3 illustratesthe utility of backgroundestimation.After the
userprovides the garbagematte,a backgroundsequenceis con-
structed.Thekeyframetrimap,combinedwith theinput image,can
be usedto createa matteusing the Bayesianmethodeven with-
out the background,but the mattecontainsa numberof errors,as
shown in thecompositeoverblue.Whenincludingthebackground,
but usingthemethodof RuzonandTomasi,themattealsoexhibits
artifacts.In fact,whenplaying this resultbackasa video, tempo-
ral �ashing artifactsarise,which arelikely dueto thestaticneigh-
borhoodsassembledindependentlyfor eachframe.Finally, using
theBayesianmethodcombinedwith thebackgroundyieldsamatte
that,while not perfect,is freeof many of theartifactsof theother
two methods,andcompositeswell overnovel backgrounds.
Figure4showsaresultof smokemattingandillustratesacomposite
over an editedbackground.In this case,we acquiredthe original
backgroundby lockingdown thecameraand�lming in theabsence
of theactor. Notethatwhile theresultingmatteis notperfectaround
the silhouetteof the actor, for the purposesof backgroundediting
in a particularregion, thematteis goodenough.If moreeditswere
required,theusercould focusthemonly in theregionsthatwould
becompositedover thebackgroundedits.
Both time of executionandtheamountof userinteractiondepend
heavily on the natureandresolutionof the sequence.Overall, our
systemcanbe divided into an unsupervisedpre-processingphase
andanonlinephase.For the640x480Kim sequence(Figure4),pre-
processingtook about80 secondsperframe;thecalculationof op-
tical �o w wasby far thelargestcomponentof this time.For theon-
line phase,drawing akeyframetrimapfor thissequencetookabout
2 minutesper trimap. Interpolatingthesetrimapstook 12 seconds
per frame,with alphaestimationasthe bottleneck.The interpola-
tion processis unsupervised,andtheusercandraw morekeyframes
in parallel.As mentionedin Section3, theusercanthenhand-edit
any errorsto form additionalkeyframes;this is quick andrequires
only acoupleminutesfor theentiresequence.
All of our algorithmsscalelinearly with pixels of resolution,but
other factorssuchas the areaof unknown regions in the trimaps
alsoaffect runningtime.Choosingthefrequency of keyframesalso
dependsonthesequence.Complicatedgeometrysuchaswispy hair
generallyrequiresa keyframeevery 10 frames.Sequencesof sim-
pler geometryrequirekeyframesevery 20–30frames.Careshould
be taken to addkeyframeswhenobjectsenteror leave the �eld of
view. Thenumberof keyframesrequiredfor eachsequence,along
with thenumberof additionalhand-editedkeyframesafterthe�rst
passof thealgorithmaregivenin Table1. Two sequenceslistedare
foundonly on theaccompanying video.

5 Conc lusion

In this paper, we have presenteda new processfor video matting
that is capableof pulling mattesof foregroundswith complex sil-

houettes�lmed in motion over naturalbackgrounds.Our primary
contribution is a framework that pulls togetherpiecesof existing
researchandcombinestheir strengthswhile working aroundtheir
weaknesses.Theresultis a new kind of rotoscopingapproachthat
�o ws trimap imagesegmentationsover time and enablesthe ex-
tractionof detailedmattesaroundcomplex foregroundsilhouettes.
In the process,we have introduceda novel methodfor combining
bi-directionaloptical �o w to interpolatetrimaps.Further, we have
introducedasimpleprocedurefor extractingmattesof participating
media�lmed againstaknown background.
In the future, we hopeto develop an optical �o w algorithm that
incorporatesthenotionof blended,complex foregroundandback-
groundlayers,thus improving �o w estimatesand allowing us to
accumulateforegroundandbackgroundcolor distributionstempo-
rally aswell asspatially. In addition,whenthe usereditsselected
trimaps,it shouldbe possibleto generatenew trimapsandmattes
morequickly, perhapsinteractively, by takingadvantageof the lo-
cality of theseedits.Ultimately, we would like to develop a com-
pletetool with anintegratedandpowerful userinterfacethatcould
betestedby andimprovedwith thehelpof rotoscopingartists.

Ackno wledgments

The authorswould like to thankDan GoldmanandactorsAmira
Fahoum,Kim BishopandAdamSkrine.Thanksto UniversalStu-
diosandAmblin Entertainmentfor permissionto usetheirmaterial.
This work wassupportedby NSF grantsCCR-987365andDMS-
9803226andby industrialgifts from Intel, MicrosoftandPixar.

References
BARRON, J. L., FLEET, D. J., AND BEAUCHEMIN, S. S. 1994. Performanceof

optical¯ow techniques.InternationalJournalof ComputerVision12, 1, 43–77.

BERMAN, A., DADOURIAN, A., AND VLAHOS, P., 2000.Methodfor removing from
animagethebackgroundsurroundingaselectedobject.U.S.Patent6,134,346.

BLACK , M. J., AND ANANDAN, P. 1996. The robust estimationof multiple mo-
tions: Parametricandpiecewise-smooth̄ ow ®elds. ComputerVision and Image
Understanding63, 1, 75–104.

BLAKE, A., AND ISARD, M. 1998.ActiveContours. SpringerVerlag,London.

CHUANG, Y.-Y., CURLESS, B., SALESIN, D., AND SZELISKI , R. 2001.A Bayesian
approachto digital matting.In Proceedingsof ComputerVisionandPatternRecog-
nition (CVPR2001), vol. II, 264– 271.

GLEICHER, M. 1995. Imagesnapping. In Proceedingsof ACM SIGGRAPH95,
183–190.

HILLMAN, P., HANNAH, J., AND RENSHAW, D. 2001. Alpha channelestimationin
high resolutionimagesandimagesequences.In Proceedingsof ComputerVision
andPatternRecognition (CVPR2001), vol. I, 1063–1068.

KELLY, D. 2000.Digital Composition. TheCoriolisGroup.

LEE, M.-C., ET AL . 1997. A layeredvideo objectcodingsystemusingspriteand
af®ne motionmodel. IEEE Transactionson CircuitsandSystemsfor VideoTech-
nology7, 1, 130–145.

M ITSUNAGA , T., YOKOYAMA , T., AND TOTSUKA , T. 1995. Autokey: Humanas-
sistedkey extraction. In Proceedingsof ACM SIGGRAPH95, 265–272.

MORTENSEN, E. N., AND BARRETT, W. A. 1995. Intelligent scissorsfor image
composition.In Proceedingsof ACM SIGGRAPH95, 191–198.

PORTER, T., AND DUFF, T. 1984.Compositingdigital images.In ComputerGraphics
(Proceedingsof ACM SIGGRAPH84), vol. 18,253–259.

RUZON, M. A., AND TOMASI , C. 2000. Alpha estimationin naturalimages. In
Proceedingsof ComputerVisionandPatternRecognition (CVPR2000), 18–25.

SMITH, A. R., AND BLINN, J. F. 1996.Bluescreenmatting.In Proceedingsof ACM
SIGGRAPH96, 259–268.

SUN, S., HAYNOR, D., AND K IM , Y. 2000. Motion estimationbasedon optical
¯ow with adaptivegradients.In Proceedingsof InternationalConferenceonImage
Processing(ICIP 2000), vol. I, 852–855.

SZELISKI , R., AND SHUM , H.-Y. 1997. Creatingfull view panoramicmosaicsand
environmentmaps.In Proceedingsof ACM SIGGRAPH97, 251–258.

WANG, J. Y. A., AND ADELSON, E. H. 1994. Representingmoving imageswith
layers.IEEETransactionson ImageProcessing3, 5, 625–638.



frame27 frame28 frame29 composite28

trimap27! 28 trimap28 trimap28 29 alpha28

Figure 2 Combiningbi-directional�ow. For frames27,28,and29 (shownabove)andthecurrenttrimapsfor frames27 and29 (neithershown),weestimatethe
trimap for frame28.Flowing thetrimap in theforward direction(27 ! 28) yieldsa trimapwith extra uncertaintydueto disocclusionastheactor's faceturnsto
theright. Thetrimappredictedby�owing backward (28  29) haslessuncertaintyin thoseregions,but suffers fromdisocclusionswherethebackgroundis newly
exposed.By combiningthe informationin both thesetrimaps,we cancomputetrimap 28 automatically, which is betterthaneitheronealone. Theright column
showsa compositeinto a new scene(top)usingthepulledmatte(bottom)basedon thecombinedtrimap.

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

Figure 3 Backgroundestimationin Bayesianmatting. On the far left are the keyframetrimap and estimatedbackgroundfor a singleframe. Using the original
image (a) andthetrimapwithoutthebackground,Bayesianmattingpullsa mattewith errors,asshownin a compositeoverblue(b). Includingthebackgroundbut
usinginsteadthemethodof RuzonandTomasigivesan improvedresult(c), but �aws in thematteare still visible. ApplyingtheBayesianmattingwith background
resultsin a higher-qualitymatteandcomposite(d).

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

Figure 4 Smoke matting. Theinput image (a) is part of a sequencefor which keyframetrimapsandtrimap �ow havebeencomputed,andfor which a background
plate is available. Using the alpha matteas a garbage matte, the foreground actor is removed (b). After applying the participating-mediamatting algorithm
describedin Section3.4, we obtain a mattefor the smoke, which is combinedwith the actor's matteto yield a completematte(c). We can thencompositethe
foregroundoveraneditedversionof thebackgroundasshownhere (d).


