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Abstract

This paperdescribesa new framework for videomatting the pro-
cessof pulling a high-quality alphamatteand foregroundfrom a
video sequenceThe frameawvork builds upontechniquesn natural
imagematting,optical o w computationandbackgroundestima-
tion. Userinteractionis comprisedof garbagemattespeci cation
if backgrouncdestimatioris neededandhand-dravn keyframeseg-
mentationsnto “foreground; “background, and“unknown”. The
se@mentationscalledtrimaps areinterpolatedacrosghevideovol-
umeusingforward andbackward optical o w. Competingo w es-
timatesare combinedbasedon information aboutwhere ow is
likely to beaccurateA Bayesiarmattingtechniqueuseshe o wed
trimapsto yield high-qualitymattesof moving foregroundelements
with comple boundariesmed by amoving cameraA noveltech-
niguefor smole matteextractionis alsodemonstrated.

CR Categories: 1.3.3 [Computer Graphics]: Picture/ImageGeneration—Bitmap
and frameluffer operations;1.4.6 [Image Processingand Computer Vision]:
Segmentation—Pigl classi®cation

Keywords: Alphachannelplue-screematting,image-basecenderingjayerextrac-
tion, mattingandcompositingyvideoprocessing.

1 Introduction

Video mattingis a critical operationin commercialtelevision and
Im productiongiving a directorthe power to insertnew elements
seamlesslynto a sceneor to transportan actorinto a completely
new location. In the matting or matte extraction processa fore-
groundelementof arbitrary shapeis extracted,or pulled from a
backgroundmage.The matte extractedby this processdescribes
the opacity of the foreground elementat every pixel. Combined
with the foregroundcolor, the matteallows an artistto modify the
backgroundor to composite(i.e., transfer)the foregroundonto a
new background.Still-image matting a somavhat userintensive
processis useful for photo editing operations and several tech-
nigueshave beendemonstratedor this application.In this paper
we addresshemorechallengingproblemof videomatting pulling
a mattefrom a video sequencef a foregroundelementagainsta
natural background.The challengeis to achieve the quality cur
rently attainablewith recentlydevelopedstill-image mattingtech-
nigueswithout requiring the userto edit eachframe and without
introducingtemporalartifacts.

Themostcommonmethoddor pulling videomattesarebluescreen
matting, differencematting, and rotoscoping.In blue sceenmat-
ting, alsoknown aschromakeying, foregroundelementsare Imed

in front of a solid color background.Vlahos (as summarizedoy
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Smith and Blinn [1996]) pioneeredhis techniqueand developed
a numberof heuristicswith tunableparametergor extractingthe
mattefrom eachframe.This methodcanbe fairly effective but is
restrictedto tightly controlledstudioenvironments.

For naturalbackgroundsanalternatve approachs to begin with a
cleanplate i.e.,ashotof thescenawvithouttheactorgpresentandto

thensubtracthe cleanplatefrom the framescontainingthe actors.
Mappingthedifferencevaluesateachpixel to opacitiesyieldsadif-

ferencematte[Kelly 2000]. The mappingis userde ned andfails
wheretherearesimilaritiesin color betweerforegroundandback-
ground requiringadditionaluserinteractionto correctthe matte.

Thelastcommonlyusedproductionmattingtechniquds rotoscop-
ing. In this process,the userdrans an editable (e.g., B-spline)
cune aroundthe foregroundelementat eachframe or at selected
keyframes often with the help of animagesnappingtool thatad-
heresto high gradientareas[Gleicher 1995; Mortensenand Bar-
rett 1995; Blake and Isard 1998]. When placedat keyframes,the
curves canthen be interpolatedor tracked over time so asto ad-
hereto foregroundcontourgdMitsunagaetal. 1995;Blake andlsard
1998]. Trackedresultstendto requirelesseditingthaninterpolated
results but they oftenstill requireframe-by-frameéhandadjustment
in orderto pull a high-qualitymatte.In addition,post-processing
neededo corvert the contourinto opacitypro les usingeitherad
hoc featheringor smoothnessssumptionsaboutthe background
andforeground.

Oneof the mostsigni cant limitations of rotoscopings its inabil-
ity to work in regionswherethe matteis complex and not easily
tracked over time with curnes,e.g.,aroundwispsof hair. By con-
trast, recentadwancesin still image matting, especiallyBayesian
matting [Chuang et al. 2001], have proven quite successfulin
pulling mattesin suchdif cult areasBayesiammattingbeginswith
a usersuppliedtrimap, i.e., a segmentationof the sceneinto three
regions:“de nitely foreground, “de nitely background,and“un-
known” (Figure 3). By collecting nearbyforeground and back-
groundstatisticstheopacity aswell asforegroundandbackground
colors,canbe estimatedat eachpixel in the unknovn region. The
dif culty in usingthis techniquefor video matting,however, is the
needfor the userto createa trimapat eachframe.

In this papemwe describeavideomattingapproactthatbuilds upon
the Bayesiammattingmethodandleadsto a new kind of rotoscop-
ing tool. The approactemplagys computervision algorithmsto in-

corporateas much information from other framesas possible.In

particular we leverageoptical o w techniquego o w trimapsbe-
tweenhand-dravn trimap keyframes,thus reducinguserinvolve-
ment. Further when the backgroundcan be estimatedwith mo-
saickingtechniquesye improve both the trimap andthe matteby
borrowing the backgrounccolorsfrom the nearesframein which
thosecolorsareknown to be uncontaminatedly the foreground.

Our algorithm for o wing the trimaps basedon optical ow is
novel. However, the primary contriktution of this paperis nding

andadaptingagoodsetof existing algorithmsanddevisinganover
all framework for applyingthemtogetherUsingourframewvork and
amodestamountof userinteraction we demonstrateetailedmatte
extractionsfor actorswith complex silhouettesimed againstnat-
ural backgrounddy both stationaryandmoving camerasin addi-
tion, we demonstrate simple extensionthat allows matteextrac-
tion of foregroundsmole.



The remainderof the paperis organizedasfollows. First, we dis-

cussthe existing techniqueswe build upon (Section2) andthen
describeour video matting algorithm (Section3). Next, we shav

resultsof applyingour mattingalgorithmto videofootagebothwith

andwithoutbackgrounastimation(Sectiord). Finally, we summa-
rize the work and describea numberof future researchdirections
(Sectionb).

2 Background

In this section,we describethe three main componentsof prior

work thatwe usein building ourvideomattingalgorithm:Bayesian
matting,optical o w, andbackgroundestimationln eachcasewe

discusgelatedwork andthe particularmethodwe have selected.

2.1 Bayesian matting

Recently severaltechniqguedave emegedto solve the natural im-
age mattingproblem,i.e., extractinga mattefrom astill imageof a
foregroundobjectin front of a naturalbackgroundMore formally,
giventhe compositingequationat a pixel [PorterandDuff 1984],

C= F+(1 )B; (1)

computetheforegroundcolor F , backgroundtolor B, andopacity
(a.k.a.alphg) thatyieldstheobsenedcolorC. Clearly, thisprob-
lem is underconstraine(B knowns and 7 unknowvns). To simplify
matters the latesttechniquegequirethe userto specifya trimap.
The matteis thenextractedonly in the unknavn region usingthe
nearbybackgroundandforegroundcolorsto constrairthe problem.

Corel's Knockout packageappearsto do this by computing
weightedsumsof foregroundandbackgroundpixels that abut the

unknawn region, followed by a simple projectionstepto estimate
alpha,asdescribedn patents(e.g.,[Bermanet al. 2000]). Ruzon
andTomasi[2000] introduceda statisticaimethodthatpartionsthe

unknavn bandinto regionsandbuilds multi-modalforegroundand

backgroundlistributionswithin theseregions. Thesedistributions
are rst interpolatedto estimatealphas,and thenthe meanfore-

groundandbackgroundcolorsare perturbeduntil they satisfythe

compositingequation.

More recently Hillman et al. [2001] and Chuanget al. [2001]
improved on Ruzon and Tomasis technique.Hillman et al. use
principalcomponentinalysis(PCA) to estimatethe optimalalpha,
foreground and backgroundsimultaneouslywhile Chuanget al.
usea Bayesianapproachln this paper we adoptthe techniqueof
Chuangetal. which appeardo yield the bestmattes.

Given an obsenation C for a pixel, the algorithm tries to nd
the mostlikely valuesfor , F and B. Using Bayess rule, we
can expressthe problemas the maximizationover a sum of log-
likelihoods:

argFrr_Lax L(F;B; jC)
= argmax L(CjF;B; )+ L(F)+L(B)+L() (2

whereL () isthelog-likelihoodfunction,i.e.,thelog of probability
L() = log[P ()], andtheL(C) termis dropped,becausst is a
constanwith respecto the optimizationparameters.

The algorithm proceeddy growing, contourby contour into the
unknown region, headinginward both from the foreground the
backgroundborders At eachunknavn pixel, a circular region en-
compasses setof trimap foregroundand backgroundpixels, as
well asary foregroundandbackgroundraluespreviously computed
nearbyin the unknavn region. The foreground samplesare then
separatethto clustersandweightedmeanandcovariancematrices
areusedto derive Gaussiardistributionsthat describeP (F). The
sameis donefor the backgrouncdcolors.Given thesedistributions,

the Bayesiarmattingapproactsolvesfor the maximum-likelihood
foreground backgroundandalphaat the unknavn pixel.

Hillman etal. [2001] have additionallyappliedtheir alphamatting
approacho moving imagesequenced.hey matchalow-resolution
versionof thecurrentimageto thepreviousimageandclassifyeach
pixel asforegroundor backgroundf the correspondingixels are
mostly of the sameforeground/backgroundlass.Undecidedpixels
areclassi ed by searchingor correspondingdgesn the previous
frame and usingtheir foregroundand backgroundcolor statistics.
Unfortunatelyit is hardto gaugethe quality of theirapproactsince
only threestaticframesfrom a simplesequencarepresented.

2.2 Optical ow

Optical ow algorithmscan be usedto estimatethe inter-frame
motion at eachpixel in a video sequenceGiven two neighboring
framesCi andC;.1 , we canthink of eachpixel x in C;j+; ascom-
ing from a shiftedlocationx + u in C;:

Civ (x) = Ci(x + u) ®3)

whereu describeshe“velocity” of thepixel andis itself aspatially
varyingfunctionover theimage .We referto u(x) asthe ow eld
betweertwo frames.

Overtheyearsresearcherhave developeda numberof techniques
for estimatinghe ow eld, mary of whicharecomparedandsum-
marizedby Barronetal. [1994]. Two assumptionsommonrnto mary
of thesetechniquesare that the color of a sourceand destination
pixel shouldbe similar, andthatthe ow eld shouldexhibit some
amountof spatial coherenceThus, the problembecomesone of
optimizing a dataterm (color similarity) plusa regularizationterm
(smooth o w).

One of the betterperforming optical ow techniquesis due to
Black and Anandan[1996]. In additionto estimatingregularized
o w, their techniqueemplays robust statisticsto avoid large errors
causedy outliersandto allow for discontinuitiesn the ow eld.
Their methodhandleslarge motionsusing a multi-scaleapproach
to ow estimation.In our video mattingprocesswe have incorpo-
ratedBlack’s optical o w algorithm,for which animplementation
is availableontheauthors Webpage.

In orderto useoptical ow to its fullest advantage we make two
importantobsenations.The rst obsenation ariseswhenwe con-
siderdisocclusionsn animagesequencei.e., whena featurenot
presenin oneframeappearsn thenext frame.Optical o w breaks
down herebecausét cannot nd sourcepixels that “explain” the
new feature.However, if we view this sameevent whenrunning
throughthe framesin the reversedirection,the eventbecomesan
occlusion andoptical o w doesnot have a problem.This insight
hasalsobeennotedandusedin the imagecodingliterature[Sun
etal. 2000].We'll referto it as“Obsenationl”

Thesecondbsenationis thatoptical o w tendsto performpoorly
at the boundariedetweenforegroundand backgroundayersthat
have distinct motions, yet are blendedtogether As notedabove,
Black's algorithmdoesallow for discontinuitiesin the ow eld.
However, we have foundthatthis allowancedoesnot alwayswork,
particularly for complex silhouettes.This secondinsight will be
called“Obsenation2”

Laterin thepaper(Section3.2),we usetheseobsenationsto decide
how to o w informationthroughthe spatiotemporatideovolume.

2.3 Background estimation

Clean plate techniquesare straightforvard when the camerais
lockeddown or whenit is attachedo a motioncontrolrig thatper
mits reproducingcameramotion both with andwithout the actors.
In somecaseshowever, apartialcleanplatecanbeassemblefrom
nearbyvideo frames,if the backgroundnotion canbereliably es-
timatedfrom frameto frame. Suchimage mosai&ing techniques



have recentlybeenusedin MPEG-4 video coding to compactly
transmita staticportionof the sceneviewedfrom a panningcamera
[Leeetal. 1997].Onceaconserative foregroundmask(sometimes
calleda garbage matte hasbeenspeci ed, througheithermanual
[Lee etal. 1997] or automatedWangand Adelson1994] means,
the remainingbackgroundragmentscan be assembledising per
spectve imagemappinggo form acompositamosaic[Szeliskiand
Shum1997],which canthenbereprojectednto eachoriginalframe
to form a dynamicclean plate. While theseprevious approaches
have beensuccessfullyappliedin imagecoding and suneillance,
they have notbeenusedto obtainpixel-accuratalphamattes.

In this paperwe requireuserinputto establista garbagematte,and
we adoptthe mosaickingmethodof Szeliskiand Shum[1997] to
computeframe-to-frameegistration. This methodworksunderthe
assumptiorthatthe backgroundindegoesonly planarperspectie
transformationThis assumptions equivalentto requiringthatthe
backgroundeplanaror, lessrestrictively, thatthe cameras optical
centertranslatea neggligible amountrelative to the distanceto the
backgroundetweerframesbeingregistered.

3 Video matting

Our approachto video matting combinestheseearliertechniques
with a modestamountof userinteraction.Figure 1 illustratesthe
o w of userinteraction,data,andcomputationwhich we summa-
rize here.

WherepossibleabackgrounglateB canappreciablymprove the
quality of the mattesobtained.To aid this processthe userdrans
a setof garbagemattesG that conseratively eliminatethe fore-
ground and enablebackgroundestimation.Next, the userdrawns
trimapsat selecteckeyframes.ThesekeyframetrimapsK canbe
fairly crude,asshavn in Figure3, andthuscanbe dravn quickly.
In particular theuserdraws a thick boundarythatencompassese
regionswherealphasneedto be estimatedandalso partitionsthe
imageinto foregroundandbackgroundTo distinguishthe two, the
userselectswhich partition or partitionsareto be ood- lled as
foreground,andthe remainderis ood- lled asbackgroundThe
choiceof keyframesis somethingthe useradaptsto with experi-
ence;for example keyframesarehelpful in areasvherethetopol-
ogy of theforegroundlayerchanges.

Oncetheinitial setof trimapsis speci ed, thelabelingsarepassed
throughthe volumeusingoptical o w, resultingin trimapsT atev-
eryframe.The o w of informationconsidersvhereoptical ow is
likely to succeedand whereit might fail. In orderto narrov the
bandsof uncertaintyin the trimapsasthey o w throughthe vol-
ume,they arecorvertedto alphamattes by the Bayesiarmatting
processat eachstepof the processand then corvertedbackinto
trimaps.If backgroundnformationis available,the ow process
canbe improved using betteralphamattes(andthustrimaps)and
by usinga form of differencemattingthatimprovesthe trimapsin
regionswhere o w fails.

Finally, if the matteis not satishctory the usercanselecta frame
andeditthetrimapwith asimplepaintingtool. In practice we pro-
vide an imageof the alphamatteto edit, asthis tendsto expose
the structureof the imagemorethanthe trimap, but we permitthe
userto paintalphasof only 0 or 1. The editedalphamatteis then
corvertedto atrimapandbecomes new keyframe.We thenre-run
thetrimap interpolationmethodto make maximumuseof the new
information.

The outputof the systemis the estimatedoregroundF , estimated

backgroundﬁ, andalpha for every frame.Notethat,evenwhen
the backgrounds available, the estimatedbackgroundcolor may
beslightly differentin orderto satisfythe maximum-likelihoodcri-
terionin Bayesiarmatting.

In the remainderof this section,we discussin greaterdetail the
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Figure1 Videomatting ow chart. Theprimary computationablodks of our

processare the badground estimation,trimap interpolation, and Bayesian
mattingcomponentsEac blodk receiveshe original image sequence& as

input. For badgroundestimationtheuseralsoprovidesa garbage matteG to

remoetheforeground;then,a badkgroundB is estimatedandusedin trimap

ow andmatting To obtaina videomatte the userprovideskeyframetrimaps
K, which are then corvertedto alpha mattes and passedto the trimap

interpolator The interpolatedtrimaps T are re ned through alpha matting
at eadh step.Oncethe trimapsare completethe Bayesiamrmattingalgorithm

geneatesan estimatedoregroundF , backgroundB , and ~ for all frames.

fundamentatomputationablocks: backgroundestimation trimap
interpolation,and alphaestimation.We concludeby describinga
simple extensionfor extractinga smoky foregroundlayer from a
known background.

3.1 Background estimation

Before baginning backgroundestimation,a garbagematteis nec-
essaryto maskout, in a conserative manney all pixelsthat could
possiblycontainforegroundcontritutions. While automaticmeth-
odshave beenpublishedfor estimatingagarbagematte andindeed
we have tried usingthe keyframetrimapsto assistin this process,
they do not alwayswork. Making errorsin the backgroundplate
canseriouslydegradethe quality of the alphamatte.Thus,we fol-
low the approaclcommonlyusedin the Im industry:we require
the userto provide the garbagemattes.For our system,the user
mustdrawv arectangleat a handfulof keyframes.Theserectangles
areautomaticallyinterpolatedover all the frames,andcanthenbe
adjustedimmediatelyby the userto obtain conserative garbage
mattes.For a sequencef 100 frames,it took about5 minutesto
specifygarbagemattes.

Giventhe garbagematteswe follow theregistrationprocedurede-
scribedin Section2.3. However, insteadof constructinga single
cleanplate,we Il in the missing parts of eachframe with the
colorfrom thetemporallynearesframethatcontainsabackground
color for that pixel. In practice,we nd that copying pixels from

nearbykeyframeshastheadwantageof reducingerrorsdueto small

amountsof parallaxor gradualtemporalvariationsthat may arise
with illumination changesmotionblur, anddefocus.

3.2 Trimap interpolation

To pull acompletevideomatte,we requireatrimapfor eachframe.

Constructinghetrimapsmanuallyis tediousandtime-consuming;
on the other hand,a fully automaticapproachs unlikely to suc-

ceedin giving high- delity mattes.Thus, we have developeda

semi-automatisystemthat calculategrimapsfor every frameus-

ing hand-dravn trimapsfor selecteckeyframes.

To take advantageof spatiotemporatoherencewithin the video
volume,we employ optical ow. The ow eld actsasa guidefor
passingtrimap labelingsthroughthe volume betweenkeyframes.
In principle,we couldsimply startfrom the rst keyframeand o w
its trimapforwardin time. Obsenation1, however, tellsusthatdis-
occlusionswill causeerrorsin o w thatcanfrequentlyberesoled
by viewing o w in the oppositedirection.The solutionis clear:run
ow in both directionsb forward from one keyframe and back-



wardfrom thenext B andcombinetheobserationsaccordingo a
measuref perpixel accurayg for eachprospectie o w.

In the following sectionswe describehow we measurethe accu-
ragy of optical o w andthenpresenburalgorithmfor runningand
combiningbi-directional o w.

3.2.1 Accurac y of optical o w

In this section,we devise a methodfor determiningthe accurag

of optical o w basedon the obsenationsin Section2.2. This ac-
curag testis built on precomputecderror maps,i.e., the perpixel

predictionerrorsfrom one frameto another To createa forward
errormapEif for a ow from framei  1toi, we rst compute
theimagepredictedby ow, Ci(x u), bilinearly resamplednto
the pixel grid. At eachpixel of this warpedimage,we cancom-
pute the differencebetweenthe predictedcolor and the obsered
color asthe L, distancebetweenthe pixelsin RGB color space,
Eif = jjiCi(x) Ci(x wjj. A similarly computedbackward
errormapEP? measuresheaccurag of ow from framei + 1toi.

After computingerror mapsfor eachframein both directionsof
optical ow, we combinetheseto createtwo setsof accumulated
error maps Sincewe arepropagtingtrimapvaluesfrom the near
estkeyframes,it is not enoughto know the errorfor singleframes
of optical o w. Instead,we needthe accumulatecerrorin optical
o w in bothdirectionsfrom the neareskeyframes.If framei is a
keyframe, the forward accumulatederror mapAif+1 is simply set

to E[,, . TocomputeA!,, , we rst warpthevaluesof A!,; for-

wardin time usingthe calculatedo w. Then,we setAif+2 equalto

this warpedaccumulatearror mapplus E if+2 . This setof calcula-
tionsis performedfrom eachkeyframeforward until the following
keyframeis reachedThebackwardaccumulate@rrormapsAP are
computedsimilarly. Thus,ataframej , theaccumulate@rrormaps
Ajf andAjb give usa measurat eachpixel of theaccurag of ow
estimationfrom the previousandfollowing keyframes.

3.2.2 Combining forward and backward o w

Onceoptical o w andtheerrormapshave beencalculatedywe o w

the trimapsforwardin time from the hand-dravn keyframes.That
is, a trimap is formed at framei + 1 by warping the keyframe
trimapi usingthe calculatedforward o w vectors.We addan ad-
ditional validity bit for eachpixel of the o wed trimapsthatindi-

cateswhetherthe calculatedtrimap value is trusted;this validity

bit Vi (X; y) is setto O if Eif (x; y) is greaterthana certainthresh-
old (experimentallysetto 30). This bit indicateswhethera o wed
trimap valueis to be trusted.Whencalculatingtrimapi + 2 from

trimapi + 1, thevalidity bits arealsowarpedforwardandcombined
conjunctvely. Thatis, if forward ow vectorsindicatethat pixel

(x;y) inframei + 1 owsto (x%y% in framei + 2, thevalidity bit

at(x%y9) intrimapi + 2is setto Vi1 (x; y)* (E/,, (x%y% < 30).

After calculatingeachwarpedtrimap,weimproveit by performing
Bayesiaralphaestimation Untrustedpixelswhosevalidity bits are
0 arelabelledas“unknown”: we arenot con dent of the labelling
of thesepixels anddo not wantthemcorruptingthe color distribu-

tions. The resultof the alphaestimationis thresholdedwithin 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 labelis

changedaccordingly

In the secondpass,we startfrom eachkeyframeand ow back-
wardsin time. Now, howvever, we must combinethe trimap pre-
diction in the forward directionwith the trimap predictionin the
backward direction.This is madesimpleby the accumulatectrror
mapsthatwe calculatecearlier First, the backward trimap predic-
tion for framei is calculatedusing a techniquesymmetricto the

forward trimap calculation.Then, at eachpixel, we usethe lesser
of Aif andAP to selecta trimapvalue.In practice we addanaddi-
tional penaltytermto this comparisonif the forward trimap label
is “unknown” we adda penaltyof 50 to Aif , andlikewise for the
backward trimap. Our resultswereimproved by this penaltyterm
becausef Obsenation2; “unknown” pixelsareneardepthdiscon-
tinuitiesandshouldbetrustediess.

If a backgroundplateis available,it is usefulto incorporatethis
informationwhen o w is invalid from bothdirections.In theevent
thattheforwardandbackwardvalidity bits areboth0, we canresort
to a simpleform of differencematting.In particular we compute
the RGB L, distancebetweenthe obsered color and the back-
groundcolorandapply userde ned thresholdgo mapthedistance
to atrimapvalue.

Finally, during the secondpasseachcomputedtrimap is passed
throughalphaestimation,andthe resultsare usedto improve the
trimapasdescribecearlier

3.3 Bayesian matting with background

When the backgrounds not available, we run the matting algo-
rithm on thevideoframesandtrimapsexactly asdescribedn Sec-
tion 2.1.Whenavailable ,however, the estimatedackgroundffers
threedistinctadwvantageskirst, thedistribution of thebackgrounds
tighterandmoreaccurate(However, dueto sensomnoise theback-
groundcolor is still not a pointin color spacebut is modeledby
a Gaussiardistribution with a small standarddeviation centerecat
the estimatedtcolor) Figure3 shavs thatthe extractedalphamatte
is muchimproved with the help of the cleanplate.Secondwe no
longerneedto computebackgroundstatisticsby samplingneigh-
borhoodsandcomputingmeansandcovariancesthusspeedingip
the mattingprocessFinally, the neighborhoodvindows no longer
have to be large enoughto spanthe unknowvn region andinclude
pixelsin theknown backgroundegion. Thesdasttwo factorsyield
afactorof 10 speedupn the mattingprocess.

3.4 Smoke matting

We have also developeda simple extensionfor extracting mattes
of owing, participatingmedia, such as smole, given a known
backgroundFigure 4 illustratesthe “smoke matting” processfor
a smokingactor First, applying the video matting techniquede-
scribedin this sectionto just the actor we pull his matteandre-
move him from the sceneWe thencomputethe differencebetween
thematted-outmageandthe backgroundmage,andall pixelsthat
are different by more than a threshold(5% in our example) are
selectedor estimatingforegroundstatistics By treatingthe color
of the smole as a constantvalue that is simply compositedwith
a varying alphaover the backgroundwe needonly discover that
foregroundcolor in orderto estimatethe matte.For eachselected
pixel, if it hasbeenmixedwith smole, thenwe expectits color to
lie somavherealongaline in RGB color spacebetweerthe pixel's
known backgrounccolor andthe foregroundsmole color. By tak-
ing all of the selectedpixels, we canconstructa setof theselines
that,barringdegenerateon gurations,will roughlyintersecttthe
foregroundsmole color. Thus,we computean initial estimateof
the foregroundcolor asthe least-squaresearesintersectiorof all
the lines. We then projectthe approximatentersectionpoint onto
eachof the original lines andform a foregrounddistribution used
by Bayesianmatting. The smole matteis calculatedat every pixel
in theimagewithouttheactor andthentheactorandsmole mattes
arecombined.

4 Results

We have appliedour new video-mattingalgorithmto a numberof
video sequencesThe nal resultsarebestviewed in video form,
but we presenstills for severalinstructive examplesin this section.



sequence frames initial keys editedkeys frames/sec
Amira (Fig 2) 91 10 2 15
Kim (Fig 3) 101 11 4 15
Smole (Fig 4) 176 10 1 15
Baseballvideo) 161 12 3 30
Jurassidvideo) 96 11 1 30

Table1 Detailsfor the ve testsequences.

Figure2 demonstratethe importanceof usingbi-directionalopti-
cal ow for computinginterpolatedrrimaps.For this example,no
backgrouncdestimationis performedIn o wing from keyframe27
to 28, a disocclusionof the foreground occurs,causingerrorsin
the optical o w, which leadto “unknown” labelsin theseregions.
Flowing from 29 to 28 solves this problem,but introducessome
disocclusiorin thebackgroundCombiningthetwo o wsusingthe
forward/backvard sweepdescribedn Section3.2 givesamoreac-
curatetrimapanda bettermatteandcomposite.

Figure 3 illustratesthe utility of backgroundestimation After the

user provides the garbagematte,a backgroundsequences con-

structed Thekeyframetrimap,combinedwith theinputimage,can
be usedto createa matte using the Bayesianmethodeven with-

out the backgroundput the mattecontainsa numberof errors,as
shavn in thecompositeover blue.Whenincludingthe background,
but usingthe methodof RuzonandTomasi,the mattealsoexhibits

artifacts.In fact, whenplaying this resultbackasa video, tempo-
ral ashing artifactsarise,which arelikely dueto the staticneigh-
borhoodsassembledndependentlyfor eachframe. Finally, using
the Bayesiarmethodcombinedwith thebackgroundjieldsa matte
that, while not perfect,is free of mary of the artifactsof the other
two methodsandcompositesvell over novel backgrounds.

Figure4 shavs aresultof smole mattingandillustratesacomposite
over an editedbackgroundln this case ,we acquiredthe original
backgroundy lockingdown thecameraand Iming in theabsence
of theactor Notethatwhile theresultingmatteis notperfectaround
the silhouetteof the actor, for the purposef backgroundediting
in a particularregion, the matteis goodenoughIf moreeditswere
required the usercould focusthemonly in the regionsthatwould
be compositedver the backgrouncdedits.

Both time of executionandthe amountof userinteractiondepend
hearily on the natureandresolutionof the sequenceOverall, our
systemcanbe divided into an unsupervisegbre-processinghase
andanonlinephaseForthe640x480Kim sequencéFigure4), pre-
processingook about80 secondgperframe;the calculationof op-
tical o w wasby farthelargestcomponenbf thistime. For theon-
line phasedrawing a keyframetrimapfor this sequencéook about
2 minutesper trimap. Interpolatingthesetrimapstook 12 seconds
per frame, with alphaestimationasthe bottleneck.The interpola-
tion processs unsupervisedandtheusercandrav morekeyframes
in parallel.As mentionedn Section3, the usercanthenhand-edit
ary errorsto form additionalkeyframes;this is quick andrequires
only a coupleminutesfor theentiresequence.

All of our algorithmsscalelinearly with pixels of resolution,but
other factorssuchasthe areaof unknavn regionsin the trimaps
alsoaffectrunningtime. Choosinghefrequeny of keyframesalso
depend®nthesequenceComplicatedyeometrysuchaswispy hair
generallyrequiresa keyframe every 10 frames.Sequencesf sim-
pler geometryrequirekeyframesevery 20—30frames.Careshould
be takento addkeyframeswhenobjectsenteror leave the eld of
view. The numberof keyframesrequiredfor eachsequencealong
with the numberof additionalhand-editedkeyframesafterthe rst
passof thealgorithmaregivenin Tablel. Two sequencekstedare
foundonly ontheaccompaning video.

5 Conclusion

In this paper we have presentedh new procesgor video matting
thatis capableof pulling mattesof foregroundswith complex sil-

houettesimed in motion over naturalbackgroundsQur primary
contrikution is a framevork that pulls togetherpiecesof existing
researchand combinestheir strengthswhile working aroundtheir
weaknessed heresultis a new kind of rotoscopingapproactthat
0 ws trimap image segmentationsover time and enablesthe ex-
tractionof detailedmattesaroundcomplex foregroundsilhouettes.
In the processwe have introduceda novel methodfor combining
bi-directionaloptical o w to interpolatetrimaps.Further we have
introducedasimpleprocedurdor extractingmattesof participating
media Imed againstaknown background.

In the future, we hopeto develop an optical o w algorithm that
incorporateghe notion of blended complex foregroundandback-
groundlayers,thusimproving ow estimatesand allowing us to

accumulatdoregroundandbackgrounccolor distributionstempo-
rally aswell asspatially In addition,whenthe usereditsselected
trimaps, it shouldbe possibleto generatenewn trimapsand mattes
morequickly, perhapsnteractiely, by taking advantageof thelo-

cality of theseedits. Ultimately, we would like to develop a com-
pletetool with anintegratedandpowerful userinterfacethatcould

betestedby andimprovedwith the helpof rotoscopingartists.
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frame27 frame28 frame29 composite28

trimap7 28 trimaps trimaps 29 alpha28

Figure 2 Combiningbi-directional ow. For frames27, 28, and 29 (shownabove) andthe currenttrimapsfor frames27 and 29 (neithershown) we estimatethe
trimap for frame28. Flowing thetrimapin theforward direction(27 !  28) yieldsa trimap with extra uncertaintydueto disocclusiorastheactor's faceturnsto
theright. Thetrimap predictedby owing badkward (28  29) haslessuncertaintyin thoseregions,but sufers fromdisocclusionsvhere thebadgroundis nenly
exposed By combiningthe informationin both thesetrimaps,we can computetrimap 28 automatically which is betterthan eitheronealone Theright column
showsa compositénto a new scengtop) usingthe pulled matte(bottom)basedon the combinedrimap.

@ (b) (©) (d)

Figure 3 Badgroundestimationin Bayesianmatting On the far left are the keyframetrimap and estimatedbadgroundfor a singleframe Usingthe original
image (a) andthetrimap withoutthe badground,Bayesiammattingpulls a mattewith errors, asshownin a compositeover blue (b). Includingthe badgroundbut
usinginsteadthe methodof Ruzonand Tomasigivesan improvedresult(c), but aws in the matteare still visible Applyingthe Bayesiarmattingwith badground

resultsin a higherquality matteand composite(d).

(@) (b) (© (d)

Figure4 Smole matting Theinputimage (a) is part of a sequencéor which keyframetrimapsandtrimap ow havebeencomputedandfor which a badkground
plate is available Using the alpha matteas a garbage matte the foreground actor is remaved (b). After applying the participating-mediamatting algorithm
describedin Section3.4, we obtain a mattefor the smole, which is combinedwith the actor's matteto yield a completematte(c). We can thencompositethe

foregroundover an editedversion of thebadgroundas shownhere (d).



