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Figure1: Image mattingwith our approach. Fromleft to right: input image with complex background,user-speci�edstrokes
for maskingtheforegroundandbackground,visuallyplausibleresultachievedby our approach, compositeimage of the
extractedforegroundandmattewith anotherbackground.

Abstract
We proposean iterativeenergy minimizationframework for interactiveimage matting. Our approach is easyin
thesensethat it is fastandrequiresonly few user-speci�edstrokesfor markingthe foregroundandbackground.
Beginningwith theknownregion,wemodeltheunknownregionasa Markov RandomField (MRF)andformulate
its energy in each iteration as the combinationof one data term and one smoothnessterm. By automatically
adjustingtheweightsof bothtermsduring theiterations,the�r st-order continuousandfeature-preservingresult
is rapidly obtainedwith several iterations.Theenergy optimizationcan be further performedin selectedlocal
regionsfor re�ned results.We demonstratethat our energy-drivenschemecanbeextendedto videomatting, with
which thespatio-temporal smoothnessis faithfully preserved.We showthat theproposedapproach outperforms
previousmethodsin termsof boththequalityandperformancefor quitechallengingexamples.

1. Intr oduction

Given an imageI(z)(z = (x;y)) , the goal of matting is to
�nd anoptimallinearcombinationof a foregroundF(z) and
abackgroundB(z), togetherwith analphamaska[z] 2 [0;1],
sothat:

I (z) = a(z)F(z) + (1� a(z))B(z) (1)

Generally speaking,this problem is under-constrained
and can not be solved directly without prior knowledge.
Early methods[SB96] employ a constantlycoloredback-
groundto constraintheproblem,which is calledbluescreen
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matting. This techniqueyields effective results in some
extent, while prevents its applicationsfor natural images.
Thereafter, lots of approaches[RT00] [HHR01] [CCSS01]
[WFZ02] have beenproposedto improve matting quality
evenwithout a bluescreen.Most of them[BVD00] [RT00]
[HHR01] [CCSS01] try to exploit the dissimilarity of the
samplingsbetweentheforegroundandbackgroundin a sta-
tistical manner. This schemeworks well whenthe contrast
betweentheforegroundandbackgroundis adequatelylarge
to becaptured.However, for imageswith complicatedcolor
distribution or low contrast,it will probably lead to erro-
neoussolutionsdue to the mis-classi�cationof color sam-
ples.Meanwhile,pixel-wisecorrectionof the mattewould
bequitelaboriousandimpractical.

Ratherthan taking a probabilisticview of the problem,
onemay modelan imageasa mattegradient�eld andfor-
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(a) (b) (c) (d)

Figure 2: Our approach employsseveral user-speci�edstrokes(a) and obtainsthe result(b) in 10 minutes.TheKnockout 2
tool requiresmanuallycreatinga complicatedtrimap (c), which costs120minutes.It yieldstheresultshownin (d).

mulatethemattingassolvingavariationalmodel.Thezero-
or �rst- derivativesof theimagehaveprovento betheproper
choices[SJTS04]. This methodproducesgood resultsfor
imageswith smoothforegroundsandbackgrounds.For other
typesof images,it typically requiresa largeamountof user
interactionsto improve globalmattingresults.

Theaforementionedapproachesfall in a category of con-
tinuousoptimizationschemes.Generallythey rely onauser-
speci�ed trimapfor fair results.To constructanappropriate
trimap,a considerabledegreeof userinteractionsis needed.
Meanwhile, it is dif�cult to manually createan optimal
trimapfor complicatedimages.If oneimagecontainsalot of
holesor partialpixel coverage,theuserinteractionstendto
bevery large.As anexample,theconstructionof thetrimap
shown in Figure2 (c) costsabout120minutes.

Recently, Wang and his colleagues[WC05] proposeda
discreteoptimization approachto iteratively estimatethe
matte basedon a small sampleof foreground and back-
groundpixels marked by the user. It is the �rst work that
avoids trimapsandyieldsappealingresultsfor imageswith
simplecontents,suchasoneswith large portionsof semi-
transparentforeground. However, for complex imagesin
which therearemis-classi�cationof color samples,the re-
sultsarenot quitesatisfying.In addition,theobtainedmatte
tendsto be sharpdue to the discreteoptimizationscheme,
resultingin possiblelossof imagedetails.

Basedon the investigationof previous works,we under-
standthat till now thereis not a solutionthat cancompute
continuousalphamattewithout the assistanceof trimaps.
With anattemptto ful�ll visually plausiblemattingwith as
few aspossibleuserinteractions[JK05], we aretaking two
considerations.On onehand,we have to rely on thehuman
vision to coarselyclassify the foregroundandbackground.
On theotherhand,we needto fully exploit theproperchar-
acteristicof theimages.Both issuesareexpectedto becom-
binedseamlesslyunderanoptimizationframework.

In this paper, we proposea novel coarse-to-�nematting
algorithmwhich beginswith a setof user-speci�ed strokes.
Thecontributionsof thispaperimproveuponpreviousmeth-
ods in several aspects.First, we iteratively propagatethe
known resultsto therestregionsby solvinganenergy min-

imization problem.Basedon the assumptionthat the un-
known region is a Markov RandomField (MRF), we derive
anovel energy equationwhichconsiderstheeffectsfrom the
spatialsmoothnessandthesimilarity of color andmatte.As
a consequence,the �rst-order continuousresultsare fairly
achieved.Second,the in�uencesof both terms,namelythe
smoothnessanddataterms,aredynamicallyweighteddur-
ing the iterations.At the beginning, the smoothnessterm
takeslargeweightto make thesolutionevolve to thebound-
ary quickly. When getting close to the boundaryregions,
the data term is dominant and the matting exhibits the
anisotropicdiffusionbehavior. In thisway, notonly theglob-
ally smoothoptimizationis obtained,but also the detailed
featureson the imageedgesarepreserved.Third, we intro-
ducea novel local re�nement techniqueto manipulatethe
continuousenergy �eld in selectedlocal regions.Themodi-
�ed local regionscanbeseamlesslyintegratedinto the�nal
result.Lastly, ourapproachcanbedirectlyextendedto video
mattingby consideringan additionaltemporalsmoothness
term.

We call our approachEasyMatting becausefew userin-
teractionsare involved in the whole procedure(shown as
Figure1). Even for videomatting,only few strokesarere-
quiredto beassignedin few key frames.Meanwhile,theen-
ergy optimizationconvergesto thegloballyoptimalsolution
very quickly, yielding very few iterationtimes.In eachiter-
ation,the energy equationis reformulatedasa setof linear
equationsandcanbesolvedquickly.

After a brief review of previous works in the next sec-
tion, weelaboratetheconstructionof theenergy equationin
Section3. The iterative energy minimization framework is
introducedin Section4. Section5 describesthe local Easy
matting.We will extendour algorithmto video matting in
Section6. Section7 presentsthe experimentalresultsand
discussions.Finally, weconcludethewholepaper.

2. RelatedWorks

A vast literaturehasbeendevotedto the problemsof fore-
groundextractionandalpha-matting.Webrie�y review rep-
resentative interactivemattingtools.For thepurposeof clar-
ity, Figure2 and 3 comparethe effectswith our approach
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Figure 3: (a) Theinput image with user-speci�edstrokes.(b) Theuser-speci�edtrimap. (c) Theresultwith Bayesianmatting
basedonthestrokesin (a). (d)TheresultwithBayesianmattingbasedonthetrimapin (b). (e)TheresultwithBeliefPropagation
mattingbasedon thestrokesin (a). (f-h) Our resultafterone, two andthreeiterationsbasedon thestrokesin (a).

and the Knockout 2 tool, BayesianandBelief Propagation
mattingalgorithmsrespectively y.

Bayesianmatting algorithm [CCSS01] �rst clustersthe
color samplesof F(z) andB(z). Eachclusteris �tted with
an oriented Gaussiandistribution. The optimal a values
are then estimatedfor eachpair of foregroundand back-
ground pixels using maximum-likelihood criterion. When
thecolordistributionsof theforegroundandbackgroundare
suf�ciently well separatedand the unknown region is not
large, this algorithmyields goodmattes.Whereas,it is not
amenableto the imageswith complex scenes,where two
foregroundclustersarespatiallyproximalandmixed in the
color space.It also lacks the interactivity for re�ning the
mattingresults.

Knockout 2 [CC002] is a plug-in tool in the commer-
cial software Adobe Photoshop.Like Bayesianmatting, it
is driven by a user-de�ned trimap andsometimesleadsto
similar resultsas[CCSS01].

Poissonmatting[SJTS04] aimsto estimatethemattefrom
the mattegradient�eld by solving Poissonequationswith
theboundaryinformationfrom thetrimap.Poissonmatting
workswell basedon theassumptionthattheforegroundand
backgroundaresmooth.For complex foregroundandback-
groundpatterns,solelysolving theglobal Poissonequation
is erroneous.AlthoughlocalPoissonmattingtechniquescan
improvetheglobalmattingresults,it requiresmuchlaborfor
manualandlocal re�nements.

GrabCut approach[RKB04] relies on graph cut opti-

y All resultswith Belief Propagation algorithmwere kindly pro-
videdby theauthorsof [WC05].

mizationto extract foregroundsfrom images.Givena small
amountof user-de�nedboundingboxes,theapproacherodes
anddilatesthe extractedforegroundregion uniformly, fol-
lowedby theautomaticalcreationof anunknown region for
matting.Meanwhile,a bordermattingschemeis introduced
by assuminga strongparametricfunctionto thematte,lim-
iting its usagesto imageswith smoothobjectboundaries.

BeliefPropagationmatting[WC05] (denotedasBP mat-
ting) tacklesthe segmentationand matting problemsin a
uni�ed optimization framework basedon Belief Propaga-
tion algorithm.It generatesamattedirectly from afew user-
speci�ed strokes.However, this approachmakesuseof the
statisticalsamplingof known foregroundand background
colors, and is inherently intractablefor imageswherethe
foregroundandbackgroundexhibit very ambiguouscolors.
Anotherdisadvantageof it liesin its low computationperfor-
mance,owing to theslow convergenceof beliefpropagation.

Video matting can be regardedas an extensionof the
imagematting.Bayesianvideo matting [CAC� 02] follows
the sametechnicalway of Bayesianmattingandusesa bi-
directionaloptical �o w algorithmto interpolatethe trimaps
in key frames.Video cutouttechnique[WBC� 05] provides
an interactive meansto determinethe trimap neededfor
Bayesianmatting,and extendsthe bordermatting method
in [RKB04] to the3D videovolume.Li andhis colleagues
[LSS05] proposea practicalsystemfor videoobjectcutand
paste.They employ 3D graphcut andtracking-basedlocal
re�nementto obtaina binarysegmentationof thevideoob-
jects.In addition,thealgorithmadoptsthecoherentmatting
technique[SSY� 04] which usesthebinarysegmentationas
aprior to estimatethealphamatte.
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3. The Energy Equation

Matting is identical to an optimizationproblem:given the
mixed color C of eachpixel, it aimsto reconstructoptimal
valuesof the foregroundcolor F, the backgroundcolor B,
andthe alphavaluea. To �nd a continuoussolution,basi-
cally therearetwo apriori expectations.Ononehand,thees-
timatedcolorsshouldapproximatetheinput imageasclose
aspossible.On the otherhand,the estimatedalphavalues
shouldexhibit smoothtransitionbetweentheforegroundand
thebackground.

In our approach,we perform the matting in an iterative
energy optimizationframework. For eachiteration the un-
known region (denotedas W) is modelledas a MRF. The
MRF is representedby agraphstructure,of whicheachpixel
p is a nodeandconnectedto the nodesin its 4-connecting
neighborhoodN(p). During the iterations,the graphstruc-
ture is dynamicallyupdatedwith the decreasingof the un-
known region. We de�ne the energy consideringall afore-
mentionedconstraintsas:

E = å
p2 W

(Ed( p) + l Es( p)) (2)

Ed is the dataenergy which describeshow well the es-
timatedalphavaluea p, the foregroundFp andbackground
Bp �t with theactualcolorCp. Es is thesmoothnessenergy
which penalizesthe inconsistentmattechangesbetweenp
andits neighborhoodN(p). l is adynamicallyadjustingpa-
rameterwhich is usedto balancethe in�uencesof the data
andsmoothnessterms.We will elaborateit in Section3.3.

3.1. The Data Term

The dataterm is designedfor measuringthe differencebe-
tweentheobservedcolorC andthecolorpredictedby thees-
timatedF, B, anda. To computethemattefor p, weseekan
optimalestimationfor its foregroundandbackgroundcolors
in its local neighborhood.In practice,we chooseM nearest
pixels from the foregroundandbackgroundregionsrespec-
tively. Fromeachclassof samples,we furtherdetermineN
pixelsthathave themostsimilar valueto Cp, yielding:

Ed( p) =
1

N2

N

å
i= 1

N

å
j= 1

kCp � a pF i
p � (1� a p)B j

pk2=s2
p (3)

where F i
p and B j

p denotethe foreground and background
color samplesandCp is theactualcolor of p. Thedistance
betweencolorsis theEuclidiandistancein RGB space,de-
notedask � k. s2

p denotesthe distancevarianceamongCp

anda pF i
p + (1� a p)B j

p (i; j 2 (1;2; :::;N)).

In our implementation,M, N andthe initial a p aresetto
be20,5 and0.5separately.

3.2. The SmoothnessTerm

Wede�ne thesecondtermin Equation2 basedonthedegree
of differencesamongneighboringpixels:

Es( p) = å
q2 N(p)

(a p � aq)2=kCp � Cqk (4)

The quadraticfunction (a p � aq)2 is designedto ensure
the smoothnessof the resultingmatte.Not surprisingly, if
we simply computetheir sum å p2 Wjr aj2 within the un-
known region,it will leadto undesirableresultsatthebound-
aries.To preserve discontinuities,we modulatethesmooth-
nesstermby afunctionof thecolorgradient[AF04], namely,
j (r C) = 1=kCp � Cqk. Thus,thesmoothnesstermenforces
smoothnesson themattein low-contrastregionswhile pre-
servesdiscontinuitiesin high-contrastregions.

3.3. The Dynamic Weighting

Previous segmentationmethodsbasedon graphcut [BJ01,
RKB04, LSTS04, WBC� 05, LSS05] andbelief propagation
[WC05] do considerthe in�uences from multiple aspects
while take theweightasa �x edconstant.In contrast,we in-
troduceadynamicweightingschemebasedonthefollowing
observations:in mostcases,one imagehasself-connected
foregroundandbackground,suchasthe �gure of a human-
beingor an animal.The boundariesbetweenthemtend to
exhibit morehigh frequency thantheir interiors.The matte
is dif�cult to beextractedin theboundaries,which aretyp-
ically representedas trimapsin previous methods.Hence,
in thoseregionswherehigh color contrastexists, the data
term plays a more important role, and l shouldbe small
enoughto emphasizethe dataterm. Employing a small l
alsosuppressesthesmoothnessterm,preservingthediscon-
tinuities at the sametime. In the otherextremecasewhen
the underlyingregionsarefar away from the imageedges,
thematteshouldbeassmoothaspossiblefor visually plau-
sible results.Therefore,l shouldbe large enoughto guar-
anteethat theenergy is dominatedby thesmoothnessterm.
In the transitionbetweenthesetwo extremes,l shouldbe
setasa moderate-sizedvalue.Accordingly, we dynamically
determinetheweight l in eachiteration.With theprogress
of the iterations,l changesgraduallyfrom a largevalueto
a small value.This is in accordancewith the evolving pro-
cedurefrom theinteriorsto theboundariesof theknown re-
gions.In practice,l is de�ned as:

l = e� (k� b)3

(5)

wherek is theiterationcount,b is anadjustableconstant.
Normallyb is setto be3.4.In casethattheforegroundor the
backgroundis largelyunconnected,suchasthespiderimage
shown in Figure2, b is setto bea smallvaluesuchas0.5.

With the increasingof the iteration count, l decreases
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quickly. One straightforward pro�t from the dynamic
weightingschemeis thatweonly needseveraluser-speci�ed
strokes for marking the foreground and the background.
Usuallythesestrokesarefarawayfrom theboundaries.Dur-
ing the iterations,the strokeswill propagateto the bound-
aries very rapidly, typically after one or two iterations.
Hence,trimapsareno longernecessary(shown in Figure3).

4. Global EasyMatting

We now presentthe iterative energy optimizationalgorithm
basedon our dynamic weighting scheme.With the MRF
representationof the unknown regions, belief propagation
[WF01] or graphcutalgorithms[BVZ01] canbeadoptedto
�nd theoptimalmatte.However, for a256-level matte,these
algorithmsgenerallyrequiressolving256equationsfor each
pixel. To avoid expensive computations,we reformulatethe
proposedenergy equationto a setof linearequations,yield-
ing muchhigherperformancethansolvinga beliefpropaga-
tion or graphcutproblem.

We begin the iterative optimizationwith a set of user-
speci�ed strokes. As shown in Figure 4 (a), WF ;WB and
W are de�ned as de�nitely foreground, de�nitely back-
groundandunknown regionsrespectively. Let ¶W= f p 2
WF

�

WBjNp �

W6= ;g betheboundaryof W.

••

• F

• B

•

••

• F

• B

•

• M

M

(a) (b)

Figure4: (a) Globaleasymatting:WF , WB arestrokesof the
foregroundandbackground.¶Wdenotestheboundaryof the
unknownregion W. (b) Local easymatting: theuserselects
a local region WM interactively. ¶WM is theboundaryof the
unknownlocal region WM .

To recover the mattein W, we attemptto minimize the
following variationalproblemderivedfrom Equation2:

E = å
p2 W

(
1

N2

N

å
i= 1

N

å
j= 1

kCp � a pF i
p � (1� a p)B j

pk2=s2
p

+ l å
q2 N(p)

(a p � aq)2=kCp � Cqk )

(6)

with Dirichlet boundaryconditionaj¶W= a � j¶W. We de-
�ne:

a �
pj¶W=

�
1 p 2 WF
0 p 2 WB

(7)

Thematteis obtainedby solvingtheenergy equationwith
the boundaryconditions.We take the derivatives on both
sidesof Equation6 for a p, yielding:

E
0

= å
p2 W

(
2

N2 �
N

å
i= 1

N

å
j= 1

((Cp � Bi
p) � (B j

p � F i
p)

+ kB j
p � F i

pk2a p)=s2
p + 2l å

q2 N(p)

(a p � aq)=kCp � Cqk )

(8)

This equationcanbereformulatedto a setof linearequa-
tions,Ax = b. Existingnumericaliterative algorithmssuch
astheconjugategradientmethodarevery ef�cient to solve
theseequations.Not surprisingly, it is muchfasterthansolv-
ing a beliefpropagationor graphcutproblem.

We furtherdenoteW+
F = f p 2 Wja p � 0:99;Cp � Fpg. It

guaranteesthatthepixels in W+
F arein theforeground.Sim-

ilarly, we let W+
B = f p 2 Wja p � 0:01;Cp � Bpg. Inspired

by [WC05], we determinea pair of foregroundand back-
groundcolorsfrom theforegroundandbackgroundsamples
to minimizethe�tting error:

(Fp;Bp) = arg min
F i

p;B j
p

kCp � aF i
p � (1� a)B j

pk (9)

In summarize,theiterative energy optimizationtakesfol-
lowing steps:

1. Theuserdraws severalstrokes.
2. For eachnodein theMRF, sampleasetof foregroundand

backgroundcolors,andconstructtheenergy equationas
describedin Section3.

3. Reconstructthematteby solvingEquation8.
4. UpdateW+

F andW+
B andre�ne Fp andBp accordingto

Equation9 respectively.
5. Repeatsteps2 - 4 until bothW+

F andW+
B areempty.

6. End.

5. Local EasyMatting

In globalEasymatting,theenergy equationis basedonasta-
tistical samplingof the known foregroundandbackground
colors.Whenthesecolorsareambiguousandhave low con-
trast,global Easymatting will lead to undesirableresults.
In addition,very largeor small smoothnesstermwill result
in over-smoothor over-sharpmattes.We proposea simple
re�nementschemeto allow theuserto specifythe local re-
gions.

5.1. Local Energy Equation

As shown in Figure4 (b), thehandledregion becomesWM
andtheboundaryof thenew handledregionbecomes¶WM =
f p 2 WM jNp \ WM 6= ;g . Thevariationalproblemto bemin-
imizedin localmattingis givenby:
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E = å
p2 WM

(Ed( p) + l Es( p)) (10)

with Dirichlet boundaryconditionaj¶WM
= a � j¶WM

. The
localDirichlet boundaryconditiona � j¶WM

is de�ned as:

a �
pj¶WM

=

8
<

:

1 p 2 WF
0 p 2 WB

a p p 2 W
(11)

Normally, the selectedlocal regionsaresmall, allowing
Equation10to besolvedveryquickly. Meanwhile,dueto the
existing boundaryconditions,the local re�nement is seam-
lesslyintegratedwith theglobalmatteanddoesnot exhibit
visiblediscontinuity.

5.2. Local Operations

Weadditionallyprovidetwo kindsof operations,namely, the
smoothnessadjustmentandthelocalresampling.Theformer
directly works on the energy �eld to reducethe errorsof
over-smoothandover-sharpmattes.Thelatteroneis usedto
obtain the correctsamplinginformation.In both cases,the
usermanipulatesthe mattepatch-wise,thusgetsrid of the
laborof per-pixel correction.

Theinput image Ed � 10Es Ed � 10Es Ed � 10Es

Figure 5: When Ed � 10Es, correct matte is computed.
Whereas,Ed � 10Es or Ed � 10Es resultsin over-smooth
or over-sharpmatterespectively.

5.2.1. Local SmoothnessAdjustment

As statedearlier, theweight l greatlydeterminesthe in�u-
enceof thesmoothness.If Ed is muchsmallerthanl Es, the
mattetendsto beover-smooth.On thecontrary, whenEd is
muchlarger thanl Es, over-sharpmatteis likely to appear.
Figure5 shows theresultswith differentl .

In thesecases,the useris allowed to specify the region
with a simple brushingtool. The �rst column of Figure 6
illustratesthreeregionsselectedfrom threedifferentimages.
Theuserinteractively adjuststheweightl by a sliding tool.
It yieldsnew energy valuein theselectedregions:

E0= Ed + l 0Es (12)

Here,l 0 is a parameterto control the degreeof smooth-
ness.If it is setto belargerthan1.0,thisoperationincreases

Es, andthusenhancesthesmoothness.Ontheotherside,the
smoothnessis suppressed.Thesecondandthird columnsof
Figure 6 comparethe mattebeforeand after applying the
localsmoothnessadjustment.

Figure 6: The �r st columndepictsthreeuser-speci�ed re-
gions. The secondand third columnscompare the results
before andafter applyingthesmoothnessadjustment.

Figure 7: (a) Theselectedlocal region; (b) Theresultwith
globalmatting;(c) Theuserspeci�estheregionwith a brush
(shownas a blue rectangle)and selectsseveral samples
(shownasredcircles);(d) Theimprovedmattewith thelocal
resamplingscheme.

5.2.2. Local Resampling

In somelocalregions,thecolorsareverysimilarbetweenthe
foregroundandbackground,asshown in Figure7 (a). Ac-
cordingto Equation3, thelow colorcontrastmakesthedata
termquiteunstable,yieldingunpleasantresults(seeFigure7
(b)). Oneeffective solution is to chooseotherneighboring
pixels with distinctive colors.Theselectionsof pixels have
to resortto thehumanvision. In practice,we allow theuser
manuallyselectseveralsamples(seetheredregionsin Fig-
ure7 (c)). This local resamplingschemefacilitatesef�cient
energy construction,andsigni�cantly improvesthematting
result(seeFigure7 (d)).
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(a) (b)

(c) (d)

(e) (f) (g)

(h) (i) (j)

Figure 8: (a) The �r st frame; (b) Resultwith our approach on the �r st frame; (c) Theunknownregion and the foreground
seedscomputedwith theoptical �ow algorithmon thenext frame;(d) Automaticallygeneratedtrimap of thenext frame;(e-g)
Automaticallyextractedmattesand(h-j) foregroundobjectsin the10th,20thand30thframes.

6. Extensionto VideoMatting

Ourapproachcanalsobeextendedto videomattingby mod-
elling thevideosequenceasa Markov Chain,of whicheach
frameonly relatesto its precedingframe.We �rst compute
thematteon the�rst frameI0 by specifyinga setof strokes
(Figure 8 (a)). With the extractedmatteof the �rst frame
(Figure8 (b)), we sequentiallyperformmattingon thecon-
secutive frames.To automaticallydeterminethe unknown
region, of which eachpixel hasthesemi-transparentmatte,
we adopttheoptical �o w algorithm[Bou98] to estimatethe
inter-framemotion betweenIt and It+ 1. We regard the re-
sultantregion asthe unknown region of It+ 1 (the greenre-
gionof Figure8 (c)).Thenwedilateeachpixel of thisregion
aroundits neighborhoodby threepixelsto guaranteethatthe
unknown region is closed.In addition,we randomlyselect
15samplesin theforegroundregionof It and�nd theircoun-
terpartsin It+ 1 usingoptical�o w, yielding foregroundseeds
of It+ 1. This schemeworks well becauseonly one frame
is processedwith the optical �o w algorithm.Subsequently,
theseforegroundseedsarepropagatedto theboundaryof the
unknown regionusingtheseed-�lling algorithm.Theresults
togetherwith theunknown region constructan initial matte
estimationof It+ 1 (Figure8 (d)). This actsasa trimap for
subsequentmatting.

We constructan energy equationbasedon the extracted
informationof It andIt+ 1. BesidesEd andEs employed in
Equation2, we designanotherinter-framesmoothnessterm
Er for eachnodein It+ 1 to preserve the temporalsmooth-
nessbetweenarbitrarytwo adjacentframes.Er measuresthe
differencebetweenthealphavaluesof eachnodein theun-
known region of It+ 1 andits 4-connectingneighborhoodin
It (seeFigure9):

Er ( p) = å
q2 N(p)� It

(a p � aq)2=kCp � Cqk (13)

t t + 1

Ed
EsEr

Figure9: Theenergy constructionfor videomatting.

Thus, the variational problem derived from the energy
equationbecomes:

E = å
p2 W� It+ 1

(Ed( p) + l Es( p) + gEr ( p)) (14)

with Dirichlet boundarycondition aj¶W = a � j¶W. The
Dirichlet boundaryconditiona � j¶W is de�ned as:

a �
pj¶W=

8
<

:

1 p 2 WF � It+ 1
0 p 2 WB � It+ 1

a p p 2 It
(15)

Similar to our imagemattingalgorithm,minimizing the
energy also involves solving a set of linear equationsand
thusis very fast.In this way, we canautomaticallygenerate
goodmattesfor morethan30frames.Figure8 illustratesthe
mattingresultsof four selectedframeswith our approach.

7. Resultsand Discussions

We have implementedour approachwith Visual C++. All
experimentalresultswerecollectedin a PC equippedwith
P42.4GHZ CPUand512MBmemory.

We�rst comparedourresultswith thoseby Bayesianmat-
ting, Corel Knockout 2, andGlobal Poissonmatting for a
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list of quite challengingimagesshown in Figure10. These
imageswerespeci�cally selectedsothateitherthey contain
complex regions in which the foregroundand background
haveverysimilarcolorsor they havealargeportionof semi-
transparentregion. Overall our approachachievesmoreap-
pealingresultsthanothermethods.The Dog image(740�
620) shown in the �rst andsecondrows containscomplex
hair opacityin thebackgroundregion. GlobalPoissonmat-
ting approachdoesnot work well wheretheforegroundand
backgroundexhibit complicatedcolors. Bayesianmatting
andKnockout 2 tool show their weaknesswherethe fore-
groundandbackgroundcolorsareambiguous.Whereas,our
approachwithout local re�nementgeneratescomparablere-
sults.In the third andfourth rows, we show the resultsfor
thePeacockimage(600� 400)whichhasa largeamountof
holesand a large region representingthe semi-transparent
feather. Apparently, Global Poissonmatting leads to no-
ticeablylow quality. BayesianmattingandKnockout 2 ap-
proachesyield morevisual artifactsthanour approach.Ta-
ble 1 comparesthe performanceof all thesemethods.It is
worthy mentioningthat our approachandBP mattingem-
ploy only severalstrokeswhile othermethodsrequireawell-
de�ned trimap, and thusour approachoperateson a much
largerunknown region.

Figure Bayesian Knockout Poisson BP Ours
Dog 76.1 0.7 15.9 475 186.1
Peacock 88.9 0.9 27.5 480 141.3

Table 1: Time consumptionsin secondsof different ap-
proaches.

Figure11showsmoreresultsfor complex naturalimages.
BayesianmattingandKnockout 2 donotwork well because
they only considerthesamplingcolor information.Our ap-
proachwith local re�nement favors high quality matteex-
traction.To demonstratetheef�ciency of our approach,we
askthreevolunteersto try thewholeprocedurewith our ap-
proach,including global mattingand local re�nement.Ta-
ble2 lists thecorrespondingtime consumptions.

Figure ImageSize 1stUser 2ndUser 3rdUser
Girl 480� 310 5.8 6.4 5.7
Oldster 480� 640 4.8 5.1 4.1
Bird 600� 580 7.4 6.1 5.7
Child 400� 550 6.5 6.4 5.1

Table2: Timeconsumptionsin minuteswith our approach.

We also testedour video matting approachfor several
videosequences.Thepreliminaryexperimentsdemonstrate
thatourapproachcanautomaticallyestimategoodmattesfor
morethan30 framesby usingseveral strokesdrawn on the
�rst frame.For a long videosequence,we typically choose
key framesat 20-frameintervalsanddraw strokeson them.
But thesamplingratemayvary accordingto objectmotion.

For fastermoving or changingobjects,a higher sampling
ratemaybeused.Figure8 andour videodemonstrationde-
pict two examples.Both of them containabout75 frames
andcost9 minuteswith our approach.Becausewe employ
the accurateinformation from the precedingframe to es-
timate the matteof the next frame, the accumulatederror
causedby thepropagationto the3D videovolumeasdemon-
stratedin Bayesianvideo matting algorithm [CAC� 02], is
ef�ciently avoided.In addition,thesizeof theunknown re-
gion and the randomly selectedsamplesin the preceding
frameis adequatelysmallcomparedto thewholeimage,and
thusapplyingtheoptical �o w algorithmleadsto robustand
accurateresultsin our experiments.On the otherhand,ap-
plying Bayesianvideomattingto thesevideosequencesis a
little bit time-consumingbecauseautomaticallypropagating
awell-de�nedtrimapto consecutive framesis probablynon-
trivial andunstable.The reasonfor it is that this schemeis
highly dependenton theaccuracy of employedtrimapwhile
our approachloosensthis limitation. Furthermore,our ap-
proachpreservesthespatio-temporalcoherenceof thevideo
mattesbecausetheenergy equation(Equation14) takesthe
inter-framerelationshipsinto account.

8. Conclusionsand Futur eWork

In this paper, we have presenteda new matting approach,
which considersthe in�uences of the statisticalsampling
informationand the gradientsof color and matte.By iter-
atively optimizing an energy function, the matte is grad-
ually extractedwith the propagationof the user-speci�ed
foregroundandbackgroundregions.The dynamicweight-
ing schemecanautomaticallyachieve smoothmattein the
interiorsof theforegroundandbackgroundandpreserve the
detailedfeaturesin theedge.Oneattractivefeatureof ourap-
proachlies in that it doesnot requirea well-de�ned trimap,
but only a few user-speci�ed foregroundand background
strokes.Ourapproachis capableof producingimpressivere-
sultsfor many complex imageswhichareintractablefor pre-
vious methods.The employed energy equationis uniquely
de�ned for notonly theglobalmattingandlocal re�nement,
but alsofor videomattingthatpreservesspatio-temporalco-
herence.Dueto thesimpleuserinteractionmode,webelieve
thatour approachcanbeeasilyappliedfor many digital en-
tertainmentapplications.

Matting is inherentlyunder-constrainedandintrinsically
dif�cult. Thereare somelimitations to be addressed.One
problemis thattheunderlyingstructureof themattecannot
beeasilydistinguishedfrom noise,thebackgroundor fore-
groundwhentheforegroundandbackgroundcolorsarevery
similarorambiguous.How to combineall availableinforma-
tion,suchascolor, textureandshapeto obtainmoreaccurate
statisticmodelsis themaingoalof our futurework. In addi-
tion,asourvideomattingalgorithmis apreliminaryattempt,
we want to �nd bettersolutionto make it feasiblefor more
complicatedvideosequences.
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Input Trimap Bayesian Knockout 2

GlobalPoisson Strokes BP GlobalEasy

Input Trimap Bayesian Knockout 2

GlobalPoisson Strokes BP GlobalEasy

Figure10: Comparisonof our approach (withoutlocal re�nement)with previousmethods.
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