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Figure 1: Image mattingwith our appmoadc. Fromleft to right: inputimage with comple badkground,userspeci edstrokes
for maskingtheforegroundandbadground,visually plausibleresultachievedby our approac, compositémage of the

extractedforegroundand mattewith anotherbadground.

Abstract

e proposean iterative enegy minimizationframevork for interactiveimage matting Our appoad is easyin
the sensehat it is fastandrequiresonly few userspeci ed strokesfor markingthe foregroundand badground.
Beaginningwith the knownregion, wemodelthe unknowrregion asa Markov Randontield (MRF) andformulate
its enegy in ead iteration as the combinationof one data term and one smoothnesserm. By automatically
adjustingthe weightsof bothtermsduring theiterations,the r st-order continuousand featue-preservingresult
is rapidly obtainedwith several iterations. The enegy optimizationcan be further performedin selectedocal
regionsfor re ned results. e demonstate that our enegy-drivenscdhemecan be extendedo videomatting with
which the spatio-tempaal smoothnesss faithfully preserved\We showthat the proposedappmoac outperforms
previousmethodsn termsof boththe quality and performancédor quitechallengingexamples.

1. Intr oduction

Given animagel(2(z= (x;y)), the goal of mattingis to
nd anoptimallinearcombinationof aforegroundF(z) and
abackground(2), togethemwith analphamaska[Z 2 [0; 1],
sothat:

(9=2a@F@@+ (1 a(2)B(2 @)

Generally speaking,this problem is underconstrained
and can not be solved directly without prior knowledge.
Early methods[SB96 emplg/ a constantlycolored back-
groundto constrainthe problem,whichis calledbluescreen
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matting. This techniqueyields effective resultsin some
extent, while preventsits applicationsfor naturalimages.
Thereafterlots of approache$RT00] [HHRO1] [CCSS0]

[WFZ02 have beenproposedto improve matting quality
evenwithout a blue screenMost of them[BVDO0Q] [RTOQ]

[HHRO1] [CCSSO01] try to exploit the dissimilarity of the
samplingsbetweerthe foregroundandbackgroundn a sta-
tistical manner This schemeworks well whenthe contrast
betweerthe foregroundandbackgrounds adequatelyarge
to be capturedHowever, for imageswith complicatedcolor
distribution or low contrast,it will probablyleadto erro-
neoussolutionsdueto the mis-classi cationof color sam-
ples.Meanwhile, pixel-wise correctionof the mattewould
be quitelaboriousandimpractical.

Ratherthan taking a probabilisticview of the problem,
onemay modelanimageasa mattegradient eld andfor-



Yu Guan& Wei Chen& XiaoLiang& Zi‘ang Ding & QunshendPeng/ EasyMatting - A Stroke BasedAppoad for Continuoudmage Matting

/// VA \\
\ \

@ (b)

(© (d)

Figure 2: Our appmoact employsseveral userspeci ed strokes (a) and obtainsthe result(b) in 10 minutes.The Knodout 2
tool requirrsmanuallycreatinga complicatedrimap (c), which costs120 minuteslt yieldstheresultshownin (d).

mulatethe mattingassolvingavariationalmodel.The zero-
or rst- derivativesof theimagehave provento betheproper
choices[SJTS04 This methodproducesgood resultsfor
imageswith smoothforegroundsandbackgrounds-or other
typesof imagesit typically requiresa large amountof user
interactiongo improve globalmattingresults.

Theaforementione@pproachesall in a category of con-
tinuousoptimizationschemesGenerallythey rely onauser
speci edtrimapfor fair results.To constructanappropriate
trimap,a considerablelegreeof userinteractionss needed.
Meanwhile, it is dif cult to manually createan optimal
trimapfor complicatedmages!f oneimagecontainsalot of
holesor partial pixel coverage the userinteractiongendto
beverylarge.As anexample,theconstructiorof thetrimap
shawvn in Figure2 (c) costsabout120minutes.

Recently Wang and his colleague§WCO05 proposeda
discrete optimization approachto iteratively estimatethe
matte basedon a small sampleof foreground and back-
groundpixels marked by the user It is the rst work that
avoidstrimapsandyields appealingresultsfor imageswith
simple contents suchas oneswith large portionsof semi-
transparenforeground. However, for comple imagesin
which thereare mis-classi cationof color samplesthe re-
sultsarenot quite satisfying.In addition,the obtainedmatte
tendsto be sharpdueto the discreteoptimizationscheme,
resultingin possiblelossof imagedetails.

Basedon the investigationof previous works, we under
standthattill now thereis not a solutionthat cancompute
continuousalphamatte without the assistancef trimaps.
With anattemptto ful Il visually plausiblemattingwith as
few aspossibleuserinteractiong JK05, we aretaking two
considerationsOn onehand,we have to rely on the human
vision to coarselyclassify the foregroundand background.
Ontheotherhand,we needto fully exploit the properchar
acteristicof theimagesBothissuesareexpectedo becom-
binedseamlesslyinderanoptimizationframework.

In this paper we proposea novel coarse-to- nematting
algorithmwhich begins with a setof userspeci ed strokes.
Thecontritutionsof this paperimprove uponpreviousmeth-
ods in several aspectsFirst, we iteratively propagatethe
known resultsto the restregionsby solvinganenegy min-

imization problem.Basedon the assumptionthat the un-
known region is a Markov RandomField (MRF), we derive
anovel enegy equationwhich considergheeffectsfromthe
spatialsmoothnesandthe similarity of colorandmatte.As
a consequencehe rst-order continuousresultsare fairly
achieed. Secondthe in uences of both terms,namelythe
smoothnesanddataterms,are dynamicallyweighteddur-
ing the iterations.At the beginning, the smoothnesderm
takeslargeweightto make the solutionevolve to the bound-
ary quickly. When getting closeto the boundaryregions,
the data term is dominant and the matting exhibits the
anisotropidiffusionbehaior. In thisway, notonly theglob-
ally smoothoptimizationis obtained,but alsothe detailed
featureson the imageedgesare presered. Third, we intro-
ducea novel local re nement techniqueto manipulatethe
continuousenegy eld in selectedocal regions.The modi-
ed local regionscanbe seamlesslyntegratedinto the nal
result.Lastly, ourapproacttanbedirectly extendedo video
matting by consideringan additionaltemporalsmoothness
term.

We call our approactEasyMatting becausdew userin-
teractionsare involved in the whole procedure(shavn as
Figurel). Evenfor video matting,only few strolkesarere-
quiredto beassignedn few key framesMeanwhile theen-
ergy optimizationcorvergesto theglobally optimalsolution
very quickly, yielding very few iterationtimes.In eachiter-
ation,the enegy equationis reformulatedasa setof linear
equationandcanbe solved quickly.

After a brief review of previous works in the next sec-
tion, we elaborateéhe constructiorof the enegy equationn
Section3. The iterative enegy minimizationframework is
introducedin Section4. Section5 describeghe local Easy
matting. We will extend our algorithmto video mattingin
Section6. Section7 presentghe experimentalresultsand
discussionsFinally, we concludethewhole paper

2. RelatedWorks

A vastliteraturehasbeendevotedto the problemsof fore-
groundextractionandalpha-matting\We brie y review rep-
resentatie interactve mattingtools. For the purposeof clar-
ity, Figure2 and 3 comparethe effectswith our approach

¢ TheEurographics\ssociationandBlackwell Publishing2006.
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Figure 3: (a) Theinputimage with userspeci edstrokes.(b) Theuserspeci edtrimap. (c) Theresultwith Bayesiarmatting
basedbnthestrokesin (a). (d) Theresultwith Bayesiammattingbasednthetrimapin (b). (e) Theresultwith BeliefPropagation
mattingbasedon thestrokesin (a). (f-h) Our resultafter one two andthreeiterationsbasedon the strokesin (a).

andthe Knodkout 2 tool, Bayesianand Belief Propagation
mattingalgorithmsrespectiely Y.

Bayesianmatting algorithm [CCSSO0] rst clustersthe
color samplesof F(z) andB(2). Eachclusteris tted with
an oriented Gaussiandistribution. The optimal a values
are then estimatedfor eachpair of foreground and back-
ground pixels using maximum-likelihood criterion. When
thecolor distributionsof theforegroundandbackgroundre
sufciently well separatedand the unknawn region is not
large, this algorithmyields good mattes.Whereasit is not
amenableto the imageswith comple sceneswhere two
foregroundclustersare spatially proximal andmixed in the
color space.lt also lacks the interactvity for re ning the
mattingresults.

Knodout 2 [CCO003 is a plug-in tool in the commer
cial software Adobe PhotoshopLike Bayesianmatting, it
is driven by a userde ned trimap and sometimedeadsto
similarresultsas[CCSSO01

Poissommatting[ SJTS04 aimsto estimatehemattefrom
the mattegradient eld by solving Poissonequationswith
the boundaryinformationfrom the trimap. Poissonmatting
workswell basedn the assumptiorthattheforegroundand
backgroundaresmooth.For complex foregroundandback-
groundpatternssolely solving the global Poissonequation
is erroneousAlthoughlocal Poissormattingtechniquegan
improve theglobalmattingresultsjt requireamuchlaborfor
manualandlocal re nements.

GrabCut approach[RKBO04] relies on graph cut opti-

Y All resultswith Belief Propagation algorithmwere kindly pro-
videdby theauthorsof [WCO04].

¢ TheEurographic#\ssociationandBlackwell Publishing2006.

mizationto extractforegroundsfrom images.Givenasmall
amounf userde ned boundingboxes,theapproacterodes
and dilatesthe extractedforegroundregion uniformly, fol-
lowedby the automaticaktreationof anunknavn region for
matting.Meanwhile,a bordermattingschemaes introduced
by assuminga strongparametridunctionto the matte,lim-
iting its usageso imageswith smoothobjectboundaries.

Belief Propagation matting[ WCO05 (denotedasBP mat-
ting) tacklesthe sggmentationand matting problemsin a
uni ed optimizationframevork basedon Belief Propaga-
tion algorithm.It generates mattedirectly from afew user
speci ed strokes. However, this approachmalkesuseof the
statisticalsamplingof known foreground and background
colors, and is inherentlyintractablefor imageswherethe
foregroundandbackground=xhibit very ambiguouscolors.
Anotherdisadantageof it liesin its low computatiorperfor
mancepwing to theslow corvergenceof belief propagation.

Video matting can be regardedas an extension of the
image matting. Bayesianvideo matting [CAC 02] follows
the sametechnicalway of Bayesianmattingand usesa bi-
directionaloptical o w algorithmto interpolatethe trimaps
in key frames.Video cutouttechniqugf WBC 05] provides
an interactve meansto determinethe trimap neededfor
Bayesianmatting, and extendsthe bordermatting method
in [RKBO4] to the 3D videovolume.Li andhis colleagues
[LSS0Y proposea practicalsystenfor videoobjectcutand
paste.They emplgy 3D graphcut andtracking-basedocal
re nementto obtaina binary segmentatiorof the video ob-
jects.In addition,the algorithmadoptsthe coherenmatting
techniqugSSY 04] which usesthe binary sggmentationas
aprior to estimatehe alphamatte.
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3. The Energy Equation

Matting is identicalto an optimization problem: given the
mixed color C of eachpixel, it aimsto reconstrucoptimal
valuesof the foregroundcolor F, the backgroundcolor B,
andthe alphavaluea. To nd a continuoussolution,basi-
cally therearetwo apriori expectationsOnonehand thees-
timatedcolorsshouldapproximatehe inputimageasclose
as possible.On the other hand,the estimatedalphavalues
shouldexhibit smoothtransitionbetweertheforegroundand
thebackground.

In our approachwe performthe mattingin an iterative
enepgy optimizationframework. For eachiterationthe un-
known region (denotedas W) is modelledas a MRF. The
MRF is representetly agraphstructure pf which eachpixel
p is anodeandconnectedo the nodesin its 4-connecting
neighborhood\(p). During the iterations,the graphstruc-
ture is dynamicallyupdatedwith the decreasingf the un-
known region. We de ne the enegy consideringall afore-
mentionecconstraintsas:

E= & (Ea(p)+ | Es(p) )
p2 W

Eq is the dataenegy which describeshow well the es-
timatedalphavalueap, the foregroundFp andbackground
Bp t with theactualcolorCp. Es is the smoothnesgnegy
which penalizeshe inconsistentmatte changesetweenp
andits neighborhoodN(p). | is adynamicallyadjustingpa-
rameterwhich is usedto balancethe in uences of the data
andsmoothnesterms.We will elaboratét in Section3.3.

3.1. The Data Term

The datatermis designedor measuringhe differencebe-
tweentheobseredcolorC andthecolorpredictedy thees-
timatedF, B, anda. To computehemattefor p, we seekan
optimalestimatiorfor its foregroundandbackgrounctolors
in its local neighborhoodin practice we chooseM nearest
pixels from the foregroundandbackgroundegionsrespec-
tively. From eachclassof sampleswe further determineN
pixelsthathave the mostsimilar valueto Cp, yielding:

1

2
N2 2121

Eq(p) =

where F,') and B{) denotethe foreground and background
color samplesandCp, is the actualcolor of p. The distance
betweencolorsis the Euclidiandistancen RGB spacede-
notedask k. s% denoteshe distancevarianceamongCp

andapFp+ (1 ap)Bp (i;j 2 (1,25 N)).

In ourimplementationM, N andtheinitial ap aresetto
be 20,5 and0.5separately

3.2. The SmoothnessTerm

Wede ne thesecondermin Equation2 basednthedegree
of differencesamongneighboringpixels:

& (ap ag’=*Cp Cgk @)
g2 N(p)

Es(p) =

The quadraticfunction (ap aq)2 is designedo ensure
the smoothnes®f the resultingmatte.Not surprisingly if
we simply computetheir sum & powir aj? within the un-
known region, it will leadto undesirableesultsatthebound-
aries.To presere discontinuitieswe modulatethe smooth-
nesgermby afunctionof thecolorgradien{AF04], namely
j (r C)=1=kCp Cgk. Thus,thesmoothnestermenforces
smoothnessn the mattein low-contrastregionswhile pre-
senesdiscontinuitiedn high-contrastegions.

3.3. The Dynamic Weighting

Previous sgmentationmethodsbasedon graphcut [BJ01
RKBO04, LSTS04 WBC 05, LSS04 andbelief propagation
[WCO05 do considerthe in uences from multiple aspects
while take theweightasa x edconstantIn contrastwe in-
troduceadynamicweightingschemébasednthefollowing
obserations:in mostcasesoneimage hasself-connected
foregroundandbackgroundsuchasthe gure of a human-
being or an animal. The boundariesetweenthemtend to
exhibit more high frequeng thantheir interiors. The matte
is dif cult to be extractedin the boundarieswhich aretyp-
ically representeas trimapsin previous methods.Hence,
in thoseregions where high color contrastexists, the data
term plays a more importantrole, and| should be small
enoughto emphasizehe dataterm. Employing a small |
alsosuppressethe smoothnesgerm, preservinghediscon-
tinuities at the sametime. In the other extremecasewhen
the underlyingregionsare far away from the imageedges,
the matteshouldbe assmoothaspossiblefor visually plau-
sible results.Therefore,| shouldbe large enoughto guar
anteethatthe enegy is dominatedby the smoothnesgerm.
In the transitionbetweenthesetwo extremes,| shouldbe
setasa moderate-sizedalue.Accordingly we dynamically
determinethe weight! in eachiteration.With the progress
of the iterations,| changegraduallyfrom a large valueto
asmallvalue. Thisis in accordancavith the evolving pro-
cedurefrom theinteriorsto the boundarie®f theknown re-
gions.In practice| is de nedas:

| =e (KB’ )

wherek is theiterationcount,b is anadjustableconstant.
Normally b is setto be 3.4.In casethattheforegroundor the
backgrounds largely unconnectedsuchasthespiderimage
shawvn in Figure2, b is setto bea smallvaluesuchasO.5.

With the increasingof the iteration count,| decreases

¢ TheEurographicsAssociationandBlackwell Publishing2006.
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quickly. One straightforvard prot from the dynamic
weightingschemas thatwe only needseveraluserspeci ed
strokes for marking the foreground and the background.
Usuallythesestrolkesarefar away from theboundariesDur-
ing the iterations,the strokes will propagateto the bound-
aries very rapidly, typically after one or two iterations.
Hence trimapsarenolongernecessaryshavn in Figure3).

4. Global EasyMatting

We now presenthe iterative enegy optimizationalgorithm
basedon our dynamic weighting scheme With the MRF

representatiorof the unknavn regions, belief propagation
[WFO01 or graphcutalgorithms[BVZ01] canbe adoptedo

nd theoptimalmatte.However, for a256-lesel matte these
algorithmsgenerallyrequiressolving256equationgor each
pixel. To avoid expensve computationsye reformulatethe

proposecenegy equatiornto a setof linearequationsyield-

ing muchhigherperformancehansolvingabelief propaga-
tion or graphcut problem.

We begin the iterative optimizationwith a set of user
speci ed strokes. As shavn in Figure 4 (a), W=;Ws and
W are de ned as de nitely foreground, de nitely back-
groundand unknavn regionsrespectiely. Let W= fp 2
W WejNp W6 ;g betheboundaryof W.

..F Tt
o> _ u. )
: L
(@ ®)

Figure4: (a) Globaleasymatting:We, Wg are strokesofthe
foregroundandbadground.fWdenoteghe boundaryof the
unknownregion W. (b) Local easymatting: the userselects
alocal region Wy interactively MWy is theboundaryof the
unknownlocal region Wy .

To recover the mattein W, we attemptto minimize the
following variationalproblemderived from Equation2:
_ o 1 L\l L\I i 122
E=a (jza akCp apfp (1 ap)Bpk'=sp
p2w Ni=1j=1
o 2
+1a (ap ag)™=kCp Cqk)
a2 N(p)
(6)
with Dirichlet boundaryconditionajqyw= a jqw. We de-
ne:

P2 W

P2 W @

|
ap]ﬂW_ 0

¢ TheEurographic#\ssociationrandBlackwell Publishing2006.

Thematteis obtainedby solvingtheenegy equationwith
the boundaryconditions.We take the derivatives on both
sidesof Equation6 for ap, yielding:

o o ,2 NN i j i
E=a (W aa(Cp Bp (Bp Fp
p2W i=1j=1

+kBh Fik?ap)=s3 +2 & (ap ag)=*Cp Cgk)
g2 N(p)
(8)

This equationcanbereformulatedo a setof linearequa-
tions, Ax = b. Existing numericaliterative algorithmssuch
asthe conjugategradientmethodarevery ef cient to solve
theseequationsNot surprisingly it is muchfasterthansolv-
ing abelief propagatioror graphcut problem.

We furtherdenoteWf = fp2 Wap 0:99Cp  Fpg. It
guaranteethatthe pixelsin WE arein the foreground.Sim-
ilarly, we Iet\/\lé =fp2Wap 00LCp Bpg. Inspired
by [WCO05, we determinea pair of foregroundand back-
groundcolorsfrom the foregroundandbackgroundamples
to minimizethe tting error:

(Fpi Bp) = aig minkCp aF, (1 a)Bbk (9)
FiBb

In summarizetheiterative enegy optimizationtakesfol-
lowing steps:

1. Theuserdraws severalstrokes.

2. Foreachnodein theMRF, sampleasetof foregroundand
backgrounctolors,andconstructthe enegy equationas
describedn Section3.

3. Reconstructhe matteby solving Equation8.

4. UpdateWf andW andre ne Fp andBp accordingto
Equation9 respectiely.

5. Repeasteps2 - 4 until both Wt andW}; areempty

6. End.

5. Local EasyMatting

In globalEasymatting,theenegy equationis basednasta-
tistical samplingof the known foregroundand background
colors.Whenthesecolorsareambiguousandhave low con-

trast, global Easy mattingwill leadto undesirableresults.
In addition,very large or small smoothnestermwill result
in oversmoothor over-sharpmattes.We proposea simple
re nementschemeo allow the userto specifythelocal re-

gions.

5.1. Local Energy Equation

As shawvn in Figure4 (b), the handledregion becomediy
andtheboundaryof thenew handledegionbecome§W, =
f p2 WmjNp\ Wiy 6 ;g . Thevariationalproblemto bemin-
imizedin local mattingis givenby:
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E= & (Ea(p)+|Es(p) (10)
P2 W

with Dirichlet boundaryconditionajqy, = @ jqw,- The
local Dirichlet boundaryconditiona jq, is de nedas:

8
< 1 p2 W
Apiqwy, = : 0 p2 Ws (11)
ap p2W

Normally, the selectedocal regions are small, allowing
Equationl0to besolvedvery quickly. Meanwhile dueto the
existing boundaryconditions,the local re nementis seam-
lesslyintegratedwith the global matteand doesnot exhibit
visible discontinuity

5.2. Local Operations

We additionallyprovide two kindsof operationsnamely the
smoothnesadjustmenandthelocalresamplingTheformer
directly works on the enegy eld to reducethe errors of
over-smoothandover-sharpmattesThelatteroneis usedto
obtainthe correctsamplinginformation.In both casesthe
usermanipulateghe matte patch-wise thus getsrid of the
laborof perpixel correction.

Theinputimage Egy 10Es Ey 10Es Eyq 10Es

Figure 5: WhenEy  10Es, correct matte is computed.
Wheeas,Eq 10Esor Ey  10Es resultsin over-smooth
or over-sharpmatterespectively

5.2.1. Local SmoothnesAdjustment

As statedearlier the weight| greatlydetermineghein u-
enceof thesmoothnesdf E4 is muchsmallerthanl Es, the
mattetendsto be over-smooth.On the contrary whenEy is
muchlargerthanl Es, oversharpmatteis likely to appear
Figure5 shavstheresultswith differentl .

In thesecasesthe useris allowed to specify the region
with a simple brushingtool. The rst column of Figure 6
illustratesthreeregionsselectedrom threedifferentimages.
Theuserinteractively adjuststheweightl by aslidingtool.
It yieldsnew enegy valuein the selectedegions:

E%= Eg4+ 1 % (12)

Here,| %is a parameteto control the degreeof smooth-
nesslf it is setto belargerthanl.0, this operationincreases

Es, andthusenhancethe smoothnesOntheotherside,the
smoothnesss suppressedlhe secondandthird columnsof
Figure 6 comparethe matte beforeand after applying the
local smoothnesadjustment.

Figure 6: The r st columndepictsthree userspeci edre-
gions. The secondand third columnscompae the results
befoe andafter applyingthe smoothnesadjustment.

/.

’

Figure 7: (a) Theselectedocal 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,thecolorsarevery similarbetweerthe
foregroundandbackgroundas shawvn in Figure 7 (a). Ac-
cordingto Equation3, thelow color contrastmakesthedata
termquiteunstableyielding unpleasantesults(seeFigure7
(b)). One effective solutionis to chooseother neighboring
pixels with distinctive colors. The selectionf pixels have
to resortto the humanvision. In practice we allow the user
manuallyselectseveral samplegseethe red regionsin Fig-
ure? (c)). This local resamplingschemédacilitatesef cient
enegy constructionandsigni cantly improvesthe matting
result(seeFigure7 (d)).

¢ TheEurographicsAssociationandBlackwell Publishing2006.



Yu Guan& Wei Chen& XiaoLiang& Zi‘ang Ding & QunshendPeng/ EasyMatting - A Stioke BasedAppmoad for Continuoudmage Matting

i

(b)

(© (d)

(e) ) (9

(h) (i) 0)

Figure 8: (a) The r st frame; (b) Resultwith our approad on the r st frame;(c) The unknownregion and the foreground
seedsomputedwvith the optical ow algorithmon the next frame;(d) Automaticallygeneatedtrimap of the next frame; (e-g)
Automaticallyextractedmattesand (h-j) foregroundobjectsin the 10th,20thand 30thframes.

6. Extensionto Video Matting

Ourapproacltanalsobeextendedo videomattingby mod-
elling thevideosequencasa Markov Chain,of which each
frameonly relatesto its precedingrame.We rst compute
thematteonthe rst framelg by specifyinga setof stroles
(Figure 8 (a)). With the extractedmatte of the rst frame
(Figure8 (b)), we sequentiallyperformmattingon the con-
secutve frames.To automaticallydeterminethe unknavn
region, of which eachpixel hasthe semi-transparennatte,
we adopttheoptical o w algorithm[Bou9§ to estimatethe
inter-frame motion betweenl: andl¢+1. We regard the re-
sultantregion asthe unknavn region of I+ 1 (the greenre-
gionof Figure8 (c)). Thenwe dilateeachpixel of thisregion
aroundits neighborhoodby threepixelsto guarante¢hatthe
unknavn region is closed.In addition,we randomlyselect
15samplesn theforegroundregionof It and nd theircoun-
terpartdn I+ 1 usingoptical o w, yielding foregroundseeds
of lt+1. This schemeworks well becauseonly one frame
is processeavith the optical o w algorithm.Subsequently
theseforegroundseedsrepropagatedo theboundaryof the
unknavn region usingtheseed- lling algorithm.Theresults
togethemwith the unknavn region constructaninitial matte
estimationof I+ 1 (Figure 8 (d)). This actsasa trimap for
subsequennatting.

We constructan enegy equationbasedon the extracted
informationof It andli+ 1. BesidesEy andEs emplo/edin
Equation2, we designanotherinter-framesmoothnesterm
E; for eachnodein I, 1 to presere the temporalsmooth-
nessdetweerarbitrarytwo adjacenframes E; measurethe
differencebetweerthe alphavaluesof eachnodein the un-
known region of I;+ 1 andits 4-connectingneighborhoodn
It (seeFigure9):

E(M= & (ap a)’=*Cp Ck  (13)
a2N(p) It

¢ TheEurographic#\ssociationandBlackwell Publishing2006.

Er Ed Es

t t+1

Figure 9: Theenegy constructionfor videomatting

Thus, the variational problem derived from the enegy
equationbecomes:

E= & (E(p+IE(p+&E(p) (14

p2W lt+1

with Dirichlet boundarycondition ajgw = a jgw. The
Dirichlet boundaryconditiona jqis de ned as:

8
< 1 P2 Wk l+1

apjﬂW: ) 0 pP2Ws  li+1 (15)
’ ap p2l

Similar to our image matting algorithm, minimizing the
enegy alsoinvolves solving a set of linear equationsand
thusis very fast.In this way, we canautomaticallygenerate
goodmattesor morethan30frames Figure8 illustratesthe
mattingresultsof four selectedrameswith our approach.

7. Resultsand Discussions

We have implementedour approachwith Visual C++. All
experimentalresultswere collectedin a PC equippedwith
P42.4GHZ CPUand512MB memory

We rst comparedurresultswith thoseby Bayesiarmat-
ting, Corel Knockout 2, and Global Poissonmatting for a
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list of quite challengingimagesshavn in Figure 10. These
imageswerespeci cally selectedsothateitherthey contain
comple regionsin which the foreground and background
have very similar colorsor they have alargeportionof semi-
transparentegion. Overall our approactachievesmoreap-
pealingresultsthanothermethodsThe Dog image (740
620) shawn in the rst andsecondrows containscomple
hair opacityin the backgroundegion. Global Poissormat-
ting approachdoesnot work well wherethe foregroundand
backgroundexhibit complicatedcolors. Bayesianmatting
and Knockout 2 tool shav their weaknessvherethe fore-
groundandbackgroundolorsareambiguousWhereasour
approachwithoutlocal re nementgeneratesomparablee-
sults. In the third andfourth rows, we shav the resultsfor
thePeacockmage(600 400)whichhasalargeamountof
holesand a large region representinghe semi-transparent
feather Apparently Global Poissonmatting leadsto no-
ticeablylow quality. Bayesianmattingand Knockout 2 ap-
proachegjield morevisual artifactsthanour approachTa-
ble 1 compareghe performanceof all thesemethodslt is
worthy mentioningthat our approachand BP matting em-
ploy only severalstrolkeswhile othermethodsequireawell-
de ned trimap, and thus our approachoperateson a much
largerunknavn 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 consumptionsn secondsof different ap-
proades.

Figurellshavs moreresultsfor complex naturalimages.
BayesiarmattingandKnockout 2 do notwork well because
they only considerthe samplingcolor information.Our ap-
proachwith local re nementfavors high quality matteex-
traction.To demonstratehe ef ciency of our approachwe
askthreevolunteergo try thewhole procedurewith our ap-
proach,including global matting and local re nement. Ta-
ble 2 lists the correspondingime consumptions.

Figure | ImageSize | 1stUser | 2ndUser | 3rdUser
Girl 480 310 5.8 6.4 5.7
Oldster | 480 640 4.8 5.1 41
Bird 600 580 7.4 6.1 5.7
Child 400 550 6.5 6.4 5.1

Table 2: Time consumptionén minuteswith our approad.

We also testedour video matting approachfor several
video sequencesThe preliminary experimentsdemonstrate
thatourapproacttanautomaticallyestimategoodmattesfor
morethan30 framesby usingseveral strokesdravn on the

rst frame.For along video sequencewe typically choose
key framesat 20-frameintervals anddraw strolkeson them.
But the samplingratemay vary accordingto objectmaotion.

For fastermoving or changingobjects,a higher sampling
ratemay be used.Figure8 andour video demonstratiorle-

pict two examples.Both of them containabout75 frames
andcost9 minuteswith our approachBecauseve employ

the accurateinformation from the precedingframeto es-
timate the matte of the next frame, the accumulatecerror
causedy thepropagatiorio the3D videovolumeasdemon-
stratedin Bayesianvideo matting algorithm[CAC 02], is

efciently avoided.In addition,the sizeof the unknavn re-

gion and the randomly selectedsamplesin the preceding
frameis adequatelymallcomparedo thewholeimage,and
thusapplyingthe optical o w algorithmleadsto robustand
accurateresultsin our experiments.On the otherhand,ap-

plying Bayesiarvideo mattingto thesevideosequencess a

little bit time-consumindecausautomaticallypropagating
awell-de nedtrimapto consecutie framesis probablynon-

trivial andunstable The reasonfor it is thatthis schemes

highly dependentn theaccurag of emplo/edtrimapwhile

our approachloosensthis limitation. Furthermore pur ap-

proachpreseresthespatio-temporatoherencef thevideo

mattesbecausehe enegy equation(Equation14) takesthe

inter-framerelationshipsnto account.

8. Conclusionsand Futur e Work

In this paper we have presentech new matting approach,
which considersthe in uences of the statistical sampling
information and the gradientsof color and matte.By iter-

atively optimizing an enegy function, the matteis grad-
ually extractedwith the propagationof the userspeci ed

foregroundand backgroundregions. The dynamicweight-

ing schemecan automaticallyachiere smoothmattein the

interiorsof theforegroundandbackgroundandpresere the

detailedfeaturesn theedge Oneattractve featureof ourap-

proachliesin thatit doesnot requirea well-de ned trimap,

but only a few userspeci ed foreground and background
strokes.Ourapproachs capableof producingimpressie re-

sultsfor mary complex imageswhich areintractablefor pre-

vious methods.The employed enegy equationis uniquely
de nedfor notonly theglobalmattingandlocal re nement,
but alsofor videomattingthatpreseresspatio-temporato-

herenceDueto thesimpleuserinteractionrmode we believe

thatour approactcanbe easilyappliedfor mary digital en-

tertainmengpplications.

Matting is inherentlyunderconstrainecand intrinsically
dif cult. Thereare somelimitations to be addressedOne
problemis thatthe underlyingstructureof the mattecannot
be easilydistinguishedrom noise,the backgroundbr fore-
groundwhentheforegroundandbackgrounctolorsarevery
similarorambiguousHow to combineall availableinforma-
tion, suchascolor, textureandshapeo obtainmoreaccurate
statisticmodelsis themaingoalof our futurework. In addi-
tion, asourvideomattingalgorithmis apreliminaryattempt,
wewantto nd bettersolutionto male it feasiblefor more
complicatedvideosequences.

¢ TheEurographicsAssociationandBlackwell Publishing2006.
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Figure 10: Comparisorof our appoad (withoutlocal re nement)with previousmethods.
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