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Figure 1: Naturalvideo matting. (a) We usea cameraarrayto capturea collectionof imagesof a scene.Herewe shav a singlecameras

image. (b) We syntheticallyrefocusthe dataandcomputethe varianceof the refocusedmages(darker meandower variance).(c) Fromthe

“varianceimage” we automaticallycomputea trimap. (d) We propagtethe variancesnto the unknavn region of the trimap andusethese
measurement® solve for thealphamatte.(e) We thencomputethe alphamultiplied foregroundandcompositet with anew background.

Abstract

We presentan algorithm and a systemfor high-quality natural
video matting using a cameraarray The systemuseshigh fre-
guenciespresentin naturalsceneso computemattesby creating
a syntheticapertureimagethatis focusedon the foregroundob-
ject,whichreduceghevarianceof pixelsreprojectedrom thefore-
groundwhile increasinghevarianceof pixelsreprojectedrom the
background We modify the standardnattingequationto work di-
rectly with variancemeasurementand shov how thesestatistics
canbeusedto constructa trimapthatis laterupgradedo analpha
matte. The entire processis completelyautomatic,including an
automaticmethodfor focusingthe syntheticaperturémageon the
foregroundobjectandan automaticmethodto computethe trimap
andthe alphamatte. The proposedalgorithmis very ef cient and
hasa perpixel runningtime thatis linearin the numberof cam-
eras.Our currentsystenrunsat severalframespersecondandwe
believe thatit is the rst systemcapableof computinghigh-quality
alphamattesat nearreal-timerateswithout the useof active illumi-
nationor specialbackgrounds.

Keywords: AlphaMattingandCompositingLight Fields,Image-
BasedRendering

1 Intr oduction

Ef cient andhigh-quality compositingis animportanttaskin the
specialeffectsindustry Typically, movie scenesare composited
from two differentlayers(foregroundandbackground)whereeach
of theselayers can be computergeneratedbr may be from real
footage Imed at differentlocations. To usethe foregroundcon-
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tentof onesequencasthe foregroundlayerin a compositevideo,
theforegroundelementsnustbe separatedrom the backgroundn
thesourcevideo. This processknown asmatting,separatea fore-
groundelementfrom the backgroundiy estimatinga color F and
anopacitya for eachforegroundpixel. With a singleimage,this
problemis highly underconstrainedndcanbeposedasanequation
in sevenunknawvns (a, RGB foregroundF, andRGB background
B) andthreemeasuremeni$he RGB videoframel) ateachpixel:

I=aF+ (1 a)B: 1)

Themostwidely usedmattingmethod blue-screematting,con-
strainsthe problemby Iming actorsin front of a known (blue or
green)background While this simpli es the problem,the method
hassigni cant limitations in thatit canonly be usedin a movie
studioor a similarly controlledervironment.

Ideally, onewould like to computean alphamattefrom a reg-
ular video streamtakenin a natural,uncontrolledenvironment— a
procesknown asnaturalvideo matting. Recently therehasbeen
signi cant progressin this area; however, mary currentmethods
requireuserinput, have potentiallylengthy run-times andhave dif-
cultly with highly texturedscenes.

In this paper we presentan algorithmthat usesa cameraarray
to computemattesfor naturalsceneswith textured backgrounds.
Relative parallaxin the arrayimages,due to separatiorbetween
the foreground and background allows us to captureforeground
objectsin front of differentpartsof the background.Given a suf-
ciently texturedbackgroundye capturethe foregroundobjectin
front of several backgroundcolors, which constrainsthe matting
problem. We project the color valuesfrom eachcamerato the
depthof the foregroundobjectand usemeanand variancestatis-
tics computedrom thesevaluesto automaticallycomputeatrimap
andsubsequentlya andF. We performthis projectionusingsyn-
theticrefocusindlsakseretal. 2000]andsweepacrosddepthsnear
theforegroundobjectto optimizethefocusperpixel; asaresult,we
cangeneratenattesor non-planaobjects.We computealphamat-
tesusinga novel mattingequationthat works with pixel variance,
insteadof working directly with pixel values. Theresultis a fast
andautomaticalgorithmthatavoidsthedif cult problemsof com-
puting the backgrounddepthandreconstructinghe 3D sceneand,
asaresult,workswith arbitrarily complex backgroundscenesAn
additionalbene t of ouralgorithmis thattheperpixel runningtime
is proportionalto thenumberof camerasThis makesthealgorithm
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extremely ef cient andamenablédo real-timeperformanceandit
is easilyimplementedn eithera CPUor GPU.

The main contritutions of our paperarethe following: extend-
ing themattingequatiorto dealwith thevarianceof pixel measure-
ments,using a cameraarray for alphamatting, presentingan au-
tomaticmethodfor computinga trimap andalphamatte,andcon-
structinga real-time systemfor naturalvideo matting. We shav
resultsfor alargerangeof objects(people hair, trees, uids, glass,
andsmole) capturedagainsta variety of backgroundgof ce ervi-
ronmentsandtrees)usingour cameraarray

In thenext sectionwe will discusssomeof thepreviouswork in
thisarea.ln section3, we will presenburalphamattingalgorithm.
In section4, we will presenbur alphamattingsystem.Lastly, we
presentesultsfor staticanddynamicscenesn section5, followed
by a discussiorof our methodandour conclusions.

2 PreviousWork

Theproblemof alphamattinghasbeenresearcheébr almosthalf a
century The rst mattingalgorithmsandsystemsanbeattributed
to Vlahos [1958; 1971;1978]. Blue-screemmatting was mathe-
maticallyformalizedby SmithandBlinn [1996], who alsoshaved
thatimaginga foregroundagainsttwo differentbackgroundgives
arobustsolutionfor boththe alphaandtheforegroundcolor. Their
methodhasbeenextendedto work with morecomple light trans-
port effects(e.g.,refraction)by Zongker et al. [1999] and Chuang
et al. [2000]. However, thesemethodsrequireactive illumination
andmultipleimages.

Recently therehasbeensigni cant work in naturalimagemat-
ting. BayesiarMatting [Chuangetal. 2001],whichis basednthe
methodof Ruzonand Tomasi[2000], usesa userspeci ed trimap
anda probabilisticmodel of foregroundandbackground:olorsto
computea matte.This methodhasbeenextendedo video[Chuang
etal. 2002]; however, trimapsstill needto bespeci edmanuallyfor
keyframes.In afurtherextension Zitnick etal. [2004] usea multi-
camerasystemto reconstrucBD scenegeometryanduseBayesian
Matting to computealphamattesat depthdiscontinuities. While
their depthcomputationis automatic their systemis not real-time
—it requiresoff-line processingo computeboththedepthandalpha
mattes. Our system,in contrast,is not dependenbn scenerecon-
structionandthereforecanhandlestructurallycomplex scenesand
it runsat3to 5 framespersecond Furthermoreasresearchersave
noted[Li etal.2005],BayesiarMattingfailsfor highly texturedar-
easwherelocal spatialcoherenceor smoothnesgssumptionsare
violated. By contrastour methodmakesno assumptionsiboutthe
foreground, while requiringthe backgroundo have at leastsome
texture,andperformsvery well evenwhenboththeforegroundand
backgroundarehighly textured.

PoissonMatting [Sun et al. 2004] addressesomeof theissues
of colorbasednethodshy posingmattingassolving Poissorequa-
tionsof the mattegradient eld. This resemble®urwork in spirit,
in thatit doesnot work directly on the imagecolor but on a de-
rived measurementyut it differsfrom our methodin thatit works
onstill imagesyequiressomeuserinput, andtakesseseralminutes
to processa singleframe.

McGuire et al. [2005] computealphamattesfor naturalscenes
usingthreevideostreamghatsharea commoncenterof projection
but vary in depthof eld andfocal plane. While their methodis
automaticjts runningtime is mary minutesperframe.In addition,
theforegroundobjectmustbein theforegroundfocusrangeduring
shooting,whereasour methodcanbe usedto computemattesfor
ary depthplaneaftershooting,usingsyntheticrefocusing.

A relatedareaof work is that of object“cut and paste”,where
mattesare computedafter performing binary segmentationwith
minimal userinput [Rother et al. 2004; Li et al. 2004]. These
methodshave also beenextendedto video [Wanget al. 2005; Li
etal. 2005]. Thesemethodgendto belimited to “bordermatting”,

wherealphais computedalongtheobjectborderafterhardsegmen-
tation; it's unclearif thesemethodscancomputemattesfor semi-
transparenbbjectssuchas uids or smole. Also, asthey require
userinput, the total amountof processingime canstill be signif-
icant. Kolmogoro et al. [2005], on the other hand, describean
automaticreal-timesystemthat usesgraphcutson a stereovideo
to segmenttheforegroundfor avideoconferencingcenario How-
ever, thiswork alsoonly computesalphaon objectborders.

Our work is mostsimilar to that of Wexler et al. [2002], which
alsousesmultiple imagesto computean alphamatte. Whereour
work differsis that Wexler et al. posethe problemin a Bayesian
framewvork andconsiderseveraldifferentpriors,includingbounded
reconstructiona distribution,andspatialconsisteng. Thesepriors
arederived from assumptionaboutalphamattestructureandthus
limits the typesof objectsthat canbe successfullymatted. Wexler
etal. alsoassumehatthebackgrounds mostlyplanarandthatit is
known or canbe estimated!n contrastour methoddoesnot make
assumptionaboutalphamattestructureor thephysicalbackground
structure,andwe do not explicitly estimatethe entirebackground
colorlayer FurthermoreWexler etal. do notdiscusgeal-timeas-
pectsof their systemwhile our systenrunsat nearreal-timerates.

In recentyears,cameraarrayshave beenusedfor a wide vari-
ety of applicationdgn computergraphicsandcomputervision. For
an extensize list of citationsand discussionof previous work we
encourageéhereadetrto readWilburn etal. [2005].

3 Alpha Matting Algorithm

Our algorithm resemblespast approachesn that it computesa
trimap that is then upgradedto an alphamatte. However, there
areseveralrelevantdifferencedetweerour work andprevious ap-
proaches.First, we computethe trimap automaticallyand do not
assumehata usersuppliesit interactiely. Secondpur algorithm
useshigherorderstatistics(i.e., variancespf imagemeasurements
thatwe thenpropagteinto the unknavn region of thetrimap. Pre-
vious methodspropagte measurementmto the unknavn region;
however, they propagte pixel valuesdirectly which makes limit-
ing assumptionsiboutthe scenecontent. Propagting variancess
muchlesslimiting, aswewill shawv in thenext section.Speci cally,
ouralgorithmproceedsasfollows:

1. Automatically nd the dominantforegrounddepthplaneand
thenperformalocal depthsearcho accounfor non-planarity

2. Computethe meanand varianceof color valuesfrom each
camergprojectedo their correspondinglepths

3. Automaticallycomputea trimapbasecdn variance

4. Propagtethe variancefrom the backgroundandforeground
regionsto the unknawvn region

5. Propagtethe meanfrom the backgroundo the unknavn re-
gion
6. Computea andaF

The perpixel runningtime of thealgorithm(includingthe compu-
tation of the variancesandthe trimap) is linear in the numberof

camerasn the array We will rst describethe last threestepsof

ouralgorithm,asthey form thecoreof our contrikution. Discussion
of the rst threestepsof thealgorithmis deferredto sectior4.

3.1 Motivation

Givennimagesof asceneye considerthefollowing mattingequa-
tion of agivenscenepoint p:

li(p) = a(p)Fi(p) + (1 a(p)Bi(p); )
wherel;(p) correspondso theintensityof point p recordedn im-
agei. F(p) andB;j(p) arethe foregroundandbackgroundvalues
that,asafunctionof thetransparengca (p), aremixedto givel;(p).
We will dropthenotationp wherever possibleto improve readabil-
ity. Specifyinga differentF for every imagemeangshatwe allow
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Figure 2: Propa@tingimagestatistics. The threecamerasn the
left I4,l,, andl3 obsere a foregroundobjectF anda background
objectB. The point p hasa trimap label of unknown and pr and
ps arethe pointsnearesto p labeled respectiely, foregroundand
badground To solwe for a andaF, we needthe measurements
var(l(p)), var(F(p)), var(B(p)), mean(l(p)), andmean(B(p));
however, we canonly measurevar(l(p)) andmean(l(p)). We es-
timatevar(F(p)), var(B(p)), andmean(B(p)) from themeasure-
mentsat pr and pg. We notethattheraysgoingthroughthe points
p and pg hit overlappingregions (indicatedby the shadedtrian-
gle) on the backgroundand, asa result,the meanandvarianceof
thetwo pointsshouldindeedbe similar. In practice this overlapis
quitelarge. We only assumehatthe variancefor the points p and
pe, nottheir mean,is the samewhich is equivalentto sayingthat
they canhave differentalbedobut their view-dependenstatistics
(e.g.,specularitylevel) arethesame.

for view-dependeneffects, suchas specularity However, we as-
sumethat the transpareng of the point is view-independentaind
hencea is x edacrossall images.

Weconsider Ii(p)gL ;, f F(p)giL ;, andf Bi(p)giL ; assampling
therandomvariabled ;F, andB, respectrely, andrewrite the mat-
ting equationusingthesevariables:

I=aF+ (1 a)B; 3)

We wish to solwe for a and aF usingtheserandomvariables
anddothis by usingsecond-ordemomentsf | ; F andB (i.e., vari-
ances)o solvefor a and rst-order momentgi.e., meanspf | and
B to solve for aF. Notethatwe do notusethemeanof F.

Recallthatthe fourth and fth stepsof our algorithmpropagte
imagemeasurementsom the foregroundandbackgroundabeled
pixelsto theunknavn pixels. While onecould propagtethe mean
pixel valuesof the foregroundobjectandsolve for an alphamatte
using meanstatisticsalone, this assumeghat foreground objects
have low spatialfrequeny albedowhichis averylimiting assump-
tion, whereaspropagting the variancesallows objectswith both
low andhigh spatialfrequeng albedo. This is animportantpoint
andis oneof thekey component®f our algorithm.

Speci cally, let p be the scenepoint underconsiderationand
denotepg andpg astheclosespointsthatarelabeledasforeground
andbackgroundrespectiely, in thetrimap. We make thefollowing
approximations:

var(F(p)) var(F(pg))
var(B(p)) var(B(pg)) 4)
mean(B(p)) mean(B(pg))

Theseapproximationamake the two following assumptions.The
rst and second-ordestatistics(e.g., meanand variance)of the
closesbackgroungoint pg arethesameasthestatisticsof thecor
respondingdackgrouncolorsthatscenepoint p is viewed against.
Thisis aplausibleassumptiomecaus¢heraysgoingfrom thecam-
eracenterghroughthe pointsp and pg will hit similar partsof the

backgroundasillustratedin Figure 2. In practice,as the back-
groundis signi cantly far from the foregroundobjectandthe dis-
tancebetweenp and pg is small, the ray bundlesgoing through
thesetwo pointsoverlapsigni cantly. The second-ordestatistics
of theclosesforegroundpoint pg arethesameasthesecond-order
statisticsof the scenepoint p. This is equivalentto statingthat
view-independenproperties(e.g., albedo)of the scenepoint and
its closestforegroundpoint can be completelydifferentbut their
view-dependenstatisticy(e.g.,specularitylevel) arethe same.

3.2 Mathematical Derivation

We now derive a new variance-basethattingequationto solve for
a andthenF. We rst take thevarianceof equation3:

var(l) = varfaF+ (1 a)B]: 5)

If we assumehatB andF arestatisticallyindependenthen:

var(l) varfaF+ (1 a)B]

= H(aF+(1 a)B) haF+ (1 a)BiJ4

= Ha(F Hi)+ (1 a)B HBi)A

= a’nF tFi)%i+(1 a)’hB HBi)?i

= a%var(F)+ (1 a)?var(B) (6)
wherehXi denoteshe meanvalue of X. The assumptiorthat B
andF arestatisticallyindependenis manifestedn going from the
third to the fourth line of equation6 wherethe expectedvalue of

terma(l a)(F HFi)(B HBi) is assumedo beequalto zero.
In orderto computea, we needto solve aquadraticequationin a:

[var(F) + var(B)]a2 2var(B)a + [var(B) var(l)]= 0. (7)

Thesolutionsto this quadraticequationare:
p

var(B) "4
where ~ var(F) + var(B)’ ®
4 = var(l)[var(F) + var(B)] var(F)var(B): 9

Equation8 provides two algebraicsolutions; however, when
var(B) var(F), asis the casein practice,thenone of the so-
lutionsis oftengreaterthan1 makingit inconsistentvith the con-
straintthata 2 [0; 1]. In casebothsolutionsarevalid andconsistent,
we take their average . Algebraicanalysisrevealsall possiblecases
andcanbe summarizedsfollows:

8
0 var(l) > max(var(B);var(F));
var(B)+ P D
var(B)+var(e) var(B) < var(l) var(F);
— var(B) P5 .
a= ., ar@rvarm var(F) < var(l) var(B);
var(B) var(B)var(F) ; . .
§ var(B)+ var(F) var(B)+ var(F) var(l) - min(var(F);var(B));
' var(B)var(F) .
1 Var(l) < var(B)+ var(F) (10)

The rst andlastlinesof equationlOrepresenthecasesn which
no valid solutionsexist, andwe clip a appropriatelyLines2 and3
representhecasen which oneof thesolutionsis outsidetherange
[0; 1], andwe cansafelychoosethe othersolution. In practice,we
only encountetthe caseshawvn in line three. Line 4 is whenboth
solutionsarevalid, andwe seta to betheiraverage.

Notethattwo discontinuitiesoccur Oneoccurswhenthevalue
of var(l) switchesthe solutionfrom lines 2 or 3 to line 4, andthe
secondis from line 4 to 5. Theseare dueto switching from an
exact solutionto an approximatesolution. For both solutionsthe
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discontinuityis no morethan % = i, wherec is de-

ned asthe ratio betweenbackgroundand foregroundvariances,
i.e.,var(B) = cvar(F). In theworstcasec = 1 (the background
andforegroundvariancesare the same),andthe erroris 0:5 (i.e.,
we seta to 0:5 where,in fact,it shouldhave beeneither0 or 1). In
practicewe foundthatc is on the orderof 100, which makesfor a
roughly0:01 errorin alphaestimation.
Note thatif we assumehat our sceneis diffuse (var(F) = 0),
thenequation8 hasno ambiguity:
S

var(l) .

var(B)’ (1)

a=

We computea F usingthefollowing equation:
aF=hi (1 a)mBi; (12)

whereHi is the meanof the correspondingixel valuein all im-
ages.a is recoreredfrom equationl0, andhBi is the meanof the
backgroundixel values. To visually presere view dependenef-
fects, suchas highlights, without blurring themin the computed
aF, wecomputelli andhBi usingaweightedmeanwith thehigh-
estweightplacedon the centralreferencecamerawith the weight
droppingfor cameraghatarefartheraway. To summarizeye esti-
matemeanandvariancestatisticsusingequatiord andcomputea
andaF usingequationsl0 and12, andour resultis mostaccurate
whenvar(B)  var(F).1

4 Alpha Matting System

Oursystemworkswith anarrayof synchronizedideocamerashat
capturethe sceneof interest. The centralcameras de ned asthe
referencecameraandour goalis to computeanalphamatteon the
referencecamerausing informationfrom the restof the cameras.
Thealgorithmrequiresthe meanandvariancestatistics,aswell as
the trimap, to be computedat the foregrounddepth. We will now
describenow we computethesevalues.

4.1 Automatically Selectingthe Foreground Depth

To computehemeanandvariancestatisticsjt is necessaryo iden-
tify correspondingixelsin eachcameramagefor eachforeground
scenegpoint p. We dothis by syntheticallyrefocusinglsakseretal.
2000]the arrayimagesto the foregroundobjects depthplane. To
automaticallypick this plane we have developedan“autofocus”al-
gorithm. Our methodis similarin spirit to autofocusn aconsumer
camerawherea cameravariesits focusandpicks the settingthat
givesthestrongesgradientsn pre-de nedregions(oftenappearing
asred-rectanglem theview nder). We insteadsweepa synthetic
focal planethroughthescenesumthevarianceateachplanewithin
eachof 9 10x10pixel focusregions,andpick the depththatgives
the minimum variancein one of theseregions. Low varianceat a
depthplaneimpliesthata numberof featuresarealignedandthus
an objectis present,we use9 focusregionsdistributed aboutthe
imagesincethe foregroundobjectcould appearin differentparts
of theimage. We limit the depthrangeduringthe sweepsuchthat
we do not autofocuson the background.Currently our autofocus
methodis "on-demand”.We typically run it onceat the beginning
of a sequencandusethis depthfor the entire sequencehowever,
if theforegroundobjectmovessigni cantly off this depth,we run
themethodagain.

We alsoprovide a “manualfocus” interfacethatallows the user
to override the automaticfocusingwhennecessary The usercan
pick the foreground depth by interactively sliding the synthetic
planeof focusthroughthe scene;the syntheticapertureimageis
displayedn real-time,sothatthe usercanchoosehe planewhere

1As apoint of clari cation, aF is an RGB value,while a is a single-
channelvalue;therefore the meanvaluesare RGB values,while the vari-
ancevalueswe usearethelengthsof the RGB variancevectors.

Figure 3: Cameraarrayandreal-timesystem We usealineararray
of 8 videocamerasWe cancomputealphamattesat severalframes
per secondat quarterVGA resolutionand generateVGA results
of ine atabouta secondoerframe.

the foreground object is bestfocused. We have found that this
methodis a relatively simple andintuitive way to selectthe fore-
grounddepth.

Oncethe arrayimagesarealignedto a depthplane,featureson
this planehave minimalvariancewhile featureff thisplane such
asthe backgrounchave high variance which is the desiredeffect.
However, if the foregroundis non-planar textured areasoff the
planewill also exhibit higher variance,which could causeerro-
neousa values. Fortunately it is relatively simpleto handlethis
non-planarityby adjustingthe perpixel depth. We performa local
searchby sweepinga planeover a smalldepthrangenearthe fore-
groundreferenceplaneandstorethe minimumvariancevalueand
correspondingneanperpixel over thatrange.? This allows usto
automaticallyadjustthe focusslightly on a perpixel basis.

4.2 Automatic Trimap Computation

As describedn section3.1, sincewe only obsere |, we have to
approximatehevarianceof F andB usingnearbyscenepoints.For
eachpoint labeledasunknown in the trimap, we usethe variance
of its nearesforegroundandbackgroundgointsto estimatevar(F)
andvar(B). We thencomputealphausingequationl0.

We constructthetrimapby Itering var(l) with a 9x9 pixel me-
dian lter to smoothout small uctuations dueto noise. We then
usea relatively standardapproachof erosionand dilation com-
binedwith double-thresholdingo createa trimap with consera-
tively wide unknawvn regions. Variancedessthan100 are consid-
eredforeground, greaterthan 5000 are backgroundand the rest
areunknavn. We erodethe foregroundand backgroundregions
to remove smalldisconnecte@dreasanddilate the unknavn pixels
inwardsandoutwardsby 5 pixels.

4.3 Implementation

We usea lineararrayof 8 Baslercamerashawn in Figure3. The
resolutionof eachcamerais 640x480pixels (Bayer pattern). The
cameradave externalhardwaretriggersandcanprovide synchro-
nizedvideo captureup to 30 framesper second.All camerasare
connectedo one 3GHz PC over Firewire. We geometricallycal-
ibrate our cameraarray (both extrinsicsandintrinsics) using stan-
dardcomputervision methods.We assumehatthe centersof pro-
jectionof our camerasie on aline. Furthermorewe computeho-
mographieghatrectify all camergplanes.We performbasiccolor
calibrationby placinga Macbethcolor checler in the sceneso it
is viewableby all camerasndthencomputea color transformfor

2For our experimentsthe depthrangeis abouta foot aroundthe plane.
While therangeonly hasto be narrav enoughto avoid including the back-
ground,arelatively narrav rangeis desirablefor fastercomputation.
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Figure 4: Resultsfor atreein front of a backgrouncbf trees. A horizontallytranslatingcameracaptures30 imagesof a staticscene.Our
algorithmautomaticallypulls outthe matte.(a) Centralimage.(b) Trimap. (c) Alphamatte.(d) Zoomin onthealphamatte.(e) Zoomin on

thegroundtruth.

eachcamerato matchits imageof the color checler to that of the
centralreferencecamera. We also performvignetting calibration
andhave foundthisto signi cantly improve thequality of our vari-
anceestimatesnd,by extension,our trimapsandalphamattes.

In our implementationwe distinguishbetweentwo scenarios.
The rst is anonline systemthatcanprocesgjuartesrVGA images
atseveralframespersecondandtheseconds anof ine systenthat
canproducehigh-qualityVGA resultsat aboutoneframepersec-
ond. Thedistinctionbetweerthetwo methodss in thesearctstage.
Speci cally, in theof ine systemwe performour depthsearchor
every pixel, whereasn the online systemwe computethe variance
for oneplaneonly, lter it to remove high variancesdueto non-
planarityof theforeground,andthenperformour depthsearctonly
for thepixelsin theunknavn region of thetrimap.

5 Results

In this section,we presentresultsusing our algorithm. First, we
shaw resultsfor static scenes.For the staticresults,we acquired
asequencef imagesof eachobjectwith a horizontallytranslating
cameraEachobjectis capturedby 30to 40images.In Figure4, we
shaw resultsfor atree Imed in front of severalothertrees.Pulling
a mattefor this sceneis very challengingas the foregroundand
backgroundstructureis comple. Furthermorethe colorsin both
layersaresimilar. A mattingmethodthat assumesow-frequeng
backgroundsvould have dif culty with sucha sceneaswould ary
3D reconstructiormethod.Our method however, recorersa high-
quality alphamatte.In Figure4, we comparepurresultto aground
truth resultobtainedusingtriangulationmatting[Smith and Blinn
1996]. Notethatour resultrecosersdetailssuchassinglepinenee-
dles,which arealsoseenin thegroundtruth matte.

In Figure5, we shav resultsfor anobjectthathashigh-frequeng
content. The fur on the doll is variousshadeof pink and white.
For this object, our useof variancestatisticsis very importantas
the colorsfor neighboringforegroundpixels canvary signi cantly.

Our methodcan pull mattesfor foregroundobjects Imed over
awide variety of backgroundsin Figure5, we shaw resultsfor a
Santadoll Imed in anof ce corridor Thebackgroundstructurein
this scends signi cantly differentthanthatof thepreviousresults;
the backgrounddepthrangeis large andit alsoincludesa glass
doorwith strongspeculare ections, yet we cansuccessfullypull
amattefor theintricatehair structureon Santas beard.

In our nal staticresult,we explore how the numberof images
affectsthe alphamattequality. To do this, we captureda sequence
of 120imagesof astuffed gorilla andappliedouralgorithmto vary-
ing subsetf imagesrangingfrom 8 up to 120images. Figure 6
shaws the resultingalphamattesfor differentnumbersof images.
As we drop the numberof imagesused,the alphamattequality is
retained. In general,the numberof camerameededto get good
resultsis a function of scenecontentand cameraspacing. While
thereis no magic numberof cameraseededor our method,we
have obtainedgoodresultswith asfew aseightcameras.

We now show single-framesnapshotdor resultscomputedfor

dynamicscenes.Thereaderis encouragedo view the videoclips
of thesescenesndseveraladditionalscenesn our supplementary
materials.Figure7 shawvs two examplesof pulling a mattefor in-
tricate hair structureat two framesper second.The rst caseis a
snapshofrom avideosequencef anactortalking andmoving his
head. Of interestis the fact that thereis a personmoving in the
backgroundTheactoris correctlypulledfrom thesceneascanbe
seenin the composite.The secondcaseshaws resultsfor an actor
Imed with a moving cameraarray This caseis dif cult because
the statisticsof the backgroundtonstantlychangeasthe cameras
panning.Figure8 shovs azoom-inonaVGA result.

Our algorithm canhandlenot only hair andtrees,but can pull
mattesfor transparenbbjects,suchas uids andsmole, without
ary specialmodi cations to the algorithm. In Figure 9, we shav
a VGA resultfor coffee beingpouredinto a glasspot. This scene
is very challengingdueto highlightson the coffee pot, the trans-
pareng of the glass,andbubblesfrom theliquid beingpoured.In
Figure 1, we shov a VGA resultfor a video sequencef smole.
Anotherframefrom this sequencés shavn in Figure10. Notethat
bothresultsaccuratelycapturea singlering of smole. The objects
in thesescenearedif cult to model,yetthe alphamattesaresur
prisingly good.

We ervision thatin amovie studioa directorwould wish to pull
analphamattefor ahigh-qualitymovie camerahatwasnotdirectly
integratedinto our system.For suchasetup we would usethecam-
erasfrom our systemto generatean alphamattefor the viewpoint
of the movie camera.For this application,we needto generatean
alphamattefor a virtual viewpoint. As our camerapositionsare
known, and our alphamatteis computedfor a single foreground
depth, computingalphafor a virtual view is trivial using simple
image-basedenderingtechniques.In Figure 10, we showv a vali-
dationof this by computinga matte,usingonly the datafrom the
sevenoutercamerasfor the viewpoint of the centralcamera.This
resultis virtually identicalto theresultthatusesall eightcameras.

6 Discussionand Future Work

While we have achiezed goodresultswith our method,our system
doessuffer from several limitations. First, we assumethat alpha
is x ed andnot view-dependentWhile truein practicefor mary
objects,somematerialsexhibit view-dependenalphadueto self-
occlusion. Self-occlusioncausesa high variancefor pixelsin the
syntheticallyrefocusedmage. This resultsin anincorrectalpha
value. Usinga narrav baselingfor our cameradimits theseerrors.
For oursceneswherethebackgroundvasa couplemetersrom the
foreground,we foundthata half-meterbaselinevorked well. Ad-
ditionally, usinga percameraweightingtermdesignedo presere
view-dependenteffects [Buehleret al. 2001] could reducethese
errors. By weighting camerascloserto the referenceview more
heavily, we canlimit the effectsof self-occlusion.

Secondwe arelimited by aliasingin our light elds. In prac-
tice, we have found errorsdueto aliasingto be signi cant only for
our measurementfr pixels on the background.Aliasing causes
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the variancemeasurement® beincorrectdueto periodictextures
beingalignedwhenwe syntheticallyrefocusour data. This causes
a backgroundpixel to have non-zeroalpha. Thereare several de-
sighimprovementghatcould alleviate theseproblems.The rst is
to usemore cameras.We believe our algorithmwould work well
with alarge,densecameraarraysuchasthatshavn by Wilburn et
al. [2005]. Evenwith a smallnumberof camerasdifferentcamera
distributionscould reducealiasingartifacts. For example,cameras
could be concentratednore towardsthe centerreferencecamera.
If onewereto usea 2D grid, the systemwould bene t from back-
groundcolor variationthat occursboth horizontallyandvertically.
Furthermorejn man-madesettings,as backgroundstructuresare
primarily horizontaland vertical, using a diagonalcrossarrange-
mentcould be useful,asit would maximally spreadthesefeatures
in the syntheticallyrefocusedmages.

Third, we assumehatthe varianceof the backgrounds several
ordersof magnituddargerthanthatof theforeground,whenthisis
notthe case pur methodwill fail. Fortunatelythisis truefor mary
scenesandevenvery speculasuriaceshave var(F) afew ordersof
magnitudelower thanvar(B).2 Furthermoreyar(B) canbe high
evenfor sceneshatdo nothave high-frequeng backgroundsEven
abackgroundvith avery low spatialfrequeng, suchastwo differ-
entandconstantolors, side by side,canbe enoughto generatea
highvariance providedthatraysfrom thecamerarraysampleboth
colors;in thelimit, a foregroundpoint needso beimagedin front
of two differentbackgroundcolors[Smith andBlinn 1996]. Nev-
erthelesswhenvar(B) is low, theinputreducego asinglecamera
input with a known backgroundvalue. In this case,one canuse
existing algorithmssuchas blue-screemnmatting [Smith and Blinn
1996] or BayesianMatting [Chuanget al. 2001]. A naturalexten-
sion, therefore|is to combineour algorithmwith existing methods
suchthatimagecontentwill dictatethe appropriatealphamatting
algorithm.

Onecangeneralizeequation6 to higherorder statistics;this a
potentially useful extensionworth investigation. More generally
onecanconsidetthedistributionsandnotjust meansandvariances
for pulling the matte. While 8 camerasnay be enoughto estimate
the meanandvarianceof a distribution, dueto the aliasingissues
discussedbove, it is notenoughto explicitly modela distribution.
However, usingacameraarrayof, say 100cameraswould make it
possibleto usemoresophisticatedlistribution models.

7 Conclusions

We have presented fast,automaticsystenfor high-qualitynatural
video mattingusinga cameraarray Our mattingalgorithmworks
well on dif cult scenes.lt is efcient, ordersof magnitudefaster
than previous naturalvideo matting systems,and is amenableto
real-timeimplementatiorasit is linearin thenumberof cameras.
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() (b) (c) (d)
Figure5: Resultson staticscenesA horizontallytranslatingcameracapturet0 imagesof a staticscene Our algorithmautomaticallypulls
outthematte.(a) Centralimage.(b) Trimap. (c) Alphamatte.(d) Groundtruth.

@ (b) (© (d)

Figure 6: Varyingthe numberof imagesused.(a) Centralimage.(b) Alphamatteusing120images(c) 60imagesand(d) 8 images.

(a) (b)
Figure 7: Alphamattingpeopleandhair. (a) A snapshofrom avideosequencef amoving head.Obsere thatthereis a moving personin
thebackgroundhatis correctlysggmentedoutin thecomposite(b) A snapshofrom avideosequencebtainedby a moving cameraarray
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(@) (b) (© (d)

Figure 8: VGA alphamatte.(a) Imagefrom the centralcamera(b) Alpha matte.Redrectanglesnarkthezoom-insshavn in (c) and(d).

(@ (b) (c) (d)
Figure 9: Alpha mattingsemi-transparerabjects. A VGA snapshofrom a video sequencef coffee pouringinto a glasspot. (a) Central
image.(b) Trimap. (c) Alphamatte.(d) Composite.

@ (b) (© (d)
Figure 10: Computingalphamattesfor avirtual cameraview. (a) Alpha Matte computedusingthe 7 outercamerasn our arrayfor avirtual
view co-locatedwith the centercamera. (b) Alpha Matte using all eight cameras.(c) Compositeusing the alphamultiplied foreground
computedor thevirtual view. (d) Compositeusingthe alphamultiplied foregroundcomputedwith datafrom all eightcameras.



