
To appearin theACM SIGGRAPHconferenceproceedings

Natural Video Matting using Camera Arrays

NeelJoshi� WojciechMatusik ShaiAvidan
Universityof California,SanDiego MERL MERL

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

Figure 1: Naturalvideomatting. (a) We usea cameraarrayto capturea collectionof imagesof a scene.Herewe show a singlecamera's
image.(b) We syntheticallyrefocusthedataandcomputethevarianceof therefocusedimages(darker meanslower variance).(c) Fromthe
“varianceimage”we automaticallycomputea trimap. (d) We propagatethevariancesinto theunknown region of the trimapandusethese
measurementsto solve for thealphamatte.(e)We thencomputethealphamultiplied foregroundandcompositeit with anew background.

Abstract

We presentan algorithm and a systemfor high-quality natural
video matting using a cameraarray. The systemuseshigh fre-
quenciespresentin naturalscenesto computemattesby creating
a syntheticapertureimagethat is focusedon the foregroundob-
ject,whichreducesthevarianceof pixelsreprojectedfrom thefore-
groundwhile increasingthevarianceof pixelsreprojectedfrom the
background.We modify thestandardmattingequationto work di-
rectly with variancemeasurementsandshow how thesestatistics
canbeusedto constructa trimapthat is laterupgradedto analpha
matte. The entire processis completelyautomatic,including an
automaticmethodfor focusingthesyntheticapertureimageon the
foregroundobjectandanautomaticmethodto computethetrimap
andthealphamatte. Theproposedalgorithmis very ef�cient and
hasa per-pixel running time that is linear in the numberof cam-
eras.Our currentsystemrunsat severalframespersecond,andwe
believe thatit is the�rst systemcapableof computinghigh-quality
alphamattesatnearreal-timerateswithout theuseof active illumi-
nationor specialbackgrounds.

Keywords: AlphaMattingandCompositing,Light Fields,Image-
BasedRendering

1 Intr oduction

Ef�cient andhigh-qualitycompositingis an importanttaskin the
specialeffects industry. Typically, movie scenesare composited
from two differentlayers(foregroundandbackground),whereeach
of theselayers can be computer-generatedor may be from real
footage�lmed at different locations. To usethe foregroundcon-
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tentof onesequenceastheforegroundlayer in a compositevideo,
theforegroundelementsmustbeseparatedfrom thebackgroundin
thesourcevideo.Thisprocess,known asmatting,separatesa fore-
groundelementfrom the backgroundby estimatinga color F and
an opacitya for eachforegroundpixel. With a singleimage,this
problemis highly underconstrainedandcanbeposedasanequation
in sevenunknowns(a , RGB foregroundF, andRGB background
B) andthreemeasurements(theRGBvideoframeI) ateachpixel:

I = a F + (1� a )B: (1)

Themostwidelyusedmattingmethod,blue-screenmatting,con-
strainsthe problemby �lming actorsin front of a known (blue or
green)background.While this simpli�es theproblem,themethod
hassigni�cant limitations in that it can only be usedin a movie
studioor asimilarly controlledenvironment.

Ideally, onewould like to computean alphamattefrom a reg-
ular videostreamtaken in a natural,uncontrolledenvironment– a
processknown asnaturalvideomatting. Recently, therehasbeen
signi�cant progressin this area;however, many currentmethods
requireuserinput,havepotentiallylengthy run-times,andhavedif-
�cultly with highly texturedscenes.

In this paper, we presentan algorithmthat usesa cameraarray
to computemattesfor naturalsceneswith textured backgrounds.
Relative parallaxin the array images,due to separationbetween
the foregroundand background,allows us to captureforeground
objectsin front of differentpartsof the background.Given a suf-
�ciently texturedbackground,we capturetheforegroundobjectin
front of several backgroundcolors, which constrainsthe matting
problem. We project the color valuesfrom eachcamerato the
depthof the foregroundobjectandusemeanandvariancestatis-
ticscomputedfrom thesevaluesto automaticallycomputea trimap
andsubsequentlya andF. We performthis projectionusingsyn-
theticrefocusing[Isaksenetal. 2000]andsweepacrossdepthsnear
theforegroundobjectto optimizethefocusperpixel; asaresult,we
cangeneratemattesfor non-planarobjects.Wecomputealphamat-
tesusinga novel mattingequationthatworkswith pixel variance,
insteadof working directly with pixel values. The result is a fast
andautomaticalgorithmthatavoidsthedif�cult problemsof com-
putingthebackgrounddepthandreconstructingthe3D sceneand,
asa result,workswith arbitrarily complex backgroundscenes.An
additionalbene�t of ouralgorithmis thattheper-pixel runningtime
is proportionalto thenumberof cameras.Thismakesthealgorithm

1



To appearin theACM SIGGRAPHconferenceproceedings

extremelyef�cient andamenableto real-timeperformance,andit
is easilyimplementedoneitheraCPUor GPU.

Themain contributionsof our paperarethe following: extend-
ing themattingequationto dealwith thevarianceof pixel measure-
ments,usinga cameraarray for alphamatting,presentingan au-
tomaticmethodfor computinga trimapandalphamatte,andcon-
structinga real-timesystemfor naturalvideo matting. We show
resultsfor a largerangeof objects(people,hair, trees,�uids, glass,
andsmoke) capturedagainsta varietyof backgrounds(of�ce envi-
ronmentsandtrees)usingourcameraarray.

In thenext section,wewill discusssomeof thepreviouswork in
thisarea.In section3, wewill presentouralphamattingalgorithm.
In section4, we will presentour alphamattingsystem.Lastly, we
presentresultsfor staticanddynamicscenesin section5, followed
by adiscussionof ourmethodandourconclusions.

2 PreviousWork

Theproblemof alphamattinghasbeenresearchedfor almosthalf a
century. The�rst mattingalgorithmsandsystemscanbeattributed
to Vlahos [1958; 1971; 1978]. Blue-screenmattingwasmathe-
maticallyformalizedby SmithandBlinn [1996],who alsoshowed
that imaginga foregroundagainsttwo differentbackgroundsgives
a robustsolutionfor boththealphaandtheforegroundcolor. Their
methodhasbeenextendedto work with morecomplex light trans-
port effects(e.g.,refraction)by Zongker et al. [1999] andChuang
et al. [2000]. However, thesemethodsrequireactive illumination
andmultiple images.

Recently, therehasbeensigni�cant work in naturalimagemat-
ting. BayesianMatting [Chuangetal. 2001],which is basedon the
methodof RuzonandTomasi[2000], usesa userspeci�ed trimap
anda probabilisticmodelof foregroundandbackgroundcolorsto
computeamatte.Thismethodhasbeenextendedto video[Chuang
etal.2002];however, trimapsstill needto bespeci�edmanuallyfor
keyframes.In a furtherextension,Zitnick etal. [2004]useamulti-
camerasystemto reconstruct3D scenegeometryanduseBayesian
Matting to computealphamattesat depthdiscontinuities. While
their depthcomputationis automatic,their systemis not real-time
– it requiresoff-line processingto computeboththedepthandalpha
mattes.Our system,in contrast,is not dependenton scenerecon-
structionandthereforecanhandlestructurallycomplex scenes,and
it runsat3 to 5 framespersecond.Furthermore,asresearchershave
noted[Li etal. 2005],BayesianMattingfails for highly texturedar-
easwherelocal spatialcoherenceor smoothnessassumptionsare
violated.By contrast,our methodmakesno assumptionsaboutthe
foreground,while requiringthe backgroundto have at leastsome
texture,andperformsverywell evenwhenboththeforegroundand
backgroundarehighly textured.

PoissonMatting [Sunet al. 2004]addressessomeof the issues
of colorbasedmethodsby posingmattingassolvingPoissonequa-
tionsof themattegradient�eld. This resemblesour work in spirit,
in that it doesnot work directly on the imagecolor but on a de-
rivedmeasurement,but it differs from our methodin that it works
onstill images,requiressomeuserinput,andtakesseveralminutes
to processasingleframe.

McGuire et al. [2005] computealphamattesfor naturalscenes
usingthreevideostreamsthatshareacommoncenterof projection
but vary in depthof �eld andfocal plane. While their methodis
automatic,its runningtime is many minutesperframe.In addition,
theforegroundobjectmustbein theforegroundfocusrangeduring
shooting,whereasour methodcanbe usedto computemattesfor
any depthplaneaftershooting,usingsyntheticrefocusing.

A relatedareaof work is that of object“cut andpaste”,where
mattesare computedafter performing binary segmentationwith
minimal user input [Rother et al. 2004; Li et al. 2004]. These
methodshave alsobeenextendedto video [Wanget al. 2005; Li
et al. 2005].Thesemethodstendto belimited to “bordermatting”,

wherealphais computedalongtheobjectborderafterhardsegmen-
tation; it' s unclearif thesemethodscancomputemattesfor semi-
transparentobjectssuchas�uids or smoke. Also, asthey require
userinput, the total amountof processingtime canstill be signif-
icant. Kolmogorov et al. [2005], on the other hand,describean
automaticreal-timesystemthat usesgraphcutson a stereovideo
to segmenttheforegroundfor avideoconferencingscenario.How-
ever, thiswork alsoonly computesalphaonobjectborders.

Our work is mostsimilar to thatof Wexler et al. [2002], which
alsousesmultiple imagesto computean alphamatte. Whereour
work differs is that Wexler et al. posethe problemin a Bayesian
framework andconsiderseveraldifferentpriors,includingbounded
reconstruction,a distribution,andspatialconsistency. Thesepriors
arederivedfrom assumptionsaboutalphamattestructureandthus
limits thetypesof objectsthatcanbesuccessfullymatted.Wexler
etal. alsoassumethatthebackgroundis mostlyplanarandthatit is
known or canbeestimated.In contrast,our methoddoesnot make
assumptionsaboutalphamattestructureor thephysicalbackground
structure,andwe do not explicitly estimatethe entirebackground
color layer. Furthermore,Wexler et al. do not discussreal-timeas-
pectsof their system,while oursystemrunsatnearreal-timerates.

In recentyears,cameraarrayshave beenusedfor a wide vari-
ety of applicationsin computergraphicsandcomputervision. For
an extensive list of citationsanddiscussionof previous work we
encouragethereaderto readWilburnetal. [2005].

3 Alpha Matting Algorithm
Our algorithm resemblespast approachesin that it computesa
trimap that is then upgradedto an alphamatte. However, there
areseveralrelevantdifferencesbetweenour work andpreviousap-
proaches.First, we computethe trimap automaticallyanddo not
assumethata usersuppliesit interactively. Second,our algorithm
useshigherorderstatistics(i.e.,variances)of imagemeasurements
thatwe thenpropagateinto theunknown regionof thetrimap.Pre-
vious methodspropagatemeasurementsinto the unknown region;
however, they propagatepixel valuesdirectly which makes limit-
ing assumptionsaboutthescenecontent.Propagatingvariancesis
muchlesslimiting, aswewill show in thenext section.Speci�cally,
ouralgorithmproceedsasfollows:

1. Automatically�nd thedominantforegrounddepthplaneand
thenperformalocaldepthsearchto accountfor non-planarity

2. Computethe meanand varianceof color valuesfrom each
cameraprojectedto their correspondingdepths

3. Automaticallycomputea trimapbasedonvariance
4. Propagatethe variancefrom the backgroundandforeground

regionsto theunknown region
5. Propagatethemeanfrom thebackgroundto theunknown re-

gion
6. Computea anda F

Theper-pixel runningtime of thealgorithm(includingthecompu-
tation of the variancesand the trimap) is linear in the numberof
camerasin the array. We will �rst describethe last threestepsof
ouralgorithm,asthey form thecoreof ourcontribution. Discussion
of the�rst threestepsof thealgorithmis deferredto section4.

3.1 Moti vation

Givenn imagesof ascene,weconsiderthefollowing mattingequa-
tion of agivenscenepoint p:

Ii(p) = a (p)Fi(p) + (1� a (p))Bi(p); (2)

whereIi(p) correspondsto theintensityof point p recordedin im-
agei. Fi(p) andBi(p) arethe foregroundandbackgroundvalues
that,asafunctionof thetransparency a (p), aremixedto giveI i(p).
Wewill dropthenotationp whereverpossibleto improvereadabil-
ity. Specifyinga differentFi for every imagemeansthatwe allow
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Figure 2: Propagating imagestatistics.The threecamerason the
left I1,I2, andI3 observe a foregroundobjectF anda background
objectB. Thepoint p hasa trimap labelof unknown, and pF and
pB arethepointsnearestto p labeled,respectively, foregroundand
background. To solve for a anda F, we needthe measurements
var(I (p)) , var(F(p)) , var(B(p)) , mean(I (p)) , andmean(B(p)) ;
however, we canonly measurevar(I (p)) andmean(I (p)) . We es-
timatevar(F(p)) , var(B(p)) , andmean(B(p)) from themeasure-
mentsat pF andpB. Wenotethattheraysgoingthroughthepoints
p and pB hit overlappingregions (indicatedby the shadedtrian-
gle) on the backgroundand,asa result,the meanandvarianceof
thetwo pointsshouldindeedbesimilar. In practice,this overlapis
quite large. We only assumethat thevariancefor thepointsp and
pF , not their mean,is thesame,which is equivalentto sayingthat
they canhave differentalbedobut their view-dependentstatistics
(e.g.,specularitylevel) arethesame.

for view-dependenteffects,suchasspecularity. However, we as-
sumethat the transparency of the point is view-independentand
hencea is �x edacrossall images.

Weconsiderf Ii(p)gn
i= 1, f Fi(p)gn

i= 1, andf Bi(p)gn
i= 1 assampling

therandomvariablesI ;F, andB, respectively, andrewrite themat-
ting equationusingthesevariables:

I = a F+ (1� a )B; (3)
We wish to solve for a anda F using theserandomvariables

anddothisby usingsecond-ordermomentsof I ;F andB (i.e.,vari-
ances)to solve for a and�rst-order moments(i.e.,means)of I and
B to solve for a F. Notethatwedonotusethemeanof F.

Recallthat thefourth and�fth stepsof our algorithmpropagate
imagemeasurementsfrom theforegroundandbackgroundlabeled
pixelsto theunknown pixels.While onecouldpropagatethemean
pixel valuesof the foregroundobjectandsolve for analphamatte
using meanstatisticsalone,this assumesthat foregroundobjects
havelow spatialfrequency albedo,whichis averylimiting assump-
tion, whereaspropagating the variancesallows objectswith both
low andhigh spatialfrequency albedo.This is an importantpoint
andis oneof thekey componentsof ouralgorithm.

Speci�cally, let p be the scenepoint underconsiderationand
denotepF andpB astheclosestpointsthatarelabeledasforeground
andbackground,respectively, in thetrimap.Wemakethefollowing
approximations:

var(F(p)) � var(F(pF ))
var(B(p)) � var(B(pB)) (4)

mean(B(p)) � mean(B(pB))

Theseapproximationsmake the two following assumptions.The
�rst and second-orderstatistics(e.g., meanand variance)of the
closestbackgroundpoint pB arethesameasthestatisticsof thecor-
respondingbackgroundcolorsthatscenepoint p is viewedagainst.
Thisis aplausibleassumptionbecausetheraysgoingfrom thecam-
eracentersthroughthepointsp andpB will hit similar partsof the

background,as illustratedin Figure 2. In practice,as the back-
groundis signi�cantly far from the foregroundobjectandthedis-
tancebetweenp and pB is small, the ray bundlesgoing through
thesetwo pointsoverlapsigni�cantly. The second-orderstatistics
of theclosestforegroundpoint pF arethesameasthesecond-order
statisticsof the scenepoint p. This is equivalent to statingthat
view-independentproperties(e.g.,albedo)of the scenepoint and
its closestforegroundpoint can be completelydifferent but their
view-dependentstatistics(e.g.,specularitylevel) arethesame.

3.2 Mathematical Derivation

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

var(I ) = var[a F+ (1� a )B]: (5)

If weassumethatB andF arestatisticallyindependentthen:

var(I ) = var[a F+ (1� a )B]

= h[(a F+ (1� a )B) � ha F+ (1� a )Bi ]2i

= h[a (F � hFi ) + (1� a )(B � hBi )]2i

= a 2h(F � hFi )2i + (1� a )2h(B � hBi )2i

= a 2var(F) + (1� a )2var(B) (6)

wherehXi denotesthe meanvalueof X. The assumptionthat B
andF arestatisticallyindependentis manifestedin goingfrom the
third to the fourth line of equation6 wherethe expectedvalueof
term a (1� a )(F � hFi )(B � hBi ) is assumedto be equalto zero.
In orderto computea , weneedto solveaquadraticequationin a :

[var(F) + var(B)]a 2 � 2var(B)a + [var(B) � var(I )] = 0: (7)

Thesolutionsto thisquadraticequationare:

a =
var(B) �

p
4

var(F) + var(B)
; (8)

where
4 = var(I )[var(F) + var(B)] � var(F)var(B): (9)

Equation8 provides two algebraicsolutions; however, when
var(B) � var(F), as is the casein practice,then one of the so-
lutions is oftengreaterthan1 makingit inconsistentwith thecon-
straintthata 2 [0;1]. In casebothsolutionsarevalidandconsistent,
we take their average.Algebraicanalysisrevealsall possiblecases
andcanbesummarizedasfollows:

a=

8
>>>>>>>>>><

>>>>>>>>>>:

0 var(I ) > max(var(B);var(F)) ;

var(B)+
p

D
var(B)+ var(F) var(B) < var(I ) � var(F);

var(B)�
p

D
var(B)+ var(F) var(F) < var(I ) � var(B);

var(B)
var(B)+ var(F)

var(B)var(F)
var(B)+ var(F) � var(I ) � min(var(F);var(B)) ;

1 var(I ) < var(B)var(F)
var(B)+ var(F) :

(10)
The�rst andlastlinesof equation10representthecasesin which

novalid solutionsexist, andweclip a appropriately. Lines2 and3
representthecasein whichoneof thesolutionsis outsidetherange
[0;1], andwe cansafelychoosetheothersolution. In practice,we
only encounterthe caseshown in line three. Line 4 is whenboth
solutionsarevalid, andweseta to betheir average.

Notethat two discontinuitiesoccur. Oneoccurswhenthevalue
of var(I ) switchesthesolutionfrom lines2 or 3 to line 4, andthe
secondis from line 4 to 5. Theseare due to switching from an
exact solutionto an approximatesolution. For both solutionsthe
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discontinuityis no morethan var(F)
var(B)+ var(F) = 1

1+ c , wherec is de-
�ned as the ratio betweenbackgroundand foregroundvariances,
i.e., var(B) = cvar(F). In the worst casec = 1 (the background
andforegroundvariancesarethe same),andthe error is 0:5 (i.e.,
weseta to 0:5 where,in fact,it shouldhavebeeneither0 or 1). In
practicewe foundthatc is on theorderof 100,which makesfor a
roughly0:01errorin alphaestimation.

Note that if we assumethat our sceneis diffuse(var(F) = 0),
thenequation8 hasnoambiguity:

a = 1�

s
var(I )
var(B)

: (11)

Wecomputea F usingthefollowing equation:
a F = hI i � (1� a )hBi ; (12)

wherehI i is the meanof the correspondingpixel value in all im-
ages,a is recoveredfrom equation10, andhBi is themeanof the
backgroundpixel values.To visually preserve view dependentef-
fects, suchas highlights, without blurring them in the computed
a F, wecomputehI i andhBi usingaweightedmeanwith thehigh-
estweightplacedon thecentralreferencecamerawith theweight
droppingfor camerasthatarefartheraway. To summarize,weesti-
matemeanandvariancestatisticsusingequation4 andcomputea
anda F usingequations10 and12,andour resultis mostaccurate
whenvar(B) � var(F).1

4 Alpha Matting System

Oursystemworkswith anarrayof synchronizedvideocamerasthat
capturethesceneof interest.Thecentralcamerais de�ned asthe
referencecameraandour goal is to computeanalphamatteon the
referencecamerausing informationfrom the restof the cameras.
Thealgorithmrequiresthemeanandvariancestatistics,aswell as
the trimap, to be computedat the foregrounddepth. We will now
describehow wecomputethesevalues.

4.1 Automatically Selectingthe Foreground Depth

To computethemeanandvariancestatistics,it is necessaryto iden-
tify correspondingpixelsin eachcameraimagefor eachforeground
scenepoint p. Wedothisby syntheticallyrefocusing[Isaksenetal.
2000] thearrayimagesto the foregroundobject's depthplane.To
automaticallypick thisplane,wehavedevelopedan“autofocus”al-
gorithm.Ourmethodis similar in spirit to autofocusin aconsumer
camera,wherea cameravariesits focusandpicks the settingthat
givesthestrongestgradientsin pre-de�nedregions(oftenappearing
asred-rectanglesin theview�nder). We insteadsweepa synthetic
focalplanethroughthescene,sumthevarianceateachplanewithin
eachof 9 10x10pixel focusregions,andpick thedepththatgives
the minimum variancein oneof theseregions. Low varianceat a
depthplaneimplies thata numberof featuresarealignedandthus
an object is present;we use9 focusregionsdistributedaboutthe
imagesincethe foregroundobjectcould appearin differentparts
of the image.We limit thedepthrangeduringthesweepsuchthat
we do not autofocuson the background.Currently, our autofocus
methodis ”on-demand”.We typically run it onceat thebeginning
of a sequenceandusethis depthfor theentiresequence;however,
if the foregroundobjectmovessigni�cantly off this depth,we run
themethodagain.

We alsoprovide a “manualfocus” interfacethatallows theuser
to overridethe automaticfocusingwhennecessary. The usercan
pick the foreground depth by interactively sliding the synthetic
planeof focus throughthe scene;the syntheticapertureimageis
displayedin real-time,sothat theusercanchoosetheplanewhere

1As a point of clari�cation, a F is an RGB value,while a is a single-
channelvalue; therefore,themeanvaluesareRGB values,while thevari-
ancevaluesweusearethelengthsof theRGBvariancevectors.

Figure3: Cameraarrayandreal-timesystem.Weusealineararray
of 8 videocameras.Wecancomputealphamattesatseveralframes
per secondat quarter-VGA resolutionand generateVGA results
of�ine ataboutasecondperframe.

the foregroundobject is best focused. We have found that this
methodis a relatively simpleandintuitive way to selectthe fore-
grounddepth.

Oncethearrayimagesarealignedto a depthplane,featureson
thisplanehaveminimalvariance,while featuresoff thisplane,such
asthebackgroundhave high variance,which is thedesiredeffect.
However, if the foreground is non-planar, textured areasoff the
planewill also exhibit higher variance,which could causeerro-
neousa values. Fortunately, it is relatively simple to handlethis
non-planarityby adjustingtheper-pixel depth.We performa local
searchby sweepinga planeover a smalldepthrangenearthefore-
groundreferenceplaneandstoretheminimumvariancevalueand
correspondingmeanper-pixel over that range.2 This allows us to
automaticallyadjustthefocusslightly onaper-pixel basis.

4.2 Automatic Trimap Computation

As describedin section3.1, sincewe only observe I , we have to
approximatethevarianceof F andB usingnearbyscenepoints.For
eachpoint labeledasunknown in the trimap,we usethe variance
of its nearestforegroundandbackgroundpointsto estimatevar(F)
andvar(B). We thencomputealphausingequation10.

We constructthetrimapby �ltering var(I ) with a 9x9 pixel me-
dian �lter to smoothout small �uctuations dueto noise. We then
use a relatively standardapproachof erosionand dilation com-
binedwith double-thresholdingto createa trimap with conserva-
tively wide unknown regions. Varianceslessthan100areconsid-
eredforeground,greaterthan 5000 are background,and the rest
are unknown. We erodethe foregroundand backgroundregions
to remove smalldisconnectedareasanddilate theunknown pixels
inwardsandoutwardsby 5 pixels.

4.3 Implementation

We usea lineararrayof 8 Baslercamerasshown in Figure3. The
resolutionof eachcamerais 640x480pixels (Bayerpattern). The
camerashave externalhardwaretriggersandcanprovide synchro-
nizedvideo captureup to 30 framesper second.All camerasare
connectedto one3GHz PC over Firewire. We geometricallycal-
ibrateour cameraarray(bothextrinsicsandintrinsics)usingstan-
dardcomputervision methods.We assumethatthecentersof pro-
jectionof our cameraslie on a line. Furthermore,we computeho-
mographiesthat rectify all cameraplanes.We performbasiccolor
calibrationby placinga Macbethcolor checker in the sceneso it
is viewableby all camerasandthencomputea color transformfor

2For our experimentsthe depthrangeis abouta foot aroundthe plane.
While therangeonly hasto benarrow enoughto avoid includingtheback-
ground,a relatively narrow rangeis desirablefor fastercomputation.
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(a) (b) (c) (d) (e)
Figure 4: Resultsfor a treein front of a backgroundof trees.A horizontallytranslatingcameracaptures30 imagesof a staticscene.Our
algorithmautomaticallypulls out thematte.(a)Centralimage.(b) Trimap. (c) Alphamatte.(d) Zoomin on thealphamatte.(e)Zoomin on
thegroundtruth.

eachcamerato matchits imageof thecolor checker to thatof the
centralreferencecamera.We alsoperformvignettingcalibration
andhave foundthis to signi�cantly improve thequalityof ourvari-
anceestimatesand,by extension,our trimapsandalphamattes.

In our implementation,we distinguishbetweentwo scenarios.
The�rst is anonlinesystemthatcanprocessquarter-VGA images
atseveralframespersecond,andthesecondisanof�ine systemthat
canproducehigh-qualityVGA resultsat aboutoneframepersec-
ond.Thedistinctionbetweenthetwo methodsis in thesearchstage.
Speci�cally, in theof�ine systemwe performour depthsearchfor
every pixel, whereasin theonlinesystemwe computethevariance
for oneplaneonly, �lter it to remove high variancesdue to non-
planarityof theforeground,andthenperformourdepthsearchonly
for thepixelsin theunknown regionof thetrimap.

5 Results

In this section,we presentresultsusingour algorithm. First, we
show resultsfor staticscenes.For the static results,we acquired
a sequenceof imagesof eachobjectwith a horizontallytranslating
camera.Eachobjectis capturedby 30to 40images.In Figure4,we
show resultsfor a tree�lmed in front of severalothertrees.Pulling
a mattefor this sceneis very challengingas the foregroundand
backgroundstructureis complex. Furthermorethe colors in both
layersaresimilar. A mattingmethodthat assumeslow-frequency
backgroundswould have dif�culty with sucha sceneaswould any
3D reconstructionmethod.Our method,however, recoversa high-
qualityalphamatte.In Figure4, wecompareour resultto aground
truth resultobtainedusingtriangulationmatting[Smith andBlinn
1996].Notethatour resultrecoversdetailssuchassinglepinenee-
dles,whicharealsoseenin thegroundtruthmatte.

In Figure5,weshow resultsfor anobjectthathashigh-frequency
content. The fur on the doll is variousshadesof pink andwhite.
For this object,our useof variancestatisticsis very importantas
thecolorsfor neighboringforegroundpixelscanvarysigni�cantly.

Our methodcanpull mattesfor foregroundobjects�lmed over
a wide varietyof backgrounds.In Figure5, we show resultsfor a
Santadoll �lmed in anof�ce corridor. Thebackgroundstructurein
thissceneis signi�cantly differentthanthatof thepreviousresults;
the backgrounddepthrangeis large and it also includesa glass
doorwith strongspecularre�ections, yet we cansuccessfullypull
amattefor theintricatehair structureonSanta'sbeard.

In our �nal staticresult,we explorehow thenumberof images
affectsthealphamattequality. To do this,we captureda sequence
of 120imagesof astuffedgorilla andappliedouralgorithmto vary-
ing subsetsof imagesrangingfrom 8 up to 120 images.Figure6
shows the resultingalphamattesfor differentnumbersof images.
As we drop thenumberof imagesused,thealphamattequality is
retained. In general,the numberof camerasneededto get good
resultsis a function of scenecontentandcameraspacing. While
thereis no magicnumberof camerasneededfor our method,we
haveobtainedgoodresultswith asfew aseightcameras.

We now show single-framesnapshotsfor resultscomputedfor

dynamicscenes.Thereaderis encouragedto view thevideoclips
of thesescenesandseveraladditionalscenesin our supplementary
materials.Figure7 shows two examplesof pulling a mattefor in-
tricatehair structureat two framesper second.The �rst caseis a
snapshotfrom a videosequenceof anactortalkingandmoving his
head. Of interestis the fact that thereis a personmoving in the
background.Theactoris correctlypulledfrom thescene,ascanbe
seenin thecomposite.Thesecondcaseshows resultsfor anactor
�lmed with a moving cameraarray. This caseis dif�cult because
thestatisticsof thebackgroundconstantlychangeasthecamerais
panning.Figure8 showsazoom-inonaVGA result.

Our algorithmcanhandlenot only hair andtrees,but canpull
mattesfor transparentobjects,suchas �uids andsmoke, without
any specialmodi�cations to the algorithm. In Figure9, we show
a VGA resultfor coffeebeingpouredinto a glasspot. This scene
is very challengingdueto highlightson the coffee pot, the trans-
parency of theglass,andbubblesfrom theliquid beingpoured.In
Figure1, we show a VGA result for a video sequenceof smoke.
Anotherframefrom thissequenceis shown in Figure10. Notethat
bothresultsaccuratelycapturea singlering of smoke. Theobjects
in thesescenesaredif�cult to model,yet thealphamattesaresur-
prisinglygood.

We envision thatin a movie studioa directorwould wish to pull
analphamattefor ahigh-qualitymovie camerathatwasnotdirectly
integratedinto oursystem.For suchasetup,wewouldusethecam-
erasfrom our systemto generateanalphamattefor theviewpoint
of themovie camera.For this application,we needto generatean
alphamattefor a virtual viewpoint. As our camerapositionsare
known, andour alphamatteis computedfor a single foreground
depth,computingalphafor a virtual view is trivial using simple
image-basedrenderingtechniques.In Figure10, we show a vali-
dationof this by computinga matte,usingonly the datafrom the
sevenoutercameras,for theviewpoint of thecentralcamera.This
resultis virtually identicalto theresultthatusesall eightcameras.

6 Discussionand Futur e Work

While we have achievedgoodresultswith our method,our system
doessuffer from several limitations. First, we assumethat alpha
is �x ed andnot view-dependent.While true in practicefor many
objects,somematerialsexhibit view-dependentalphadueto self-
occlusion. Self-occlusioncausesa high variancefor pixels in the
syntheticallyrefocusedimage. This resultsin an incorrectalpha
value.Usinga narrow baselinefor our cameraslimits theseerrors.
For ourscenes,wherethebackgroundwasacouplemetersfrom the
foreground,we foundthata half-meterbaselineworkedwell. Ad-
ditionally, usinga per-cameraweightingtermdesignedto preserve
view-dependenteffects [Buehleret al. 2001] could reducethese
errors. By weighting camerascloserto the referenceview more
heavily, wecanlimit theeffectsof self-occlusion.

Second,we arelimited by aliasingin our light �elds. In prac-
tice,we have founderrorsdueto aliasingto besigni�cant only for
our measurementsfor pixels on the background.Aliasing causes
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thevariancemeasurementsto beincorrectdueto periodictextures
beingalignedwhenwe syntheticallyrefocusour data.This causes
a backgroundpixel to have non-zeroalpha. Thereareseveral de-
signimprovementsthatcouldalleviatetheseproblems.The�rst is
to usemorecameras.We believe our algorithmwould work well
with a large,densecameraarraysuchasthatshown by Wilburn et
al. [2005]. Evenwith a smallnumberof cameras,differentcamera
distributionscouldreducealiasingartifacts.For example,cameras
could be concentratedmore towardsthe centerreferencecamera.
If onewereto usea 2D grid, thesystemwould bene�t from back-
groundcolor variationthatoccursbothhorizontallyandvertically.
Furthermore,in man-madesettings,asbackgroundstructuresare
primarily horizontalandvertical, usinga diagonalcrossarrange-
mentcouldbeuseful,asit would maximallyspreadthesefeatures
in thesyntheticallyrefocusedimages.

Third, we assumethat thevarianceof thebackgroundis several
ordersof magnitudelargerthanthatof theforeground,whenthis is
not thecase,ourmethodwill fail. Fortunately, this is truefor many
scenes,andevenveryspecularsurfaceshavevar(F) afew ordersof
magnitudelower thanvar(B).3 Furthermore,var(B) canbe high
evenfor scenesthatdonothavehigh-frequency backgrounds.Even
abackgroundwith avery low spatialfrequency, suchastwo differ-
entandconstantcolors,sideby side,canbeenoughto generatea
highvariance,providedthatraysfromthecameraarraysampleboth
colors;in thelimit, a foregroundpoint needsto beimagedin front
of two differentbackgroundcolors[Smith andBlinn 1996]. Nev-
ertheless,whenvar(B) is low, theinput reducesto a singlecamera
input with a known backgroundvalue. In this case,onecanuse
existing algorithmssuchasblue-screenmatting[Smith andBlinn
1996]or BayesianMatting [Chuanget al. 2001]. A naturalexten-
sion,therefore,is to combineour algorithmwith existing methods
suchthat imagecontentwill dictatethe appropriatealphamatting
algorithm.

Onecangeneralizeequation6 to higherorderstatistics;this a
potentiallyuseful extensionworth investigation. More generally,
onecanconsiderthedistributionsandnot justmeansandvariances
for pulling thematte.While 8 camerasmaybeenoughto estimate
the meanandvarianceof a distribution, dueto the aliasingissues
discussedabove, it is not enoughto explicitly modela distribution.
However, usingacameraarrayof, say, 100cameras,wouldmake it
possibleto usemoresophisticateddistributionmodels.

7 Conclusions
Wehavepresentedafast,automaticsystemfor high-qualitynatural
videomattingusinga cameraarray. Our mattingalgorithmworks
well on dif�cult scenes.It is ef�cient, ordersof magnitudefaster
than previous naturalvideo matting systems,and is amenableto
real-timeimplementationasit is linearin thenumberof cameras.
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(a) (b) (c) (d)
Figure5: Resultsonstaticscenes.A horizontallytranslatingcameracaptures40 imagesof astaticscene.Ouralgorithmautomaticallypulls
out thematte.(a)Centralimage.(b) Trimap.(c) Alphamatte.(d) Groundtruth.

(a) (b) (c) (d)
Figure6: Varyingthenumberof imagesused.(a)Centralimage.(b) Alphamatteusing120images,(c) 60 images,and(d) 8 images.

(a) (b)
Figure 7: Alpha mattingpeopleandhair. (a) A snapshotfrom a videosequenceof a moving head.Observe thatthereis a moving personin
thebackgroundthatis correctlysegmentedout in thecomposite.(b) A snapshotfrom avideosequenceobtainedby amoving cameraarray.
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(a) (b) (c) (d)
Figure8: VGA alphamatte.(a) Imagefrom thecentralcamera.(b) Alphamatte.Redrectanglesmarkthezoom-insshown in (c) and(d).

(a) (b) (c) (d)
Figure 9: Alpha mattingsemi-transparentobjects.A VGA snapshotfrom a videosequenceof coffeepouringinto a glasspot. (a) Central
image.(b) Trimap.(c) Alphamatte.(d) Composite.

(a) (b) (c) (d)
Figure10: Computingalphamattesfor avirtual cameraview. (a)AlphaMattecomputedusingthe7 outercamerasin ourarrayfor avirtual
view co-locatedwith the centercamera. (b) Alpha Matte usingall eight cameras.(c) Compositeusing the alphamultiplied foreground
computedfor thevirtual view. (d) Compositeusingthealphamultiplied foregroundcomputedwith datafrom all eightcameras.
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