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Abstract— Disparity estimation belongsto the most important,
but dif�cult, problemsin image processingand computer vision.
Its importance stemsfr om a wide range of applications, while its
dif�culty is related to ill-posedness.To date, numerous disparity
estimation algorithms have been developed. In this paper, we
consider a particular case of disparity estimation based on
two views and a known alpha channel partitioning each view
into foreground and background. The main idea is to use this
partitioning in order to enhance disparity estimation in the
foreground object close to its boundary. We propose a block-
based disparity model with two alpha-channel constraints: a
photometric one, disabling invalid intensity/color matches, and
a geometric one, preventing disparity smoothing between fore-
ground and background. We incorporate theseconstraints into a
Bayesianframework using the maximum a posteriori probability
criterion. We experimentally demonstrate impr ovements in the
estimateddisparities at foreground object boundaries, and show
examplesof image relighting using thesedisparities.

Index Terms— Disparity estimation,stereo,alpha channel,blue
screening, image compositing

I . INTRODUCTION

T HE recovery of 3D scenestructurefrom multiple views,
andtherelatedproblemof disparityestimation,belongto

themostimportant,but dif�cult, problemsin imageprocessing
and computervision. Their importancestemsfrom a wide
rangeof applications,from 3D sceneanalysis,throughmulti-
view video coding,to mixing of real andcomputer-generated
3D imagery. Thedif�culties in disparityestimationstemfrom
its ill-posed nature,requiring suitablea priori models.The
most successfuldisparity estimationmethodsto date using
suchpriors are methodsbasedon 1D correspondencesusing
dynamicprogramming,2D correspondencesover rectangular
blocks [1], densevector �elds (e.g., Markov random�elds)
[2], [3], andgraphcuts[4]. Many variantsof thesetechniques
have beenproposed,andarebeingconstantlydeveloped.

In this paper, we considerdisparityestimationin thepartic-
ular context of imagecompositingandmixed-realitysystems.
When several imagesneed to be combinedtogether, infor-
mationaboutthebackgroundandforegroundin eachimageis
needed�rst. This information,known asthealphachannel,can
beacquiredby suchtraditionaltechniquesas“blue screening”,
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basedon color discrimination,or by more recenttechniques
like “depth keying”, using depth discrimination.In standard
imagecompositingusing the “over” method[5], pixel inten-
sities from two or more imagesare linearly combinedbased
on their opacities(alphachannelvalues).Sincethis approach
accounts for no object/scenestructure, correct 3D object
positioningand accuratelighting are not possible.Therefore,
of interestis stereo-basedimagecompositingthat exploits 3D
structure for seamlessobject/sceneintegration (photometric
andgeometric).

In orderto accuratelyrecoverstructureof anobjectcaptured
against blue screen,we proposeto exploit alpha channels
computedprior to imagecompositing.The goal is to improve
disparityestimatescloseto foregroundobject's boundary. We
proposea block-baseddisparitymodelwith two alpha-channel
constraints:aphotometricone,disablinginvalid intensity/color
matches,and a geometricone, preventing disparity (depth)
smoothingbetweenforegroundandbackground,andwe incor-
porateboth into a Bayesianframework under the maximum
a posteriori probability criterion.Although pixel transparency
hasbeenconsideredwithin disparityestimationin thepast[6],
only a photometricconstraintwasapplied.

The paper is organized as follows. In Section II, we
overview image compositingand alpha channelestimation.
In Section III, we describestandardblock-baseddisparity
estimation,and in SectionIV we extend it by incorporating
alpha channelinformation. We show experimentalresultsin
SectionV, anddraw conclusionsin SectionVI.

I I . IMAGE COMPOSITING USING STEREO

In visual special effects and in mixed-reality systems,
several images are often combined together by meansof
compositing[5]; for example,in the so-called“over” method
pixel intensitiesarelinearly combinedbasedon their opacities.
Clearly, pixel opacities(visible, partially visible, invisible),
also known as alpha channelvalues,must be known for all
imagesprior to compositing.While for computer-generated
imagesopacitiesare known, they are unknown for camera-
acquiredimagesandneedto be computed.

Onetechniqueusedto separatean object from background
in life images is blue screen matte; objects are �lmed in
front of a blue background,after which the blue areasare
removed assumingno blue color is presentin the foreground
object.Themaindif�culty lies in theaccuracy of extractingthe
matte(alphachannel);�ne details,suchashair or fur, canbe
accidentallycut off from the rest of the �gure. Today, with
images captureddigitally, relatively accuratealpha-channel
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extractionmethodsexist [7]. An alternative is depthkeying [8]
wheredepthof a 3D sceneis capturedby specialcamera,that
simultaneouslyrecordsthe photometryand depth, followed
by depth processingin order to differentiate between the
foreground object (smaller depth) and background(larger
depth).This approach,however, requiresspecialized,expen-
sive hardware,and,in somescenarios,is unreliable.Although
thedepthcanbecapturedimplicitly by two (or more)cameras,
andthenrecoverednumerically, suchtechniqueshave not yet
reachedperformancelevel of blue-screenmethods.

Therefore, in this work, we rely on blue screeningfol-
lowed by Bayesianmatte extraction [7]. However, in order
to seamlesslyinsert the capturedobject into an imageof 3D
scene(positioning, relighting), the object's structure(depth)
is needed as well. We propose to capture an object in
front of blue screenwith two video cameras.We focus on
depth extraction accountingfor object boundariesthat can
be implementedin real time on today's hardware. Note that
when compositing images of a 3D object and 3D scene,
their illumination parametersneed to be considered.While
for computer-generatedimagestheseparametersare known,
they needto beadequatelymodeledandestimatedfor camera-
acquiredimagery[9].

I I I . BLOCK-BASED MAP DISPARITY ESTIMATION

We consider a block-baseddisparity model due to its
successin video coding (as motion model), easeof imple-
mentation (comparedto more advanced disparity models)
andavailablehardwareto performestimationon (application-
speci�c integrated circuits). Considera pair of images for
which we seekdisparity: left image I l and right image I r .
Let x denoteposition of a pixel in the domain D of either
I l or I r . Let this domainbe partitionedinto blocks Bk , i.e.,
D = [ k2K Bk , where K denotesthe set of indexes for all
blocks.Let dk bea disparityvectorassociatedwith block Bk ;
all pixelsin Bk areassignedthesamedisparity, very muchlike
motion vectorsin MPEG andH.26X video codingstandards.

Thegoal is to computea disparity�eld d, de�ned asa �eld
of vectorsf dk ; k 2 Kg, that relateshomologouspoints in the
left and right images,i.e., points that are projectionsof the
same3D point in a scenebeing captured.We use standard
observation model relating the imagesanddisparity:

I l (xi ) = I r (xi + dk ) + � i ; 8xi 2 Bk ; k 2 K; (1)

where� i is a stationary, zero-meanwhite Gaussiannoiseterm
with variance� 2 (� i � N (0; � 2)). This model expressesthe
assumptionof intensityconstancy betweenhomologouspoints
plus uncertaintydue to sensornoise,miscalibration,etc.

The above model is commonlyusedin video coding with
respectto motion. Consideredin the context of maximum
likelihood(ML) disparityestimation:

bd = argmax
d2S

p(I l jd; I r ); (2)

whereS is thestatespaceof disparity�eld d, andp(I l jd; I r ) is
the likelihoodof obtainingI l givenboth I r anddisparity�eld
d, this modelleadsto the following disparityblock matching:

bdk = arg min
dk 2S k

X

xi 2B k

(I l (xi ) � I r (xi + dk ))2; k 2 K (3)

whereSk is thestatespacefor singledisparityvectordk . Note
that, due to the implicit independencebetweenneighboring
disparityvectors,eachvectordk is computedseparately.

The ML estimationframework works well in the compres-
sioncontext, whethervis-�a-vismotionor disparities.However,
our goal is to recover a physicalquantity(depth)to beusedin
a physically-meaningfulway (imagecompositingwith relight-
ing). Therefore,we needto accountfor physical propertiesof
depth,e.g., its local smoothness.In other words, in order to
recover smoothdisparity (depth) consistentwith true object
shapewe needto imposean additionalconstraint.

We accomplish this through Bayesian framework that
proved successfulin this context in the past[2], [10], [3]. We
formulatethe disparityestimationasa maximuma posteriori
probability (MAP) problem:

bd = argmax
d2S

p(djI l ; I r ) = argmax
d2S

p(I l jI r ; d)p(djI r )p(I r )
p(I l ; I r )

= argmax
d2S

p(I l jI r ; d)p(djI r ) (4)

where p(djI l ; I r ) is the a posteriori probability of disparity
�eld d given the two images.The prior probability p(djI r )
expressesassumptionsthatwemakeaboutthedisparity�eld d.
We assumethat d is independentof I r (p(djI r ) = p(d)), i.e.,
thattheknowledgeof theright imagetellsusnothingaboutthe
disparity �eld itself. Although this assumptiondoesnot hold
everywherein the image(the knowledgeof objectboundaries
in the right imagemay suggestthe locationof discontinuities
in the disparity/motion�eld [11]), it is neverthelesswidely,
and successfully, usedin practice.We model the disparities
d using a vector Markov random�eld (MRF), so that p(d)
becomesa Gibbs distribution. For a detaileddevelopmentof
scalar MRF models for images,we refer the readerto the
seminalwork of GemanandGeman[12], andof vectorMRF
modelsfor motion– to theworksof Murray andBuxton [13],
andof KonradandDubois [11].

Sincethe likelihoodandprior distributionsareexponential,
themaximization(4) canberewritten asenergy minimization:

bd = argmin
d2S

X

k2K

"
X

xi 2B k

(I l (xi ) � I r (xi + dk ))2

+ �
X

l 2N k

jjdk � dl jj2

#

; (5)

where Nk is the block-neighborhoodof block number k,
i.e., l 2 Nk meansthat block number l is a neighbor of
block number k. We use the �rst-order neighborhood,i.e.,
top, bottom,left andright block neighbors.

Thesummationover block index k accumulatesenergy over
all blocks.The energy of block numberk consistsof the data
matching error (summationover all pixels in Bk ) plus the
disparitysmoothnesserror(summationoverneighboring-block
index l). Notethatbecauseof thelatter term,unlike in theML
case,the individual disparitiesdk cannotbe estimatedinde-
pendently, andan iterative solutionalgorithmis required.The
balancebetweenintensitymatchinganddisparitysmoothness
errorsis controlledby theweight� which is proportionalto the
noisevariance� 2 from the observation model (1); the larger
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this variance,the larger the � , and thus the more con�dence
is given to disparitysmoothness.

We solve theML minimization(3) by a single-passexhaus-
tive searchover S with speci�edaccuracy (e.g.,quarter-pixel).
In the caseof MAP minimization (5), we apply exhaustive
searchiteratively until theoverall energy changeis suf�ciently
small or the maximumnumberof iterationsis reached.

IV. BLOCK-BASED MAP DISPARITY ESTIMATION UNDER

ALPHA-CHANNEL CONSTRAINTS

By the very natureof blue-screenobject acquisition,true
depth discontinuitiesat the object boundaryare associated
with color discontinuities(capturedby the alpha channel).
Standardblock-baseddisparityestimationmethods,described
in the previous section, are not designedto handle such
discontinuities.We proposeanextensionof block-basedMAP
disparity estimationto permit disparity (depth)discontinuity
basedon the known alpha channels.The proposedmodels
could equallyapply to segmentationof the foregroundobject
itself in order to permit in-object depthdiscontinuities(e.g.,
implicit [10] or explicit [3]), however in this work we assume
the capturedobject is internally smooth(e.g., face).

In the MAP formulation (5), the disparityestimationalgo-
rithm is applieduniformly to all blocksin thereferenceimage
(left image in our case).However, becauseof the intended
imagecompositing,thereis no needto estimatedisparitiesin
the constant-colorbackground(only depthof the visible parts
of the object,e.g.,face,is needed).This permitsus to modify
the domainof the disparitysearchK to exclude thoseblocks
that belong to the background.Let K � l be the set of block
indexes such that for k 2 K � l , at least one pixel from Bk

belongsto the left-imagealphaplane� l (foregroundobjectin
the left image).This new restricteddomain resultssolely in
speedingup the disparityestimationprocess.

The alphachannelcanbe alsousedto eliminateerroneous
matches.Since we assumedthat color of the background
screenis selectedso that it is absentfrom the object, we
know that a matchbetweenan objectblock anda block from
the constant-colorbackgroundis very unlikely. Thus,we can
restrictthestatespaceof eachdisparityvectorby incorporating
the alphachannel� r of the right image.Sincethe new state
spaceis now spatially variant, its practicalimplementationis
more complex. We handlethis by introducing a gain factor
� (x) dependenton the right alphachannel:

� (x) =
�

1 for � r (x) > 0;
1 for � r (x) = 0:

Clearly, for a pixel at x within theobject(� r (x) > 0), thegain
� is equalto 1, while for a pixel belongingto the background
it is in�nite (in practice,very large). If the matchingerror
(I l (x) � I r (x+ dk ))2 in (5) weremultiplied by � (x+ dk ), then
a left-image block Bk entirely within the foreground object
would likely �nd a matchwithin the right-imageforeground;
otherwisethegain � (x+ dk ) would leadto largeenergy values.
Blocks at the objectboundarywould also likely �nd a match
within theobjector at its periphery, but not in thebackground.
The introduced multiplicative gain leads to a photometric

constraint on possiblesolutions,and is expectedto result in
fewer falsematchesat objectboundaries.

Note that thesmoothnessconstrainthasbeenappliedso far
uniformly throughoutthe disparity �eld, alsobetweenblocks
of which one belongsto the object while the other doesnot.
Sincesuchblocks are positionedacrossan object boundary,
the smoothnessconstraintshould be disabled.This can be
achieved by using object boundaryin the left imagevia the
left alphachannel� l . Let 
 k be an indicator function de�ned
for the left alphachannelas follows:


 k =
�

1 if 9x 2 Bk s.t. � l (x) > 0,
0 otherwise.

Clearly, 
 k equals1 for blocksat leastpartiallyoverlappingthe
object(foreground)areaof the left image.For blocksentirely
in the background,
 k = 0. If � [�] is the Kronecker delta(� [n]
equals1 for n=0, and0 otherwise),thenfor blocksnumberk
and l, � [
 k � 
 l ]=1 only when both of them belongto either
the foreground or background.Multiplying the prior term
kdk � dl k2 in (5) by � [
 k � 
 l ], leadsto a geometricconstraint
disablingdisparitysmoothnessacrossobjectboundary.

With the above improvements, the new MAP disparity
estimationcanbe expressedas follows:

bd = argmin
d2S

X

k2K � l

"
X

xi 2B k

� (xi + dk )( I l (xi ) � I r (xi + dk ))2

+ �
X

l 2N k

� [
 k � 
 l ]jjdk � dl jj2

#

: (6)

Note the � -inducedrestrictionsimplementedthroughthe new
searchdomain K � l , gain � (xi + dk ) and indicator function
� [
 k � 
 l ]. The above minimization is accomplishedagain
iteratively by exhaustive search.

V. EXPERIMENTAL RESULTS

Fig. 1 showsatypicalhead-and-shouldersstereopairusedin
our experimentsalongwith correspondingalphachannels.The
stereopair was capturedby an uncalibrated,roughly parallel
camerasetup.This is a commonscenarioin stereoacquisition
for entertainmentpurposes;cameracalibration [14] would
help achieve more accurateresults.The alpha channelwas
computedby �rst thresholdingthe red, greenandblue image
componentsat eachpixel. Sinceunevenlighting, shadows,and
fuzzy areascontribute to alpha-channelerrors,we re�ned the
initial estimateby applyinga Bayesianapproachproposedby
Chuanget al. [7]. That approachusesa spatialmodel for the
alphachannelwithin amaximuma posterioriprobabilitycrite-
rion. Note the fuzzy transitionbetweentheforeground(white)
and background(black) that permitsa seamlesscomposition
of objectwith anotherbackground(Fig. 3).

In order to recover disparities,we �rst applied the ML
estimation (3), which basically implementsstandardblock
matching on disparities.Since only the intensity matching
error is minimized(� = 0), disparityestimatesshouldbe little
correlatedspatially (large spatialvariability) similarly to fast
[15] or multiresolution[16] block matchingimplementations
that also include no prior vector model.This is con�rmed in
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(a) (b) (c) (d)
Fig. 1. Original: (a) left and(b) right imagescapturedagainstgreenscreen;(c) left and(d) right alphachannelscomputedby methodof Chuanget al. [7].

(a) (b) (c) (d)
Fig. 2. Disparityestimatesfor the testimagefrom Fig. 1: (a) ML; (b) MAP; (c) MAP with photometricalpha-channelconstraint;(d) MAP with photometric
and geometricalpha-channelconstraints,all shown as vector �eld and as grayscaleof the horizontaldisparity (in (c) and (d) backgrounddisparity is not
estimatedandsetarbitrarily to zero/black).

(a) (b)

Fig. 3. Closeupsfrom: (a) left, and(b) right alphachannelsfrom Figs. 1.c
and1.d, respectively, showing fuzzy transitions.

Fig. 2(a) that shows ML disparity estimateas a vector plot
andasa brightnessimageof horizontaldisparitycomponent.
Note signi�cant disparity variability in the backgroundand
at object boundary. Subsequently, we usedthe ML disparity
estimateas an initial solution for the MAP estimation(5);
results are shown in Fig. 2(b). Note that, as expected,the
MAP estimateis much lessnoisy (more spatially consistent)
than the ML estimate,due to the addeddisparitysmoothness
constraint.It is moreconsistentlocally andbetterre�ects the
actualscenestructure(smoothobject surface,fairly constant
depthin the background).However, a transitionbandaround
object boundaryis formed by the vectors,where a gradual
(smooth) changeof disparity vector length and orientation
takesplacebetweenthe foregroundandbackground.

Fig. 2(c) shows a disparity estimatedusing the new � -
constrainedalgorithm but only with the photometric con-
straint (gain � penalizing foreground-backgroundmatches).
The backgrounddisparitieswere not computed,but instead

(a) (b)

Fig. 4. (a) Absolutedifferenceof horizontaldisparity for the resultsfrom
Fig. 2(c) and2(d) shown asbrightnessimage(black - no difference);and(b)
�nal depth�eld after Gaussian�ltering.

werearbitrarily setto zero(they arenot neededin imagecom-
positing). In the foregroundobject, the transition-bandeffect
hasbeenlargely eliminatedanda cleardisparitydiscontinuity
hasformed.Also, many falsematchesin the foregroundhave
beeneliminated.Although the vector�eld hasbeenimproved
comparedto the standardMAP case (Fig. 2(b)), one can
still noticedisparityvariationsalongobjectboundary(darker
and brighter blocks on the boundary)predominantlydue to
the isotropic smoothnessconstraint.In order to correct this,
the disparity smoothnessterm needsto be disabledacross
objectboundary. Fig. 2(d) shows a disparityestimateobtained
by the proposedMAP algorithm with both alpha-channel
constraintsturned on (6). Clearly, the disparity �eld is very
consistentalongobjectboundaryandtheoverall appearanceof
depthis moresmoothaccuratelydepictingthe facestructure.
This improvementis further evidencedby the difference�eld
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of horizontal disparitiesshown in Fig. 4(a)); disparitiesget
correctedonly at objectboundaryandareunchangedinside.

Since the intendedapplicationof the proposedalgorithm
is stereo-basedimagecompositingand relighting, we present
an example in this context. Note that the estimatedalpha-
constraineddisparity �eld, although smooth, is still block-
constant.Clearly, the correspondingdepth, computedfrom
the horizontal disparity componentassumingknown camera
baselineandfocal length,is block-constantaswell. Although
dense disparity �eld could have been computed (at high
computationalcost), we found that very good resultscan be
obtainedby smoothingblock-constantdisparitywith Gaussian
�lter . A Gaussian-smootheddepth is shown in Fig. 4(b); the
result is smoothbut with clearly protruding nose,chin, and
somehair, andretractedeye sockets, lower hair, shoulders.

(a) (b)

Fig. 5. Examplesof two different illuminationsof the foregroundobject.

Basedon the estimateddepthand intensity of the original
stereopair, we computeda textured meshmodel using com-
mercial programTruespace[17]. As object surface texture,
we used intensity and color of the left image, and as its
transparency map – the left alphachannel.Oncethe object's
shapewas reconstructed,we applieda new illumination and
rendereda new image,again usingTruespace.

Fig. 5 shows a renderingof the headfrom our test image
(Fig. 1(a-b)) with a moving light source.Note that the light
bendsaroundthe face of the person(especiallyaroundthe
nose),asit would if therewerean actualphysical light in the
scene.Clearly, the estimateddisparity (depth) helps achieve
plausibleillumination effectsthatwould have beenimpossible
usingone imageonly (no stereo).

VI . SUMMARY AND CONCLUSIONS

We proposed an improved block-basedMAP disparity
estimation that accountsfor alpha-channelboundaries.The
resulting disparitiesexhibit more consistentbehavior along
foreground object boundaries,and lead to smootherdepth
estimatesin the foreground than standardblock-basedML
andMAP techniques.Sincethe proposedalgorithmperforms
at most 5 iterationsof calculationsof complexity similar to
those used in block matching,a real-time hardware imple-
mentationis foreseeabletoday, especiallywith fastalgorithms
[15]. The obtaineddisparity estimateswere used for fore-
ground object relighting demonstratingfeasibility of image
compositing/relightingusing stereo.The currentalgorithm is
applied independentlyto consecutive frame pairs of stereo-
scopicvideothuslikely leadingto inconsistentdepthestimates
in time. One possibleextension of the proposedalgorithm

could be to assuretemporal continuity of depth by means
of an additional energy term. Also, disparity discontinuities
are currently permitted only at discontinuitiesof the alpha
channel.However, foregroundobjectsthemselvesmayinclude
depthdiscontinuities;onecould usea “weak membrane”[18]
or line process[11] modelto permitsuchdepthdiscontinuities
within the foregroundobject.
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