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Abstract—This paper presentsa new algorithm for the recon-
struction of intermediate viewsfr om a pair of still stereoscopicim-
ages.The algorithm is designedto addressthe issueof blur caused
by linear �ltering often employedin suchreconstruction.The pro-
posedalgorithm is block-basedand to reconstruct the intermedi-
ate views employs non-linear disparity-compensated�ltering by
meansof a winner-take-all strategy. The reconstructedimage is
modeledas a tiling by �xed-size blocks coming fr om various po-
sitions (disparity compensation)of either the left or right images,
while the tiling map itself is modeledby a binary decision�eld. In
addition to that, an observation model relating the left and right
imagesvia a disparity �eld, and a disparity �eld model are used.
All modelsare probabilistic and are combinedinto a maximum a
posteriori probability criterion. The intermediate intensities,dis-
parities and the binary decision �eld are estimated jointly using
the expectation-maximization algorithm. The new approach is
compared experimentally on complex natural imageswith a ref-
erenceblock-basedalgorithm employinglinear �ltering . Although
the impr ovementsare localizedand often subtle,they demonstrate
that a high-quality intermediate view reconstruction for complex
scenesis feasible.

Index Terms—Intermediate view reconstruction, disparity-
compensatedimage interpolation, stereoscopicand 3-D imaging,
3-D TV

I . INTRODUCTION

ST ereoscopicimagesandvideohave beensuccessfullyex-
ploited in medicine,remoteguidance,computeraidedde-

sign and entertainment[8], [16] for abouta decade. Due to
technologicalconstraintsprimarily analog stereoscopicsys-
temshave beenused,thussubstantiallylimiting their �e xibil-
ity. In recentyearsa signi�cant effort hasbeenundertaken to
migratesuchsystemsto the more �e xible digital domainand
subsequentlyto addnew functionalities. Oneof the desirable
functionalitiesis the “continuouslook-around”– visualization
of 3-D dataonthescreenfrom differentviewing angles.In such
applicationsas3-D videoconferencing,naturalinteractionwith
confereesat theotherendor with 3-D objectspresentedin the
workspaceis essential;by moving his/herheada usershould
beableto ”seearound”theconfereesor 3-D objects[17], [20],
[9]. This is equivalentto positioningastereocamerain the3-D
scenein accordancewith viewer motion in front of the moni-
tor. In practice,a “virtual” camerais consideredinstead,and
thechallengeis to reconstructoutputimagesof thiscamera(in-
termediateimages)basedon theknowledgeof imagescoming
from true cameras.This is shown in Fig. 1; basedon images
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acquiredby camerasCL and CR , virtual imagesfrom cam-
erasCL +1 andCR +1 needto becomputedif theviewer's head
movesto theright. Similarly, imagesfrom camerasCL � 1 and
CR � 1 mustbefoundfor viewer motionto theleft. Althougha
signi�cant lateralviewer motionmaybeneededin 3-D video-
conferencing(e.g., to demonstrateobjects),usuallya smaller
rangeis neededin entertainmentapplications,suchas3-D TV.

Anotherdesirablefunctionalityin 3-D systemsis theadjust-
mentof the amountof “3D-ness”or parallax[12]. Although
sometimesviewercomplaintsof visualdiscomfortwhenwatch-
ing 3-D imagesaredueto reversestereo(interchangedleft and
right images)or ghosting(seeingfaint unintendedimageby
eacheye) [13], it is the excessive parallaxor “3D-ness” that
is mostoftenat fault. Theexcessive “3D-ness”of therecorded
datais sometimesintentional(e.g.,hyperstereo),howevermost
often it resultsfrom improperstereoacquisition. Moreover,
sincethe stereoscopicacuity of the humaneye variesconsid-
erably betweenindividuals [23], 3-D materialacceptablefor
someviewers may causea considerablediscomfortfor other
viewers. Therefore,anadjustmentof thestrengthof 3-D cues,
primarily parallax,is needed.Suchan adjustmentcanbe per-
formedif thecamerabaselineB canbevaried. This is shown
in Fig. 1 again; computingimagesfor virtual camerasCL +1

andCR � 1 is equivalentto shorteningthecamerabaselineand
thereforeresultsin thereductionof parallaxin thecorrespond-
ing stereopairof images.

B

C LC CL+1 CR-1 CR CR+1L-1

Fig. 1. Stereoscopicimageacquisitionby truecamerasCL , CR (solid lines)
with baselineB andby virtual camerasCL � 1 , CL +1 , CR � 1 , CR +1 (dashed
lines). Imagesfrom virtual camerasneedto be computedbasedon images
acquiredby thetruecameras.

Currently, two typesof methodsin intermediateview recon-
structioncanbeidenti�ed: methodsbasedon 3-D modelingof
the sceneand methodsbasedon 2-D imagemodelsand sig-
nal processingprinciples.Theformermethodsderive from the
�eld of computervision. In suchmethods,typically 3-D model
parametersareestimated�rst and thenusedto recover a vir-
tual imagefrom anarbitrarily-positionedcamera[4], [14], [10].
Suchmethodsarecapableof handlinglargeparallax,but dueto
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the 3-D modelinginvolved, they work well for simplescenes
only; for complex naturalscenesthesemethodsdonotperform
well. The othergroupof methodsreliessolely on 2-D image
modelsandon signalprocessingprinciples;usuallythedispar-
ity (de�ned asthe differencein coordinatesof the projections
ontotheleft andright images,respectively, of thesamepoint in
3-D space)is estimated�rst andthenappliedwithin disparity-
compensatedinterpolation[22], [9], [18]. Sincesuchmethods
do not attemptto modelthe 3-D scene,they canhandlesmall
to mediumparallaxonly, i.e., shotsobtainedby parallelor al-
mostparallelcameraswith smallbaselineandnoclose-ups.Al-
thoughthis scenariois incompatiblewith videoconferencing,
it is very closeto a typical entertainmentapplicationsuchas
Imax 3-Dr or 3-D TV, wherethe camerabaselineis equalto
thehumaninteroculardistance.It is this typeof reconstruction
methodthatweconsiderin thispaper.

Once the left-right image correspondenceis established
by means of disparity estimation, typically a disparity-
compensatedlinear interpolationof intensityandcolor is per-
formedfrom left andright images[22], [9], [20], [18]. Since
disparityestimationis an inverseproblem,it is often ill-posed
[2] and thereforea precisecomputationof disparitiesis very
dif�cult. Subsequently, the use of imprecisedisparitiesin
disparity-compensatedlinearinterpolationoftenleadsto blur of
the reconstructedintensitiessinceslightly misalignedpatterns
are averagedout. An alternative is to usea non-linearinter-
polationscheme,but sincedisparityestimationdevelopedfor
linear interpolationis no moreoptimal in this case,it needsto
bereformulated.

In thispaper, weproposeanovel approachto thereconstruc-
tion (interpolation)of intermediateviews thataddressestheis-
sueof interpolationblur andthatcombinesthedisparityestima-
tion andtheimagereconstructioninto onestep.Theproblemof
excessiveblur characterizesall reconstructionalgorithmsbased
onlinear�ltering, whetherthey beblock-or pixel-based.To al-
leviate this problem,the basicconstraintthat we poseis that
thevalueof theinterpolatedintensity/colorbeallowedto orig-
inate from either the left or the right image,thusresultingin
a “winner-take-all” strategy. Clearly, true intermediateimages
(acquiredby avirtual camera)arenotmadeof patchesfrom the
left andright images.Thetransformationleadingfrom astereo
pair to the intermediateview is muchmorecomplex andcan
be accuratelymodeledonly by reconstructingthe scenefrom
the stereoinformation and viewing it with a virtual interme-
diate camera. Sinceour goal is to processarbitrary camera-
acquired(complex) images,an accuratescenereconstruction
is not possible. Therefore,we stay within the realm of 2-D
signalprocessingandconsiderour modelto beanapproxima-
tion to the true reconstructionprocessthat alleviatessomeof
themajorweaknessesof disparity-compensatedlinear�ltering.
We assumean almostparallel camerageometry, i.e., the dis-
parity is a 2-D vectorwith a small vertical component,which
is a closeapproximationfor stereoscopicdatausedin enter-
tainmentapplications.Moreover, thedisparityis consideredto
beconstantoverablockandsimilaramongneighboringblocks.
Theaboveassumptionsarecombinedin aBayesianformulation
andsolved via maximuma posteriori probability (MAP) esti-
mation. Thealgorithmhasbeentestedon naturalstereoscopic

color imagesandcomparedwith a block-basedapproachthat
performsdisparity-compensatedlinearinterpolation.A simpli-
�ed versionof thealgorithmpresentedhere,involving strictly
parallelcamerageometry(1-D disparities)andcoarsequanti-
zationof disparities,wasdescribedin ourpreviouswork [19].

The paperis organizedasfollows. In SectionII the frame-
work of theproblemis outlined,in SectionIII modelsarepro-
posedandin SectionIV theestimationprocedureis described.
In SectionV detailsof thereferencealgorithmaregivenwhile
in SectionVI the experimentalresultsarediscussed.Conclu-
sionsaredrawn in SectionVII

I I . FRAMEWORK

A. Theproblemof intermediateview reconstruction

Throughoutthepaper, we assumeanalmostparallelcamera
setup- the most likely scenarioin entertainmentapplications
suchas3-D TV. Consequently, theparallaxandthedisparityare
expectedto have a smallverticalcomponent.However, should
the sourceimagesoriginatefrom highly convergent cameras,
imagerecti�cation [21] would have to be appliedprior to any
processing.Sucha recti�cation re-projectsimagesontoacom-
monimageplanethuspermittingtheuseof parallelcamerage-
ometry(noverticaldisparities).
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Fig. 2. Stereoscopicacquisitionwith parallel cameras;camerabaselineis
normalizedto 1.

In aparallelcamerasetup,two identicalcameraswith image
plane'sx andy axesparallelto theworld X andY axesareused
(Fig. 2). Assumethatbothcamerashave their imageplaneson
theworld Z = 0 plane,that their focal pointsareon theworld
Z = � 1 plane,andthat their imageplanecoordinateorigins
areontheworld X axis: theorigin of theleft cameraatX = 0,
andthatof theright cameraatX = 1. In otherwords,theright
camerais relatedto theleft cameraby apositiveunit translation
alongtheimage(andworld) x axis.

We consideranalmostparallelcamerasetupto bethesame
as the parallel one in Fig. 2 except that both image planes
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(x1; y1) and (x2; y2) are slightly rotatedtowardseachother
aroundanaxisparallelto they axis(typically, by afew degrees)
thusinducingasmallverticalparallax(typically, nomorethan2
imagelinesat imageextremities)for objectpointsoff theplane
containingthecameraaxes.Note,that,for simplicity, we have
representedthe imageplanein front of the focal plane,so as
to simplify the relationshipbetweenthe positionof a point in
spaceandthatof its projectionontotheimageplane.

The problem of intermediateimage (view) reconstruction
thatwe want to investigatecanbedescribedasfollows: given
the observed left and right imagesI L and I R capturedby
the left and right camerasrespectively, estimatethe interme-
diateimageJ thatwould have beencapturedhada similar vir-
tual camera(Fig. 1) beenlocatedatsomeintermediateposition
alongtheX axisbetweenthe left andright cameras.Suppose
thatthis intermediatepositionis de�ned by thenormalizeddis-
tance� betweenthe intermediateimageJ andthe left image
I L (Fig. 2); clearly, 0 < � < 1. Then, given I L and I R

correspondingto X = 0 andX = 1 respectively, we needto
computeJ correspondingto someintermediatepositionX =� .

B. Estimationcriterion

Intermediateview reconstructionis inherently ill-posed: a
solutionis oftennon-uniqueor is sensitive to intensitychanges,
or even may not exist [2]. For example, changesin view-
ing position causemultiple regions to be uncovered or oc-
cluded,especiallyat objectboundariesandon objectsurfaces
with pronouncedconcavities. As a result,numerousinterme-
diateviews J couldpossiblycorrespondto thesameobserved
pair (I L ; I R ), and hencethe problemof computingJ from
(I L ; I R ) is not well-posed.To alleviate this andto make the
problemwell-posed,it is necessaryto reducethe classof so-
lutions on which estimationis performed. In an energy mini-
mizationframework, this correspondsto regularization,while
in a probabilistic framework it correspondsto imposingpri-
ors on the unknowns to be estimated.We adoptherea prob-
abilistic framework. In particular, we maximize the a pos-
teriori probability of the intermediateimageJ given the ob-
servedimagepair (I L ; I R ). In otherwords,we strive to max-
imize P(J =I L ; I R ) with respectto J , which, by Bayes'rule,
is equivalent to maximizingP(I L ; I R =J ) � P(J ). The ex-
actform of thelikelihoodP(I L ; I R =J ) andof theprior P(J )
usedwill bedictatedby theprobabilitymodelsadoptedbelow.
Additional variableswill be introducedin the courseof mod-
eling, suchasa disparity�eld, to accountfor propertiesof the
observedimages.TheMAP estimationwill bedonejointly for
theintermediateview J andfor thesenew variables.

I I I . MODELS

We assumethat the observed imagesI L andI R aswell as
the intermediateimageJ areeitherscalaror vectorfunctions
de�ned on f 0; : : : ; M 1 � 1g � f 0; : : : ; M 2 � 1g; most often
the scalarcasewould correspondto black-and-whiteimages,
whereasthevectorcase– to color images.

As for thecamerageometry, considertheparallelgeometry
�rst; the imageplanesof the left andright camerasarerelated
by a translationalongtheir x axes,asshown in Fig. 2. pL and

pR , calledhomologouspoints,areprojectionsof the3-D point
P ontotheleft andright imageplanes,respectively. In thecase
of parallel camerageometry, the disparityd, de�ned asd =
pR � pL , is a horizontalvector. Furthermore,thehomologous
pointsin theleft, intermediateandright images(pL , p andpR ,
respectively) arerelatedasfollows (Fig. 3):

p = pL + � d; p = pR � (1 � � )d: (1)

Wewill furtherdenotedL = � d astheleft disparityanddR =
� (1 � � )d astheright disparity. Clearly, d = dL � dR .

In thecaseof anon-parallelcamerageometry, thetwo image
planesare rotatedtowardseachother with two major conse-
quences.First, thedisparityd is no longera strictly horizontal
vector. Secondly, the linear relationships(1) do not hold any
more;thepositionof thehomologouspointp is a complicated,
non-linearfunctionof disparityd andalsodependson thehor-
izontal positionof the 3-D point P [6]. However, if the con-
vergenceanglebetweenthetwo camerasis very small (almost
parallelcameras),i.e., no morethan1 degree,we canapprox-
imatethis non-linearrelationshipby the linear onein (1) [6].
At the sametime, althoughthe vertical componentof dispar-
ity is small,it is non-negligible; a verticaldisparityof even2-3
imagelines cannotbe ignoredin imageswith stronghorizon-
tal features(i.e.,man-madeobjects).It is exactlyfor thisreason
thatweassumethelinearrelationship(1) but weoperateon2-D
disparitiesd = [dx dy ].

L
p
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Ld

I J I
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p

Fig. 3. Therelationshipbetweenleft (dL ) andright (dR ) 2-D disparitiesfor
stereoscopiccamerawith unit baseline.

Sinceour goal is to reconstructJ locally from eitherI L or
I R , weselectedasquareblockastheunit wherethelocaldeci-
sionis to bemade;thisblockcannotbetoosmall(e.g.,apixel)
if the decisionis to be reliable. Thus,we assumethe domain
of J is uniformly subdividedinto N =N1� N2 non-overlapping
squareblocks B i (i = 1; : : : ; N ) of size b� b; thereare N1

blockshorizontallyandN2 vertically. Eachblock B i is thusa
setof b2 imagepoints.

Our fundamentalassumptions,uponwhich the modelswill
bebased,are:

1. block B i in imageJ is reconstructedbasedon thedatain
eitherI L or in I R ,

2. all pixelsin blockB i in imageJ have thesamedisparity,
3. neighboringblocksin imageJ have similardisparity.

Thevalidity of the last two assumptionsdependson theblock
sizeb aswell asthe natureof the stereoscopicpair of images
used.Basedon theabove assumptions,we will derive the im-
agemodelsthatwill identify thelikelihoodandtheprior of the
MAP formulation.
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A. Reconstructionmodel

In order to reconstructeachintermediateblock from either
I L or I R , we associatewith eachsuchblock a binary vari-
able,thusobtainingafamily f Vi gN

i =1 of binaryvariables.Since
we assumedthat all points in the sameblock have the same
disparity, we canassociatea disparityvectorwith eachof the
N blocks of the imagedomainof J , thus obtaininga fam-
ily f d i gN

i =1 of disparity vectors. We also introducethe fam-
ilies f � i gN

i =1 and f � i g
N
i =1 of independentb � b noisematri-

ceswith elementsthat areindependent,identically distributed
(i.i.d.) zero-meanGaussianrandomvariablesof variance� 2.
Theseprocessesareusedto representcameranoiseaswell as
generalmodelingerrors.

Let p be a pixel in block B i of the intermediateimageJ ,
i.e., p 2 B i . We proposethe following reconstructionmodel
relatingimageJ to theobservedpair (I L ; I R ):

J (p) =

(
I L (p + � d i ) + � i (p); Vi = 1;
I R (p � (1 � � )d i ) + � i (p); Vi = 0:

In otherwords,eachblockB i of theintermediateimageJ orig-
inatesfrom acorrespondingdisparity-compensatedblock in ei-
ther the left or the right image,the latter choicedependingon
thevalueof thebinaryvariableVi . This reconstructionmodel
yieldsthefollowing likelihood

P(J jB i =I L ;I R ; f d i gN
1 ; f Vi gN

1 ) =
(

N � 2 (J jB i � I L jB i + � d i ); Vi = 1;
N � 2 (J jB i � I R jB i � (1 � � )d i ); Vi = 0;

whereN � 2 (�) denotesa kb2-multivariateGaussianwith mean
vector0 andcovariancematrix � 2I kb2 (I kb2 is the kb2 � kb2

identity matrix), and k is the dimensionalityof the imageJ
(typically 1 for black-and-whiteor 3 for color images). The
symbol J jB i denotesthe restrictionof the imagefunction J
to block B i , while I L jB i + � d i is the restrictionof the image
function I L to the block obtainedby translatingblock B i by
� d i . Similarly, I R jB i � (1 � � )d i is the restrictionof the image
function I R to the block obtainedby translatingblock B i by
� (1 � � )d i . SincethevariableVi is binary, thiscanbewritten
morecompactlyas

P(J jB i =I L ; I R ;f d i gN
1 ; f Vi gN

1 ) =

[N � 2 (J jB i � I L jB i + � d i )]
Vi � (2)

[N � 2 (J jB i � I R jB i � (1 � � )d i )]
1� Vi :

To combine the conditional probabilities (2) of individual
blocksinto theoverall probabilityof thewholeimage,we note
thattheindependenceof thenoiseprocesses� i and� i implies
that the intermediateimageJ restrictedto block B i is condi-
tionally independentof its restrictionsto otherblocksgiventhe
left andright imagesandgiventhedisparityvectorsandbinary
variables.Then,theoverall likelihoodfor imageJ canbewrit-

tenasfollows:

P(J =I L ; I R ;f d i gN
1 ; f Vi gN

1 ) =
NY

i =1

[N � 2 (J jB i � I L jB i + � d i )]
Vi � (3)

[N � 2 (J jB i � I R jB i � (1 � � )d i )]
1� Vi :

B. ObservationModel

The observation modelrelatesthe intensities(and/orcolor)
of the left image to thoseof the right imagevia the dispar-
ity �eld d. Theusualunderlyingassumptionexploitedhereis
thatthehomologouspointshavethesamecharacteristics;in our
case,thesameintensityand/orcolor. We allow a smalldepar-
ture from this modeldueto cameranoise,aliasingeffects,etc.
By letting f 
 i g

N
i =1 be a family of zero-meanGaussianwhite

noisevectorprocesseswith variance� 2
l r I k , we expresstheob-

servationmodelasfollows:

I L (p + � d i ) = I R (p � (1 � � )d i ) + 
 i ; (4)

thusyieldinganotherlikelihood:

P(I L =I R ; f d i gN
1 ; f Vi gN

1 ) =
NY

i =1

N � 2
lr

(I L jB i + � d i � I R jB i � (1 � � )d i ):
(5)

Note thatabove we assumetheobservationmodel(4) is inde-
pendentof thedecisionvariablesf Vi gN

1 , i.e., constancy of in-
tensityholdsalongthedisparityvectorregardlessof wherethe
reconstructedblockcomesfrom.

By constrainingthe disparity, this model will allow us to
solve for the total disparityd at eachblock andthussolve for
theleft andright disparities(dL , dR ).

C. Prior Models

A strongprior on imagedisparitieshasalreadybeen“hard-
wired” by assigningthesamedisparityvalueto every pixel of
an imageblock. We go onestepfurther andimposean addi-
tional prior on the disparity �eld f d i gN

1 ; we assumethat this
�eld, asa functionof block index i , is piecewiseconstant.This
modelbuildsacoarseapproximationof the3-D world by favor-
ing a local constancy of depthwithin theneighboringblocks.

We choosea prior partly similar to the prior on boundary
length that has been introducedfor image segmentationby
Leclerc[15], andwewrite (up to anormalizingconstant)

� logP(f d i gN
1 ; f Vi gN

1 ) =

1
2

NX

i =1

� X

j 2 � ( i )

[(1 � � (dx
i � dx

j )) + (6)

(1 � � (dy
i � dy

j ))] + K (dy
i )2

�

where � (i ) is the block neighborhoodof the block B i . We
de�ne � as follows: � (x) equals1 if x = 0 and equals0 if
x 6= 0. The quadraticterm in dy

i is a prior enforcingvertical
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disparity to remainsmall (almostparallel cameras).The re-
mainingtermsareapproximatelyequivalent to expressingthe
minimumdescriptionlengthof the�eld f d i gN

1 asproportional
to the numberof differing adjacentd i 's (“boundaries”). Note
thatweassumedindependenceof disparityvectorsfrom thede-
cisionvariablesVi and,moreover, thatwe posedno constraint
on Vi otherthanthat of beingbinary; the a priori probability
for Vi is uniform.

Notealsothatweimposenoprior onthereconstructedimage
J , althoughsuchaprior, e.g.,asmoothnessconstraint,couldbe
easilyincluded.

IV. ESTIMATION PROCEDURE

A. MAPformulation

In order to computethe most likely intermediateview J
basedon theobservedleft andright views I L andI R , weneed
to �nd the MAP estimateof J given I L andI R . SinceJ is
closelytiedto I L andI R via thedisparity�eld f d i gN

1 , it is con-
siderablysimplerto computethejoint MAP estimateof J and
f d i gN

1 thanit is to computethatof J alone. In what follows,
we shall thereforecomputetheMAP estimateof J andf d i gN

1
jointly. Sincethebinaryvariablesf Vi gN

1 areunknown,wehave
a MAP estimationproblemwith incompletedata. It will be
possibleto solve this estimationproblemvia the expectation-
maximization(EM) algorithmby consideringtherelatedMAP
estimationproblemwith completedata,thatis,MAP estimation
of J , f d i gN

1 , andf Vi gN
1 .

TheMAP estimateof J , f d i gN
1 , andf Vi gN

1 canbeobtained
by maximizingtheposteriorprobability

P(J ; f d i gN
1 ; f Vi gN

1 =I L ; I R ) = P(J =I L ; I R ; f d i gN
1 ; f Vi gN

1 )

P(f d i gN
1 ; f Vi gN

1 =I L ; I R )

or, alternatively, by minimizing

� logP(J ; f d i gN
1 ;f Vi gN

1 =I L ; I R ) =

� logP(J =I L ; I R ; f d i gN
1 ; f Vi gN

1 )

� logP(f d i gN
1 ; f Vi gN

1 =I L ; I R ):

Using theBayesrule, theprior for f d i gN
1 ; f Vi gN

1 conditioned
on I L andI R canbedecomposedasfollows:

logP(f d i gN
1 ;f Vi gN

1 =I L ; I R ) =

logP(I L =I R ; f d i gN
1 ; f Vi gN

1 )+

logP(f d i gN
1 ; f Vi gN

1 =I R ) � logP(I L =I R ):

Clearly, the MAP estimateof J , f d i gN
1 , and f Vi gN

1 given
theobservationsI L andI R is thenobtainedby minimizing the
following energy function

E(J ; f d i gN
1 ;f Vi gN

1 =I L ; I R ) =

E r (J =I L ; I R ; f d i gN
1 ; f Vi gN

1 )+

Eo(I L =I R ; f d i gN
1 ; f Vi gN

1 )+

Ep(f d i gN
1 ; f Vi gN

1 =I R ):

(7)

In order to simplify the expressionsfor the above energy
terms,weintroducethreenew symbolsfor intensity/colorresid-
uals:

� i = I L (p + � d i ) � I R (p � (1 � � )d i );

� L
i = J (p) � I L (p + � d i ); (8)

� R
i = J (p) � I R (p � (1 � � )d i ):

To allow a compactnotationwe explicitly omit in eachsymbol
thedependenceonp.

Note thateachenergy termin (7) is, up to a constant,equal
to thenegativelogarithmof thecorrespondingprobabilityfunc-
tion. Thus,the �rst termin (7) is derivedfrom thereconstruc-
tion modelrelatingtheintermediateimageunderestimationto
theobservedimages(3):

E r (J =I L ; I R ; f d i gN
1 ; f Vi gN

1 ) =

1
2� 2

NX

i =1

� X

p2 B i

Vi k� L
i k2 + (1 � Vi )k� R

i k2
�

:
(9)

Thesecondtermderivesfrom theobservationmodel(5) relat-
ing the observed left and right imagesthroughthe estimated
disparity:

Eo(I L =I R ; f d i gN
1 ; f Vi gN

1 ) =
1

2� 2
l r

NX

i =1

X

p2 B i

k� i k
2: (10)

Finally, the last term incorporatesa priori piecewise smooth-
nessandverticalamplitudeconstraints(6) onthedisparity�eld
underthe assumptionthat f Vi gN

1 andf d i gN
1 are independent

of I R :

Ep(f d i gN
1 ; f Vi gN

1 =I R ) =
1
2

NX

i =1

� X

j 2 � ( i )

[(1 � � (dx
i � dx

j ))+

(1 � � (dy
i � dy

j ))] + K (dy
i )2

�
:

(11)

The minimizationof energy (7) mustbe donewith respect
to the imageJ , the displacementsd i , and the decisionvari-
ablesVi . However, sincethetermEp (11) is non-differentiable
becauseof theindicatorfunction� , we approximate� by a pa-
rameterizeddifferentiablefamily � � suchthat � � convergesto
� pointwiseas � ! 0. Similarly to Leclerc [15], we choose
� � (x) = e� x 2 =2� 2

, thatsatis�es

lim
� ! 0

� � (x) = � (x):

Substituting� � for � , weobtainaparameterizedfamily of func-
tionsE � wheretheprior termEp (11) is replacedby (dropping
thenormalizingconstanton theway)

Ep;� (f d i gN
1 ; f Vi gN

1 =I R ) =
1
2

NX

i =1

� X

j 2 � ( i )

[(1 � � � (dx
i � dx

j ))+

(1 � � � (d
y
i � dy

j ))] + K (dy
i )2

�
:

We minimize thenew energy functionE � = E r + Eo + Ep;�

by continuation,as� ! 0.
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B. MAPestimation

As wasmentionedin theprevioussection,it is considerably
simpler to computethe joint MAP estimateof J andthe dis-
parity �eld f d i gN

1 . Were the binary variablesf Vi gN
1 known,

this problemcould be solved via optimizationmethodssuch
asgradientdescent.Theproblemhowever is that thesebinary
variablesarenot known. This is, therefore,a caseof MAP es-
timationwith incompletedata.We shallsolve this problemvia
the EM algorithm,by maximizing insteadthe conditionalex-
pectedaposteriorilog likelihoodof thecompletedata,or equiv-
alently, by minimizing the energy function E � . Although the
classicalEM algorithmwasdevelopedin thecontext of maxi-
mumlikelihoodestimation[5], it maybeappliedto maximum
a posterioriestimationaswell [1]. To do this, we considerthe
Gibbsdistribution associatedwith E � . Up to a scalingfactor
(the temperatureT of the Gibbsdistribution), E � is the nega-
tive log-likelihoodof its associatedGibbsdistribution. Hence,
minimizationof E � is equivalentto maximizationof theGibbs
distribution. Thekey propertyof theGibbsdistribution,which
we wantto exploit, is thatat zerotemperatureit putsunit mass
on thesetof stateswhichcorrespondto theglobalminimumof
E � . In anattemptto �nd theglobalminimumof E � , continua-
tion is performedon thetemperatureof theGibbsdistribution,
startingfrom a large valueof T, andthe MAP estimatesof J
and f d i gN

1 computedat eachvalue of T are tracked stepby
stepasT decreasesto zero. At eachtemperatureT, theMAP
estimatesof J and f d i gN

1 are computedusing the EM algo-
rithm, throughsolving the easierproblemof maximizing the
conditionalexpectedaposteriorilog likelihoodof thecomplete
data.TheEM algorithmis guaranteed,undermild conditions,
to convergeto a localmaximumof thelikelihoodfunction[5].

TheGibbsdistribution at temperatureT associatedwith the
energy functionE � is

P(J ; f d i gN
1 ; f Vi gN

1 =I L ; I R ; T; � ) =

e� E � (J ;f d i gN
1 ;f Vi gN

1 =I L ;I R )=T

Z (I L ; I R ; T; � )

whereZ is thepartitionfunctionof theGibbsdistribution. Let
j 2 f 1; : : : ; N g betheindex of aparticularblockandlet

P0
j = P(J ; f d i gN

1 ; f Vi gi 6= j ; Vj = 0=I L ; I R ; T; � );

P1
j = P(J ; f d i gN

1 ; f Vi gi 6= j ; Vj = 1=I L ; I R ; T; � ):

Notethat

P0
j + P1

j = P(J ; f di gN
1 ; f Vi gi 6= j =I L ; I R ; T; � ) (12)

is thejoint probabilityof J ; f d i gN
1 ; f Vi gi 6= j givenI L andI R ,

andthat(absorbing1=2� 2 into T)

� 0
j =

P0
j

P1
j + P0

j
=

e
�

P
p 2 B j

k� R
j k2 =T

e
�

P
p 2 B j

k� L
j k2 =T

+ e
�

P
p 2 B j

k� R
j k2 =T

� 1
j =

P1
j

P1
j + P0

j
=

e
�

P
p 2 B j

k� L
j k2 =T

e
�

P
p 2 B j

k� L
j k2 =T

+ e
�

P
p 2 B j

k� R
J k2 =T

arethereforetheconditionalprobabilities

� 0
j = P(Vj = 0=J ; f d i gN

1 ; f Vi gi 6= j ; I L ; I R ; T; � ); (13)

� 1
j = P(Vj = 1=J ; f d i gN

1 ; f Vi gi 6= j ; I L ; I R ; T; � ): (14)

Viewing the Vi asunobservableclasslabels,the EM algo-
rithm consistsof successive iterationsthatalternatebetween:

1. estimationof theconditionalmean �Vi of eachbinaryvari-
ableVi , and

2. maximizationof the conditionalexpectedlog likelihood
with respectto theremaining(continuous)parametersJ and
d i .

SincetheVi arebinary, themean �Vi is equalto theprobability
� 1

j that is known in closedform (14). Note that asT ! 1 ,
�Vi ! 1

2 , andasT ! 0, either �Vi ! 0 or �Vi ! 1.
Given an estimate f �Vi gN

1 , minimization of the energy
E � (J ; f d i gN

1 ; f �Vi gN
1 =I L ; I R ) with respectto J andd i canbe

performedusinggradientdescent.Thenecessaryconditionsfor
anextremumof E � are:

r J (p ) E � = 0; r d i E � = 0; 8p 2 B i ; i = 1; :::; N :

After differentiationandrearrangementof terms,thesecondi-
tionscanbere-writtenin thefollowing form (i = 1; :::; N ):

J (p) = �Vi I L (p + � d i ) + (1 � �Vi )I R (p � (1 � � )d i );

8p 2 B i ; (15)

and

X

p2 B i

� 1
� 2 (� � �Vi �

L
i �

@I L

@x
(p + � d i )+ (16)

1
� 2 (1 � � )(1 � �Vi )�

R
i �

@I R

@x
(p � (1 � � )d i ))+

1
� 2

l r
� i � (�

@I L

@x
(p + � d i ) + (1 � � )

@I R

@x
(p � (1 � � )d i ))

�
+

X

j 2 � ( i )

2
� 2 (dx

i � dx
j )e

� ( d x
i � d x

j ) 2

2 � 2 = 0;

and

X

p2 B i

� 1
� 2 (� � �Vi �

L
i �

@I L

@y
(p + � d i )+ (17)

1
� 2 (1 � � )(1 � �Vi )�

R
i �

@I R

@y
(p � (1 � � )d i ))+

1
� 2

l r
� i � (�

@I L

@y
(p + � d i ) + (1 � � )

@I R

@y
(p � (1 � � )d i ))

�
+

X

j 2 � ( i )

2
� 2 (dy

i � dy
j )e

� ( d y
i � d y

j ) 2

2 � 2 + K dy
i = 0:

Theequation(15) is a simpleblock-wiseaveragingwith coef-
�cients �Vi and1 � �Vi ; J is a convex sumof therestrictionsof
I L andI R to particularblocks. In thezero-temperaturelimit,
as the means�Vi tendto 0 or 1, J becomesa “patchwork” of
selectedpartsof I L andof I R . Thed i areiteratively computed
from theremainingequationsusinggradientdescent;equation
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(16) is solved for dx
i whereasequation(17) is solved for dy

i .
Note the additionalterm K dy

i in equation(17) that embodies
the constrainton the magnitudeof the vertical componentof
disparity.

Thecompleteminimizationalgorithmcanbesummarizedas
follows: the temperatureT is decreasedto 0 monotonically
(the “annealingschedule”for deterministicannealing),start-
ing from a large value (i.e., relative to the absolutevaluesof
theenergy functionsinvolved),andat eachvalueof T, � starts
at a large valueanddecreasesto 0 so that the approximations
to the indicator function converge to the latter. If we were
to “blend” thesetwo sequences,we would obtaina singlese-
quence(� n ; Tn ) suchthatlimn !1 Tn = 0, with Tn amonoton-
ically decreasingsequence,and� n a periodicsequence,mono-
tonically decreasingto 0 in eachperiod. It is alsopossibleto
blendthesetwo sequencesin differentways,suchthatbothde-
creaseto 0 monotonicallyatdifferentrates.

Assumethatat iterationr of theEM algorithm,we have es-
timatesf V r

i gN
1 , J r , andf dr

i gN
1 . At iterationr + 1, we update

theseestimatesasfollows (i = 1; :::; N ):

V r +1
i =

e�
P

p 2 B i
kb� L

i k2 =Tr

e�
P

p 2 B i
kb� L

i k2 =Tr + e�
P

p 2 B i
kb� R

i k2 =Tr

J r +1 (p) = V r +1
i I L (p + � dr

i )+

(1 � V r +1
i )I R (p � (1 � � )dr

i ); 8p 2 B i ;

whereb� i , b� L
i andb� R

i arede�ned asbefore(8) except that J
is replacedby J r andd i is replacedby dr

i . Thedisplacement
estimatedr +1

i is thesolutiond i to equations(16)and(17)with
V r +1

i replacing �Vi , andJ r +1 replacingJ . This solutioncan
becomputedusingGauss-Jacobior Gauss-Seideliterationsby
de�ning aniterationwhich hasasits �x edpoint thesolutionto
the above systemof equations.Eachiterationentailssolving
a large systemof linear equations,somethingwhich is easily
donesincethematricesinvolvedaresparse.

C. Initialization of theestimationprocess

Sincethedisparityiterationsusegradientdescent,only a lo-
cal minimumcanbefoundandthustheinitial valueof thedis-
parity �eld f d0

i gN
1 is essentialfor thegoodperformanceof the

algorithm.This is particularlyimportantwhenlargedisparities
arepresentin stereopairsunderconsideration.

Instead of using a multi-resolution top-down approach,
we opted for a coarse, but reliable, initial estimate pro-
vided by 3 successive applicationsof an exhaustive-search
block matching algorithm [3] with decreasingblock size
(64� 16,32� 16,16� 16). Weusedaquadraticcostfunctionand
full-pixel precision.Thesearchwasdonein thehorizontaldi-
rection only; the vertical componentof the disparity was as-
sumedto bezero. Furthermore,no intensityinterpolationwas
requiredthusmakingthealgorithmquite fast. We assuredro-
bustnessof thealgorithmin thepresenceof largedisparitiesby
usinglargeblocks(64� 16 pixels)andsuitabledisparityrange
((-35:35)pixels).Disparityestimatesthuscomputedwereused
as initial estimatesfor block matchingat reducedblock size
(32� 16) andreducedrange(-15:15); the new statespacewas
centeredaroundtheprevious-iterationestimate.Theprocedure

was repeatedfor 16� 16 blockswith range(-10:10). The re-
sulting block disparityestimateswereusedasthe initial �eld
f d0

i gN
1 both for thenew algorithmandfor the referencealgo-

rithm describedbelow.

V. THE REFERENCE ALGORITHM

We comparethe proposedalgorithmwith a block-basedal-
gorithm often usedfor intermediateview reconstruction.For
example, an advancedalgorithm accountingfor occlusions
yet basedon linear interpolation was used in the RACE-
PANORAMA projectof theEuropeanCommunity[9], [20].

The disparity-compensatedlinear interpolationof the refer-
encealgorithmis implementedfor i = 1; :::; N and8p 2 B i

asfollows:

J (p) = (1 � � )I L (p + � d i ) + � I R (p � (1 � � )d i ):

ThereconstructedimageintensityJ (p) is thusa linearcombi-
nationof suitabledisparity-compensatedleft andright intensi-
ties.Thedisparitiesarecomputedby theinitializationdescribed
in SectionIV-C, followedby 1/4-pixel exhaustive-searchblock
matchingwith 16� 16 blocksand(-5:5)� (-3:3) range.This is,
in principle,a repetitionof thelastiterationfrom theinitializa-
tion procedurebut performedat 1/4-pixel accuracy andinclud-
ing theverticaldirection.

VI . EXPERIMENTAL RESULTS

The new algorithmdescribedin this paperhasbeentested
on severalstereoscopicimages.We includeheretheresultsfor
�elds #0 from the Train and Tunnel ITU-R 601 (720� 576)
stereoscopicinterlacedsequences(seeAcknowledgments).For
both sequencesthe acquisition cameraswere 8.75cm apart
(camerabaseline).Eachcamerawasrotatedtowardstheother
cameraby slightly lessthan 1 degree. This setupinduceda
maximumhorizontaldisparityof about26 pixels in Train and
20 pixelsin Tunnel, andno morethan1-2 scanlinesof vertical
disparity.

Both the new and referencealgorithms use 16� 16-pixel
blocks.Sincethenew algorithmperformsgradientdescentwith
respectto disparities,eachvectord i has,in principle, in�nite
precision(�oating-point). To carryout a fair comparisonwith
thereferencealgorithm,a quantizationof theestimateddispar-
ities to the precisionof the referencealgorithm(1/4 pixel) is
performed.In both algorithms,the intensitiesat sub-pixel ac-
curacy arecomputedby a separablebi-cubic interpolator[11].
The reconstructionsareperformedat � =0.5 on full-color im-
ages,i.e., for k=3 (SectionIII-A).

The referencealgorithmtook approximately4 hoursto run
ona166MHzUltra 1 Sunworkstation,with theproposedalgo-
rithm (200 continuationstepscontainingeach5 Gauss-Jacobi
iterations)abouttwice aslong. In bothalgorithms,thebottle-
neck is in bi-cubic interpolationthat usesa 4� 4 kernel. We
did not make any specialeffort to optimizethe algorithmsfor
speed.

Figs. 4(a-b) show the original stereopair of the Train se-
quence.In this stereopair, the backgroundhaslarge horizon-
tal disparity(26 pixels). This disparitygraduallydecreasesto-
wardszeroat therailroadtracksin thecenterforeground(cam-
eraconvergenceplane).Althoughthecameraswerenotparallel
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during the acquisitionof theseimages,the convergenceangle
wassuf�ciently small to inducea verticaldisparityof no more
than1-2scanlines.

Fig. 4(c) shows the reconstructionof intermediateimageat
� =0.5usingtheproposedBayesianwinner-take-all algorithm,
while Fig. 4(d) shows the reconstructionfor the referenceal-
gorithm basedon linear �ltering. Overall, the new algorithm
betterreproducesdetailedareas;perceptuallythis can be de-
scribedasa “sharper” image. This hasbeenobserved on the
slopeof thehill in thebackgroundof theimage,althoughcan-
not be convincingly reproducedin print sincethe differences
arenot large. The view reconstructedby our algorithmdoes
not suffer from “ghosting” effectswhich are the resultof av-
eragingimageblocksusingimprecisedisparities.This canbe
seenin thetwo close-upsin Fig. 4 whichshow thedetailof the
�gurine with a �shing rod in thecenter-left andof thewagon's
frame,in thelower center-right of thepicture.Thereconstruc-
tion basedon linear�ltering (Fig. 4(g)) splitsthe�shing rod in
two dueto theaveragingof imperfectlyalignedfeatures.Thisis
not thecasewith thenew algorithm(Fig. 4(e)); the�shing rod
is perfectlyreconstructedandno“ghosting”effectsarepresent.
Similarly, in Fig. 4(h) thesimpleblock averagingmethodsuf-
fersfrom “ghosting” (white spotat thevery edgeof thewagon
getsreplicatedin thebackground),while thewinner-take-allal-
gorithmdoesnot (Fig. 4(f)).

A carefulinspectionof theclose-upswill show that thenew
algorithmresultsin a slightly morevisible block structurein
thereconstructedimages.This is dueto thefactthatneighbor-
ing blocksmay originatefrom differentimages(left or right),
thus,in caseof intensityand/orcolor mismatchbetweenthose
images,resultingin blockstructurevisibility. Thiseffect is sup-
pressedin imagesreconstructedusingthe referencealgorithm
dueto theaveragingbetweenleft andright blocks. The inten-
sity and/orcolormismatchbetweenleft andright imagesarese-
riousenoughto have beenaddressedin MPEG-2's Multi-View
Pro�le (MVP) extension[7], [6]. Fromthecompressionpoint
of view themismatchreducescodingef�ciency, while from the
processingpointof view it degradesthe�delity of disparityes-
timates.If themismatchcanbeaccuratelymodeled,thenacor-
rectingalgorithmcanbeeffectively appliedto eliminatesucha
mismatch.We have applieda spatially-constantmodelof gain
andoffset to all threeimagecomponents(Y , U andV) [18]
but for all threeimagestestedtheaccuracy of themodelturned
out to be insuf�cient; we arepresentlystudyingthe mismatch
effects.

Also, note the barcode-like artifactson the left borderand
to someextent, althoughlessvisible, on the right border in
Figs.4(c) and4(d). Theseareboundaryeffectsresultingfrom
the particularchoiceof extrapolationschemeusedhereto ex-
tendimagesI L andI R beyondtheirboundaries,namelydupli-
cationof theborderpixels. Theeffectsaremorepronouncedif
the imageboundarybelongsto a texturedareaandif thedeci-
sion�eld forcesdisparitycompensationto point outsideof the
imageboundary. Sincethe extrapolationschemeis indepen-
dentof the proposedalgorithm, its effectscanbe reducedby
employing a moresophisticatedapproach(e.g.,mirror-image
duplication).

In thestereopairTunnel(Fig.5), thelargestdisparity(20pix-

els) is on theslopeof themountain;it decreasestowardszero
at the railroad tracksand changessign in front of the tracks
(two �gurines at thebottom). Again, the improvementsarein
the overall sharpnessand the reconstructionof objectbound-
aries. This canbe seenin Figs.5(c) and5(d), andeven more
so in theclose-ups.Whereasin Fig. 5(f) theverticalbarhold-
ing thepipeson thefar-right endof thewagonhasalmostdis-
appearedunderaveraging(thereare two faint “ghosts”), it is
well-reconstructedby theproposedalgorithm(Fig. 5(e)).Also,
the openingof the red concretemixer (oval whole) is recon-
structedpreciselyby theproposedalgorithmwhereasit is dis-
tortedin thereferencereconstruction.Similarly, thegaugesand
coverhandleontheyellow compressorarehighly distortedand
blurreddueto averagingwhile they arepreciselyreconstructed
by the proposedmethod. Again, however, imagepatchiness
dueto the intensity/colormismatchbetweenthe left andright
imagesobscuresthoseeffectsto acertaindegree.Thebarcode-
like artifactson theleft andright bordersof Figs.5(c) and5(d)
aredueto theboundaryeffectsexplainedpreviously.

We have also experimentedwith our algorithm on other
stereoimages,suchasPiano. Contraryto Train, thedisparity
is uniformly smallthroughoutPianoandthismakesdistortions
from block-basedaveraginglessvisible. The �ne patternsof
the fabric on pianist's shirt werereproducedwith moredetail
by thenew algorithm;theimagereconstructedby thereference
algorithmwasblurredandthe �ner patternsof the fabricwere
lost. For more experimentalresults,the readeris referredto
our prior work [19], wherean early, simpli�ed versionof the
algorithmwasdescribed.

Overall, theproposedmethodproducessigni�cantly sharper
and less distorted reconstructedimages than the linear
disparity-compensatedaveraging. However, occasionallyit
mayalsointroducelocalizeddistortionsdueto the“patchiness”
of theblockdecisionvariables,for exampleasseenin Fig. 5(c)
on the lettersof the “Shell” logo. Although thesedistortions
arenot obtrusive,neverthelessthey show thatthemethodhasa
weaknessaswell.

To demonstratehow thewinner-take-all algorithmlabelsthe
individual blocks,we show in Figs.6 and7 for Train andTun-
nel, respectively, the expectedvaluesf �Vi gN

1 of the decision
variablesafter100,125and200 iterations,the latterbeingthe
�nal result. The black blocksoriginatefrom the right image,
whereasthe off-white blockscomefrom the left image. The
medium-grayblocksareto bereconstructedfrom bothleft and
right images(averaging).Note,thatat �rst only theimageareas
with strongfeatures(e.g.,top portionsof rail cars,barrels)are
assignedto eithertheleft or theright image;otherimageareas
areeitheruncommitted(recallthattheinitial statefor all f �Vi gN

1
is 1/2, i.e., uncommitted)or tendtowardsoneof the two im-
ages.The latter casecorrespondsto decisionvariableshaving
valuesdifferentfrom 0, 1/2, and1, andappearin Figs.6(a-b)
and7(a-b)asslightly lighter-than-mediumor slightly darker-
than-mediumblocks. As the algorithm progressesfewer and
fewer blocks are uncommitted(only thosewhereintensity is
mostuniform). Eventually, thealgorithmforcesa binarydeci-
sion in eachblock for �nal reconstruction.Thereis no partic-
ular structureto thedistribution of the �nal decisionvariables.
This is to beexpectedsinceno modelingof Vi wasattempted;
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(a) (b)

(c) (d)

(e) (f) (g) (h)

Fig. 4. Original stereopair from theTrain stereoscopicsequence(�elds #0) (a) left image,and(b) right image;andintermediatereconstructedviews for � =0.5
using: (c,e,f) Bayesianwinner-take-all algorithm,and(d,g,h)referencealgorithmbasedon linear �ltering. The close-ups(� 3) have size110� 110 pixels and
comefrom thecenterportionof thereconstructedimage:position(200,200)for (e,g)andposition(390,260)for (f,h). Theclose-upsaresomewhatbrighterthan
thefull imagessincethey underwentaslightnon-linearintensityadjustmentto increasecontrast.

thea priori distribution for Vi wasuniform.

Theestimateddisparity�elds for both imagesareshown in
Fig.8. Notethegraduallyincreasinglengthof thedisparityvec-
tors in theupperpartof the �eld for Train, which corresponds
to the mountainslope. Train carshave close-to-zerodisparity
sincethe cameraconvergenceplaneis at the railroad tracks.
Also, the increasingdepthof the mountainslopein Tunnel is
re�ected in thelengthof thedisparityvectors.Notethedispar-

ity reversalat thebottomof the �eld, althoughthevectorsare
quiteshortthere.

VI I . CONCLUSIONS

We have describeda novel methodfor intermediateview re-
constructionbasedonawinner-take-all strategy thateliminates
blurring and“ghosting” in the reconstructedimages. The re-
sulting intermediateviews areof high visual quality andthus
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(a) (b)

(c) (d)

(e) (f)

Fig. 5. Originalstereopair from theTunnelstereoscopicsequence(�elds #0): (a) left image,and(b) right image;andintermediatereconstructedviewsfor � =0.5
using: (c,e)Bayesianwinner-take-all algorithm,and(d,f) referencealgorithmbasedon linear �ltering. Theclose-ups(� 3) have size200� 200pixelsandcome
from theposition(480,130)in thecenterof thereconstructedimage.
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(a) (b)

(c) (d)

Fig. 6. Expecteddecision�elds f �Vi gN
1 for “Train”, after: (a) 100; (b) 125;and(c) 200 iterationsof theEM algorithm;(d) resultfrom (c) superimposedover

thereconstructedimage(Fig. 4.c). Black blocksdenotereconstructionfrom I R , off-white blocks- reconstructionfrom I L , andvariousshadesof medium-gray
denotereconstructionfrom bothI L andI R (averaging)

the methodmay be of interestfor high-quality 3-D applica-
tions. The methodis involved computationallybut dueto the
�rst-order spatialdependenceof disparitiesit is parallelizable
onanSIMD architecture.

A shortcomingof thepresentimplementationof themethod
is that appliedto a video sequenceon a frame-by-frameba-
sis it resultsin “block �ick er” dueto changesin the decision
variablesfrom frame to frame. Since in a typical natural-
scenevideosequencethereis astrongtemporalcontinuity, one
couldimagineanextensionof thepresentapproachto aspatio-
temporalalgorithmin which decisionvariableswould be tem-
porally constrained,i.e., a changeof decisionvariablevalue
betweentwo consecutive frameswould incur a penalty. This
would increasecomputationalcomplexity that would be fur-
ther compoundedif the intermediateview position � were to
vary continuously;a continuityconstrainton thedecisionmap
wouldhave to beimposedalso� -wise.Still, thiswouldnoten-
tirely solve theblock �ick er problem,but merelyreduceit. To
solve it entirely, onewould have to relaxtheconstraintthatthe

decision�elds bebinary, andlet themvary continuouslyin the
interval [0; 1]. Thiswouldcorrespondto disparity-compensated
linear �ltering with spatially-varying coef�cients. To be sure,
someblur would be introducedthroughlinear �ltering, but it
may well be masked by motion. Nevertheless,currentresults
areencouragingandwe arepresentlylooking at extensionsas
well asalternativeapproachesto high-qualityintermediateview
reconstruction,suchasotherdisparitymodelsandmoreprecise
disparityestimationmethods.

It is importantto realizethat the theoreticalframework pre-
sentedin this paperin the context of disparitiesand stereo-
scopicimagesis applicableto motion andmonoscopicimage
sequencesas well. The proposedformulation can be easily
adaptedto performmotion-compensatednon-linearinterpola-
tion of individualframesin animagesequence.Althoughframe
rateconversionmay prove dif�cult with this method,compu-
tation of high-resolutionstill imagesfrom a video sequence
is certainlyfeasible. Additionally, the methodwould not suf-
fer from block visibility sincewith only onecamerano inten-
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(a) (b)

(c) (d)

Fig. 7. Expecteddecision�elds f �Vi gN
1 for “Tunnel” after: (a) 100; (b) 125;and(c) 200iterationsof theEM algorithm;(d) resultfrom (c) superimposedover

thereconstructedimage(Fig 5.c). SeeFig. 6 for explanationof graylevels.

(a) (b)

Fig. 8. Disparity �elds for (a) Train, and(b) Tunnelcorrespondingto theresultsfrom Figs.4(c) and5(c), respectively. Eachvectoris scaledby 0.5 for better
visibility.

sity/colormismatchwouldbepresent. ACKNOWLEDGMENTS
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