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BayesiariWWinnerTake-All Reconstructiomf
Intermediate/iews from Stereoscopitmages

Abdol-RezaViansouriandJanusZXKonrad,SeniorMember|IEEE

Abstract—This paper presentsa new algorithm for the recon-
struction of intermediate viewsfrom a pair of still stereoscopidm-
ages.The algorithm is designedto addressthe issueof blur caused
by linear ltering often employedin suchreconstruction. The pro-
posedalgorithm is block-basedand to reconstructthe intermedi-
ate views employs non-linear disparity-compensated ltering by
meansof a winner-take-all strategy. The reconstructedimage is
modeledasa tiling by xed-size blocks coming from various po-
sitions (disparity compensation)of eitherthe left or right images,
while the tiling map itself is modeledby a binary decision eld. In
addition to that, an obsewation 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 estimatedjointly using
the expectation-maximization algorithm. The new approach is
compared experimentally on complex natural imageswith a ref-
erenceblock-basedalgorithm employinglinear lItering . Although
the impr ovementsarelocalizedand often subtle, they demonstrate
that a high-quality intermediate view reconstructionfor complex
scenegs feasible.

Index Terms—ntermediate view reconstruction, disparity-
compensatedimage inter polation, stereoscopicand 3-D imaging,
3-DTV

I. INTRODUCTION

[ ereoscopiémagesandvideo have beensuccessfullyex-
loited in medicine,remoteguidance computeraidedde-
sign and entertainmen{8], [16] for abouta decade. Due to
technologicalconstraintsprimarily analay stereoscopicsys-
temshave beenused,thus substantiallylimiting their e xibil-
ity. In recentyearsa signi cant effort hasbeenundertalkento
migratesuchsystemso the more e xible digital domainand
subsequentlyo add new functionalities. One of the desirable
functionalitiesis the “continuouslook-around”- visualization
of 3-D dataonthescreerfrom differentviewing angles.In such
applicationsas3-D videoconferencingpaturalinteractionwith
confereest the otherendor with 3-D objectspresentedn the
workspaces essentialby moving his/herheada usershould
beableto "seearound”the conferee®r 3-D objects[17], [20],
[9]. Thisis equivalentto positioninga stereccameran the3-D
scenein accordanceavith viewer motionin front of the moni-
tor. In practice,a “virtual” camerais considerednstead,and
thechallengés to reconstrucbutputimagesof this camerg(in-
termediatdmages)basedon the knowledgeof imagescoming
from true cameras.This is shavn in Fig. 1; basedon images
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acquiredby camerasC, and Cg, virtual imagesfrom cam-
erasC, +1 andCgr.+1 needto becomputedf theviewer's head
movesto theright. Similarly, imagesfrom camerasC, ; and
Cr 1 mustbefoundfor viewer motionto theleft. Althougha
signi cant lateralviewer motion may be neededn 3-D video-
conferencing(e.g., to demonstratebjects),usually a smaller
rangeis neededn entertainmenapplicationssuchas3-D TV.

Anotherdesirablefunctionalityin 3-D systemgs the adjust-
mentof the amountof “3D-ness”or parallax[12]. Although
sometimesiewercomplaintsof visualdiscomfortwhenwatch-
ing 3-D imagesaredueto reversestereq(interchangedeft and
right images)or ghosting(seeingfaint unintendedimage by
eacheye) [13], it is the excessie parallaxor “3D-ness” that
is mostoftenatfault. The excessve “3D-ness”of therecorded
datais sometimesntentional(e.g.,hyperstereo)however most
often it resultsfrom improper stereoacquisition. Moreover,
sincethe stereoscopi@cuity of the humaneye variesconsid-
erably betweenindividuals [23], 3-D materialacceptablegor
someviewers may causea considerablaliscomfortfor other
viewers. Therefore an adjustmenbf the strengthof 3-D cues,
primarily parallax,is needed.Suchan adjustmentanbe per
formedif the camerabaselineB canbevaried. This is shovn
in Fig. 1 again; computingimagesfor virtual camerasC, .,
andCgr ; is equivalentto shorteninghe camerabaselineand
thereforeresultsin the reductionof parallaxin the correspond-
ing stereopair of images.

Fig. 1. Stereoscopigmageacquisitionby truecamerasC, , Cr (solid lines)
with baselineB andby virtualcamera; 1,C_+1,Cr 1,Cgr+1 (dashed
lines). Imagesfrom virtual cameraseedto be computedbasedon images
acquiredby thetruecameras.

Currently two typesof methodsn intermediateview recon-
structioncanbeidenti ed: methodsasedon 3-D modelingof
the sceneand methodsbasedon 2-D image modelsand sig-
nal processingrinciples. Theformermethodsderive from the

eld of computewision. In suchmethodstypically 3-D model
parametersre estimatedrst andthenusedto recover a vir-
tualimagefrom anarbitrarily-positioneccamerg4], [14], [10].
Suchmethodsarecapableof handlinglarge parallax,but dueto



the 3-D modelinginvolved, they work well for simple scenes
only; for comple naturalsceneshesemethodsdo not perform
well. The othergroup of methodsreliessolely on 2-D image
modelsandon signalprocessingrinciples;usuallythe dispar
ity (de ned asthe differencein coordinatef the projections
ontotheleft andrightimagesyespectiely, of the samepointin
3-D space)s estimatedrst andthenappliedwithin disparity-
compensatethterpolation[22], [9], [18]. Sincesuchmethods
do not attemptto modelthe 3-D scenethey canhandlesmall
to mediumparallaxonly, i.e., shotsobtainedby parallelor al-
mostparallelcamerasvith smallbaselineandno close-upsAl-
thoughthis scenariois incompatiblewith videoconferencing,
it is very closeto a typical entertainmenapplicationsuchas
Imax 3-D' or 3-D TV, wherethe camerabaselineis equalto
the humaninteroculardistancelt is this type of reconstruction
methodthatwe consideiin this paper

Once the left-right image correspondenceés established
by means of disparity estimation, typically a disparity-
compensatetinear interpolationof intensityandcolor is per
formedfrom left andright images[22], [9], [20], [18]. Since
disparity estimationis aninverseproblem,it is oftenill-posed
[2] andthereforea precisecomputationof disparitiesis very
dif cult. Subsequentlythe use of imprecisedisparitiesin
disparity-compensatdihearinterpolationoftenleadsto blur of
the reconstructedntensitiessinceslightly misalignedpatterns
are averagedout. An alternatve is to usea non-linearinter
polation scheme put sincedisparity estimationdevelopedfor
linearinterpolationis no moreoptimalin this case,it needsto
bereformulated.

In this paperwe proposeanovel approactto thereconstruc-
tion (interpolation)of intermediateviews thataddressetheis-
sueof interpolationblur andthatcombineghedisparityestima-
tion andtheimagereconstructiorinto onestep.Theproblemof
excessve blur characterizeall reconstructioralgorithmsbased
onlinear ltering, whetherthey beblock- or pixel-basedTo al-
leviate this problem, the basicconstraintthat we poseis that
thevalueof theinterpolatedntensity/colorbe allowedto orig-
inate from either the left or the right image,thusresultingin
a “winner-take-all” stratgy. Clearly true intermediatdmages
(acquiredby avirtual camerajrenot madeof patchegrom the
left andright images.Thetransformatiorleadingfrom a stereo
pair to the intermediateview is much more complex and can
be accuratelymodeledonly by reconstructinghe scenefrom
the stereoinformation and viewing it with a virtual interme-
diate camera. Sinceour goal is to processarbitrary camera-
acquired(comple) images,an accuratescenereconstruction
is not possible. Therefore,we stay within the realm of 2-D
signalprocessingandconsiderour modelto be anapproxima-
tion to the true reconstructiorprocesshat alleviates someof
themajorweaknessesf disparity-compensatdihear Itering.
We assumean almostparallel camerageometry i.e., the dis-
parity is a 2-D vectorwith a small vertical componentwhich
is a close approximationfor stereoscopidatausedin enter
tainmentapplications.Moreover, the disparityis consideredo
beconstanbverablockandsimilaramongneighboringolocks.
Theabore assumptionarecombinedn aBayesiarformulation
andsolved via maximuma posteriori probability (MAP) esti-

IEEE TRANSACTIONSON IMAGE PROCESSING\VOL. 9,NO. 10, 0OCTOBER 2000

color imagesand comparedwith a block-basedapproachthat
performsdisparity-compensatdthearinterpolation.A simpli-
ed versionof the algorithmpresentedhere,involving strictly
parallelcamerageometry(1-D disparities)and coarsequanti-
zationof disparitieswasdescribedn our previouswork [19].

The paperis organizedasfollows. In Sectionll the frame-
work of the problemis outlined,in Sectionlll modelsarepro-
posedandin SectionlV the estimationprocedurds described.
In SectionV detailsof thereferencealgorithmaregivenwhile
in SectionVI the experimentalresultsare discussed.Conclu-
sionsaredravn in SectionVII

Il. FRAMEWORK
A. Theproblemof intermediateview reconstruction

Throughoutthe paper we assumenalmostparallelcamera
setup- the mostlikely scenarioin entertainmengapplications
suchas3-D TV. Consequentlhtheparallaxandthedisparityare
expectedto have a smallvertical componentHowever, should
the sourceimagesoriginatefrom highly corvergentcameras,
imagerecti cation [21] would have to be appliedprior to ary
processingSucharecti cation re-projectdmagesontoacom-
monimageplanethuspermittingthe useof parallelcamerage-
ometry(no verticaldisparities).

A intermediate view
to be reconstructed

observed y observed
left view right view
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Fig. 2.  Stereoscopi@cquisitionwith parallel camerascamerabaselineis

normalizecto 1.

In aparallelcamerasetup two identicalcamerasvith image
planesx andy axesparallelto theworld X andY axesareused
(Fig. 2). Assumethatboth camerasave theirimageplaneson
theworld Z = 0 plane,thattheir focal pointsareon the world
Z = 1 plane,andthattheirimageplanecoordinateorigins
areontheworld X axis: theorigin of theleft cameraatX = 0,
andthatof theright cameraat X = 1. In otherwords,theright
camerds relatedto theleft cameraby apositive unit translation
alongtheimage(andworld) x axis.

We consideran almostparallelcamerasetupto be the same

mation. The algorithmhasbeentestedon naturalstereoscopic as the parallel one in Fig. 2 except that both image planes
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(x1;y1) and (x?;y?) are slightly rotatedtowards eachother
aroundanaxisparallelto they axis(typically, by afew degrees)
thusinducingasmallverticalparallax(typically, nomorethan2
imagelinesatimageextremities)for objectpointsoff the plane
containingthe cameraaxes. Note, that, for simplicity, we have
representedhe imageplanein front of the focal plane,so as
to simplify the relationshipbetweenthe position of a point in
spaceandthatof its projectionontotheimageplane.

The problem of intermediateimage (view) reconstruction
thatwe wantto investicate canbe describedasfollows: given
the obsened left and right imagesl | and | g capturedby
the left and right cameragespectiely, estimatethe interme-
diateimageJ thatwould have beencapturechada similar vir-
tual camergFig. 1) beenlocatedat someintermediatgosition
alongthe X axis betweenthe left andright cameras.Suppose
thatthis intermediatgoositionis de ned by the normalizeddis-
tance betweentheintermediatdmageJ andthe left image
I L (Fig. 2); clearly, 0 < < 1. Then,givenl | andl g
correspondingo X = 0andX = 1 respectrely, we needto
compute] correspondingo someintermediategpositionX = .

B. Estimationcriterion

Intermediateview reconstructions inherentlyill-posed: a
solutionis oftennon-uniqueor is sensitve to intensitychanges,
or even may not exist [2]. For example, changesin view-
ing position causemultiple regions to be uncovered or oc-
cluded,especiallyat objectboundariesand on objectsurfaces
with pronouncedconcaities. As a result,numerousnterme-
diateviews J could possiblycorrespondo the sameobsered
pair (I _;1 r), and hencethe problemof computingJd from
(IL;1Rr) is notwell-posed. To alleviate this andto malke the
problemwell-posed,it is necessaryo reducethe classof so-
lutions on which estimationis performed. In an enegy mini-
mization framework, this correspondso regularization,while
in a probabilistic framework it correspondgo imposing pri-
ors on the unknavns to be estimated. We adoptherea prob-
abilistic framavork. In particular we maximize the a pos-
teriori probability of the intermediateémageJ given the ob-
senedimagepair (I ;1 r). In otherwords,we strive to max-
imize P(J =l ;1 r) with respecto J, which, by Bayes'rule,
is equivalentto maximizingP (1 ;1 r=J) P(J). Theex-
actform of thelikelihoodP (I . ;1 g=J) andof theprior P(J)
usedwill bedictatedby the probability modelsadoptedbelow.
Additional variableswill be introducedin the courseof mod-
eling, suchasa disparity eld, to accountfor propertieof the
obsenedimages.The MAP estimationwill be donejointly for
theintermediateview J andfor thesenew variables.

I1l. MODELS

We assumeéhatthe obseredimagesl | andl g aswell as
theintermediateémageJ areeitherscalaror vectorfunctions
19 1g; mostoften
the scalarcasewould correspondo black-and-whiteimages,
whereaghevectorcase-to colorimages.

As for the camerageometry considerthe parallelgeometry

rst; theimageplanesof theleft andright camerasrerelated
by atranslationalongtheir x axes,asshavn in Fig. 2. p, and

P, calledhomolgouspoints,areprojectionsof the 3-D point
P ontotheleft andrightimageplanesrespectiely. In thecase
of parallel camerageometry the disparityd, de ned asd =

Pr P..isahorizontalvector Furthermorethehomologous
pointsin theleft, intermediateandrightimages(p, , p andpg,

respectiely) arerelatedasfollows (Fig. 3):
@a Hd:

p=p.+ d p=pg 1)

We will furtherdenoted, = d astheleft disparityanddg =
(1 )d astheright disparity Clearlyd = d.  dg.

In the caseof anon-parallecamerageometrythetwo image
planesare rotatedtowards eachother with two major conse-
quencesFirst, the disparityd is nolongera strictly horizontal
vector Secondly the linear relationshipg1) do not hold any
more;the positionof the homologougoint p is acomplicated,
non-linearfunction of disparityd andalsodepend®n the hor-
izontal position of the 3-D point P [6]. However, if the con-
vergenceanglebetweerthe two camerags very small (almost
parallelcameras)i.e., no morethan1 degree,we canapprox-
imate this non-linearrelationshipby the linear onein (1) [6].
At the sametime, althoughthe vertical componeniof dispar
ity is small,it is non-ngligible; a vertical disparityof even2-3
imagelines cannotbe ignoredin imageswith stronghorizon-
talfeatureqi.e.,man-madebjects).lt is exactly for thisreason
thatwe assumehelinearrelationship(1) but we operateon 2-D
disparitiesd = [d* d¥].

c T R
| | d
o oo R Fl
B 5 PR
P | |
a 1l-a

Fig. 3. Therelationshipbetweerleft (d, ) andright (dr ) 2-D disparitiesfor
stereoscopicamerawith unit baseline.

Sinceour goalis to reconstruct] locally from eitherl | or
| R, we selecteda squareblock astheunit wherethelocal deci-
sionis to bemade;this block cannotbetoo small(e.g.,a pixel)
if the decisionis to bereliable. Thus,we assumehe domain
of J is uniformly subdividedinto N=N; N, non-overlapping

blockshorizontallyandN, vertically. Eachblock B ; is thusa
setof b? imagepoints.

Our fundamentabssumptionsyponwhich the modelswill
bebasedare:

1. block B ; in imageJ is reconstructedhasedon the datain
eitherl L orin | g,

2. all pixelsin block B ; in imageJ have thesamedisparity
3. neighboringblocksin imageJ have similar disparity

The validity of the lasttwo assumptionslependsn the block
sizeb aswell asthe natureof the stereoscopipair of images
used.Basedon the abore assumptionsye will derive theim-

agemodelsthatwill identify thelikelihoodandthe prior of the
MAP formulation.



A. Reconstructiomodel

In orderto reconstruceachintermediateblock from either
I L orl R, we associatewith eachsuchblock a binary vari-
able,thusobtainingafamily f Vi glL; of binaryvariables.Since
we assumedbhat all pointsin the sameblock have the same
disparity we canassociate disparity vectorwith eachof the
N blocks of the image domainof J, thus obtaininga fam-
ily fdigl, of disparity vectors. We also introducethe fam-
iliesf g\, andf g, of independenb b noisematri-
ceswith elementghatareindependentidentically distributed
(i.i.d.) zero-mearGaussiarrandomvariablesof variance 2.
Theseprocessesre usedto representameranoiseaswell as
generalmodelingerrors.

Let p be a pixel in block B ; of the intermediateémageJ,
i.e.,p 2 Bi. We proposethe following reconstructiormodel
relatingimageJ totheobsenedpair(l ;1 r):

I
=

le(p+ di)+
Ir(p (1

i(P); Vi =

I(p) = )+ ()

I
e

In otherwords,eachblockB ; of theintermediatémageJ orig-
inatesfrom a correspondinglisparity-compensatdalockin ei-
therthe left or theright image,the latter choicedependingon
the value of the binary variableV;. This reconstructiormodel
yieldsthefollowing likelihood

PJjs, =l L;I(R;fdig?;fvig?) =
N 2Jjs,
N 2Jjs,

1
0;

i+ d); Vi
ydi): Vi

Irig, @

whereN () denotesa kik?-multivariate Gaussiarwith mean
vector0 andcovariancematrix 2l (12 isthekk?  kb?
identity matrix), and k is the dimensionalityof the imageJ
(typically 1 for black-and-whiteor 3 for color images). The
symbolJ jg, denoteshe restrictionof the imagefunctionJ
to block B i, while | | jg,+ ¢, is therestrictionof the image
function| | to the block obtainedby translatingblock B ; by

di. Similarly, | rjg, @ )aq, is therestrictionof theimage
function| g to the block obtainedby translatingblock B ; by

(1 )d;. SincethevariableV; is binary, this canbewritten
morecompactlyas

PUjs, = L;lrifdig);fVigY) =
[N 2(‘]jBi ILjBi+ di)]vi
N :(Jjs, ya ItV

()

Irig, @

To combine the conditional probabilities (2) of individual
blocksinto the overall probability of thewholeimage,we note
thattheindependencef thenoiseprocesses; and ; implies
thatthe intermediatdmageJ restrictedto block B ; is condi-
tionally independenof its restrictionsto otherblocksgiventhe
left andright imagesandgiventhedisparityvectorsandbinary
variables.Then,theoverall likelihoodfor imageJ canbewrit-
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tenasfollows:

PQA=l ;1 rifdigd fvig)) =
W _ , v
IN 2(Jjg, Iiig,+ a1V ®3)

i=1

IN 2(Jjs, |

IrRiB, @ )adi)

B. ObservatiorModel

The obsenation modelrelatesthe intensities(and/orcolor)
of the left imageto thoseof the right imagevia the dispar
ity eld d. Theusualunderlyingassumptiorexploited hereis
thatthehomologougpointshave thesamecharacteristicsn our
casethe sameintensityand/orcolor. We allow a small depar
ture from this modeldueto cameranoise,aliasingeffects, etc.
By lettingf ;gN, be a family of zero-mearGaussiarwhite
noisevectorprocessewvith variance 21y, we expressthe ob-
senationmodelasfollows:

le(p+ di)=1lr(p (@ )di)+ 5 (4)
thusyielding anothetik elihood:
P(I =l r;fdig) :fViQ)) =
¥ : : (5)
Noa(vijgi+ o IrRiB, @ )a):

i=1

Note that above we assumdhe obseration model(4) is inde-
pendentbf the decisionvariablesf V; g} , i.e., constang of in-
tensityholdsalongthe disparityvectorregardlessof wherethe
reconstructedhlock comesfrom.

By constrainingthe disparity this modelwill allow us to
solve for the total disparityd at eachblock andthussolve for
theleft andright disparitieg(d, , dr).

C. Prior Models

A strongprior on imagedisparitieshasalreadybeen“hard-
wired” by assigninghe samedisparityvalueto every pixel of
animageblock. We go one stepfurther andimposean addi-
tional prior on the disparity eld fd;gY; we assumehat this

eld, asafunctionof blockindex i, is piecavise constantThis
modelbuilds a coarseapproximatiorof the 3-D world by favor-
ing alocal constang of depthwithin the neighboringblocks.

We choosea prior partly similar to the prior on boundary
length that has beenintroducedfor image segmentationby
Leclerc[15], andwe write (up to a normalizingconstant)

logP (fdigy ;fVigh) =
1 XX
= (@ (& d+ (6)

i=1 j2 (i)
@ (& d)+K(d)?

where (i) is the block neighborhoodof the block B ;. We

dene asfollows: (x) equalslif x = 0 andequalsO if

x 8 0. Thequadratictermin d! is a prior enforcingvertical
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disparity to remainsmall (almostparallel cameras). The re-
mainingtermsare approximatelyequivalentto expressingthe
minimumdescriptiorlengthof the eld fd;g} asproportional
to the numberof differing adjacentd;'s (“boundaries”). Note
thatwe assumedhdependencef disparityvectorsfrom thede-
cisionvariablesV; and,morewer, thatwe posedno constraint
onV; otherthanthatof beingbinary; the a priori probability
for V; is uniform.

Notealsothatwe imposeno prior onthereconstructeémage
J, althoughsuchaprior, e.g.,asmoothnessonstraintcouldbe
easilyincluded.

IV. ESTIMATION PROCEDURE
A. MAP formulation

In orderto computethe most likely intermediateview J
basedntheobsenedleft andright views| | andl g, we need
to nd the MAP estimateof J givenl | andl r. SinceJd is
closelytiedto! | andl g viathedisparity eld fd;g},itiscon-
siderablysimplerto computethe joint MAP estimateof J and
fdig) thanit is to computethatof J alone. In whatfollows,
we shallthereforecomputethe MAP estimateof J andf d; g}
jointly. Sincethebinaryvariables V; g} areunknavn, wehave
a MAP estimationproblemwith incompletedata. It will be
possibleto solwve this estimationproblemvia the expectation-
maximization(EM) algorithmby consideringherelatedVIAP
estimatiorproblemwith completedata thatis, MAP estimation
of J,fd;g},andfVvigy.

TheMAP estimateof J, fd;g) , andf V; g} canbeobtained
by maximizingthe posteriorprobability

P;fdigy;fVigy =l Li1r) =P =l ;1 R;fdig) ;fVigY)
Pdig);fVigl=l;1R)

or, alternatvely, by minimizing

logP(J;fdigY ;fvig) =l L;1Rr) =
logP (3=l ;1 r;fdig);fVig))
logP (fdig) ;fVig) =l L;lr):

Using the Bayesrule, the prior for fd;g)’ ; fVig) conditioned
onl | andl g canbedecomposedsfollows:

logP(fdig ;fVigl=lL;1Rr) =
logP (I =l r;fdig) s FVigh )+
logP(fdig;fVig) =l r) logP(l=lR):
Clearly the MAP estimateof J, fd;g), andfV;g) given

theobsenationsl | andl g is thenobtainedoy minimizingthe
following enegy function

EQ;fdig)fVig) =l L;1R) =
Er(J=l;lrifdig) ;fVig) )+
Eo(l L=l r;fdig) ;fVig) )+
Ep(fdig) ;fVig) =l r):

(7)

In orderto simplify the expressionsfor the above enegy
terms,weintroducethreenew symbolsfor intensity/coloresid-
uals:

i=lc(p+ di) Ir(p (1 )di);
F=3() e+ di); (8)
F=3(p) (P @ )d):
To allow a compactotationwe explicitly omitin eachsymbol
thedependencen p.

Notethateachenepgy termin (7) is, up to a constantequal
to thenegative logarithmof the correspondingrobabilityfunc-
tion. Thus,the rst termin (7) is derived from the reconstruc-
tion modelrelatingthe intermediatamageunderestimationto
theobseredimages(3):

E-(d=ly;lr:fdig);fVig)) =

XX 9
2—12 Vik F2+ (1 Vik RK2 ®
i=1 p2B;

The secondermderivesfrom the obseration model(5) relat-
ing the obsered left and right imagesthroughthe estimated

disparity:
1 XX

2
2 i i=1 p2B;

Eo(l L=l r;fdig) ;fVig)) = k ;K% (10)
Finally, the lasttermincorporatesa priori piecavise smooth-
nessandverticalamplitudeconstraintg6) onthedisparity eld
underthe assumptiorthat f Vig)' andfd;g) areindependent
of | g:

N N 1)(" X
Ep(fdigy ;fVigy =l r) = > [(1
i=1 2 (i)

@ d)N+ K@)
(11)

The minimization of enegy (7) mustbe donewith respect
to theimageJ, the displacementsl;, andthe decisionvari-
ablesV;. However, sincethetermE, (11)is non-differentiable
becausef theindicatorfunction , we approximate by apa-
rameterizedlifferentiablefamily ~ suchthat cornvemgesto

pointwiseas ! 0. Similarly to Leclerc[15], we choose

(x) = e ¥*=2° thatsatis es

(df  d)+

Ii!m0 x) = (x):

Substituting for , we obtaina parameterizetamily of func-
tionsE wheretheprior termE, (11)is replacedoy (dropping
thenormalizingconstanbntheway)

1 XX
Ep (Fdig);fVigY=lr) =2 (1 (@ )+
i=1 2 (i)
@ (& AN+ K)o

We minimizethe new enegy functionE = E, + E, + Ej,
by continuationas ! O.



B. MAP estimation

As wasmentionedn the previous section,it is considerably
simplerto computethe joint MAP estimateof J andthe dis-
parity eld fdig). Werethe binary variablesf V;g) known,
this problem could be solved via optimizationmethodssuch
asgradientdescent.The problemhowever is that thesebinary
variablesarenotknown. Thisis, therefore a caseof MAP es-
timationwith incompletedata.We shall solve this problemvia
the EM algorithm, by maximizing insteadthe conditionalex-
pectecaposteriorilog likelihoodof thecompletedata,or equiv-
alently, by minimizing the enegy function E . Although the
classicalEM algorithmwasdevelopedin the contect of maxi-
mumlikelihoodestimation[5], it maybe appliedto maximum
a posterioriestimationaswell [1]. To do this, we considerthe
Gibbsdistribution associatedvith E . Up to a scalingfactor
(thetemperaturel of the Gibbsdistribution), E is the nega-
tive log-likelihoodof its associatedsibbsdistribution. Hence,
minimizationof E is equivalentto maximizationof the Gibbs
distribution. The key propertyof the Gibbsdistribution, which
we wantto exploit, is thatat zerotemperaturdét putsunit mass
onthesetof statesvhich correspondo the globalminimum of
E . In anattemptto nd theglobalminimumof E , continua-
tion is performedon the temperaturef the Gibbsdistribution,
startingfrom a large value of T, andthe MAP estimatef J
andfd;g) computedat eachvalueof T aretracked stepby
stepasT decreaseto zero. At eachtemperaturd, the MAP
estimatesof J andfd;g) arecomputedusingthe EM algo-
rithm, through solving the easierproblemof maximizingthe
conditionalexpecteda posteriorilog lik elihoodof the complete
data. The EM algorithmis guaranteedyndermild conditions,
to corvergeto alocal maximumof thelik elihoodfunction|[5].

The Gibbsdistribution at temperaturdl associatedavith the
enegy functionE is

Pifdigt i Tvidy =l LilriT; ) =
e E (:fdig) sfvigh =l :1r)=T

Z(1 ;1 R:T; )

whereZ is the partitionfunction of the Gibbsdistribution. Let

P? = PQ;fdig);fVigie;:V, = 0=l ;1 R;T; );
Pt = P@O;fdidY:fVige;;V; = 18 51 R:T; )
Notethat

PO+ Pl=P(J;fdid);fVige; =l L;lr:T; ) (12)

is thejoint probabilityof J; fdigY ; f Vigie; givenl | andl g,
andthat (absorbingl=2 2 into T)

p

o PO e mmkiEE
i~ pjl_,_ pjo_ R ' poe; K KT o " pam, K KT
L le ~ ) e P28 k jL|;2=T
I le+ PJ-O_ e pzsjkij2:T+e pzsijszzT

IEEE TRANSACTIONSON IMAGE PROCESSING\VOL. 9,NO. 10, 0OCTOBER 2000

arethereforethe conditionalprobabilities

D= PV = 0=0:fdigY i fVigiejslLilriTh ) (13)
F= PV = 133 fdigY s fVigiej ;LT r; T3 ) (14)
Viewing the V; asunobserable classlabels,the EM algo-

rithm consistf successie iterationsthatalternatebetween:

1. estimationof the conditionalmeanV; of eachbinaryvari-
ableV;, and

2. maximizationof the conditional expectedlog likelihood
with respecto theremaining(continuousyarameterd and
d;.

SincetheV; arebinary, the meanV, is equalto the probability
J-l thatis known in closedform (14). NotethatasT ! 1,
Vi! l,andasT! O,eitherV;! OorVi! 1

Given an estimatefV;g), minimization of the enegy
E (J;fdigl;fVid) =l ;1 r) with respecto J andd; canbe
performedusinggradientdescentThenecessargonditionsfor
anextremumof E are:

rymE =0, rgqE =0 8p2B;i=1,:N:
After differentiationandrearrangemerf terms,thesecondi-
tionscanbere-writtenin thefollowing form (i = 1;::;;N):

I@=VILp+ d)+@ WIr(e @ )d);
802 B,; (15)
and
X
SO vt B e (16)
p2Bi
1a ya wr %(p @ )
LI %(m d)+ (1 )%(p @ d) +
Ir
X 2 (dX dJX)2
S d)e =0
j2 (i)
and
X
1oowt %(m d)+ 17)
p2B;
1a @ wr %(p @ )
LI %(m d)+ (1 )%(p @ )d)) +
Ir
X 2 (CH diy)z
S de 77 +Kd =0
j2 (i)

The equation(15) is a simpleblock-wiseaveragingwith coef-
cients V; andl V;;J is acorvex sumof therestrictionsof
| L andl r to particularblocks. In the zero-temperaturbmit,

asthe meansV, tendto O or 1, J becomesa “patchwork” of
selectegpartsof | | andof | g. Thed; areiteratively computed
from the remainingequationausinggradientdescentgquation
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(16) is solved for d* whereasequation(17) is solved for d? .
Note the additionalterm K d’ in equation(17) that embodies
the constrainton the magnitudeof the vertical componeniof
disparity

The completeminimizationalgorithmcanbe summarizedis
follows: the temperatureTl is decreasedo O monotonically
(the “annealingschedule”for deterministicannealing),start-
ing from a large value (i.e., relative to the absolutevaluesof
the enegy functionsinvolved),andat eachvalueof T, starts
at a large valueanddecrease$o 0 so thatthe approximations
to the indicator function corverge to the latter If we were
to “blend” thesetwo sequencesye would obtaina single se-
guence n;T,) suchthatlim,;; T, = O, with T, amonoton-
ically decreasingequenceand , aperiodicsequencemnono-
tonically decreasindo 0 in eachperiod. It is alsopossibleto
blendthesetwo sequencem differentways,suchthatbothde-
creasdo 0 monotonicallyat differentrates.

Assumethatat iterationr of the EM algorithm,we have es-
timatesf V" g, J", andfd{ g} . At iterationr + 1, we update
theseestimatessfollows (i = 1;:::;;N):

P

r+1 e P2B kbiL k?=T,
Vi —e szaikbkaZZTf+e szBikb'RkZZTr
I™HE) =V L (p+ di)+
@ VfM)Ir(e @ )dj); 8p2Bj;

whereb, | b- andbR arede ned asbefore(8) exceptthat J
is replacedby J" andd; is replacedby di . Thedisplacement
estimated| ** is thesolutiond; to equationg16)and(17)with
V"*! replacingV; , andJ"** replacingd . This solutioncan
be computedusing Gauss-Jacolor Gauss-Seideterationsby
de ning aniterationwhich hasasits x edpointthe solutionto
the above systemof equations. Eachiteration entailssolving
a large systemof linear equations somethingwhich is easily
donesincethe matricesinvolvedaresparse.

C. Initialization of theestimatiornprocess

Sincethedisparityiterationsusegradientdescentpnly a lo-
calminimum canbe foundandthustheinitial valueof thedis-
parity eld fd’g) is essentiafor the goodperformancef the
algorithm. This is particularlyimportantwhenlarge disparities
arepresenin steregpairsunderconsideration.

Instead of using a multi-resolution top-dovn approach,
we opted for a coarse, but reliable, initial estimate pro-
vided by 3 successie applicationsof an exhaustve-search
block matching algorithm [3] with decreasingblock size
(64 16,32 16,16 16). We usedaquadraticcostfunctionand
full-pix el precision. The searchwasdonein the horizontaldi-
rection only; the vertical componentof the disparity was as-
sumedto be zero. Furthermoreno intensityinterpolationwas
requiredthus makingthe algorithmquite fast. We assuredo-
bustnes®f thealgorithmin the presencef large disparitiesby
usinglarge blocks(64 16 pixels) andsuitabledisparityrange
((-35:35)pixels). Disparity estimateshuscomputedvereused
asinitial estimatesfor block matchingat reducedblock size
(32 16) andreducedrange(-15:15); the new statespacewas
centeredaroundthe previous-iterationestimate The procedure

was repeatedor 16 16 blockswith range(-10:10). The re-
sulting block disparity estimatesvere usedasthe initial eld
fdiog? both for the new algorithmandfor the referencealgo-
rithm describedelow.

V. THE REFERENCE ALGORITHM

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

The disparity-compensatelthear interpolationof the refer
encealgorithmis implementedor i = 1;::;;N and8p 2 B
asfollows:

JP) =@ e+ di)+ Ir(p )di):

ThereconstructedmageintensityJ (p) is thusalinearcombi-

nationof suitabledisparity-compensatdéft andright intensi-
ties. Thedisparitiesarecomputedy theinitializationdescribed
in SectionlV-C, followedby 1/4-pixel exhaustve-searctblock

matchingwith 16 16 blocksand(-5:5) (-3:3)range.Thisis,

in principle,arepetitionof the lastiterationfrom theinitializa-

tion procedurebut performedat 1/4-pixel accurag andinclud-

ing theverticaldirection.

1

VI. EXPERIMENTAL RESULTS

The new algorithmdescribedn this paperhasbeentested
on several stereoscopignages.We includeherethe resultsfor
elds #0 from the Train and Tunnel ITU-R 601 (720 576)
stereoscopimterlacedsequencegseeAcknovledgments)For
both sequenceghe acquisition cameraswere 8.75cm apart
(camerabaseline).Eachcamerawasrotatedtowardsthe other
cameraby slightly lessthan 1 degree. This setupinduceda
maximumbhorizontaldisparity of about26 pixelsin Train and
20 pixelsin Tunne| andno morethan1-2 scanlinesof vertical
disparity

Both the new and referencealgorithmsuse 16 16-pixel
blocks. Sincethenew algorithmperformsgradientdescentvith
respecto disparities,eachvectord; has,in principle, in nite
precision( oating-point). To carry out a fair comparisorwith
thereferencealgorithm,a quantizatiorof the estimatediispar
ities to the precisionof the referencealgorithm (1/4 pixel) is
performed.In both algorithms,the intensitiesat sub-pixel ac-
curagy arecomputedby a separabléi-cubicinterpolator[11].
The reconstructionsre performedat =0.5 on full-color im-
agesj.e.,for k=3 (Sectionlll-A).

The referencealgorithmtook approximately4 hoursto run
onal66MHzUItra 1 Sunworkstationwith theproposedlgo-
rithm (200 continuationstepscontainingeach5 Gauss-Jacobi
iterations)abouttwice aslong. In both algorithms,the bottle-
neckis in bi-cubic interpolationthat usesa 4 4 kernel. We
did not make ary specialeffort to optimizethe algorithmsfor
speed.

Figs. 4(a-b) shawv the original stereopair of the Train se-
quence.In this stereopair, the backgrounchaslarge horizon-
tal disparity (26 pixels). This disparitygraduallydecreaseto-
wardszeroattherailroadtracksin the centerforeground(cam-
eraconvergenceplane).Althoughthecamerasverenotparallel



during the acquisitionof theseimages,the corvergenceangle
wassufciently smallto inducea vertical disparityof no more
thanl1-2 scanlines.

Fig. 4(c) shaws the reconstructiorof intermediatdmageat

=0.5 usingthe proposedayesianwinnertake-all algorithm,
while Fig. 4(d) shows the reconstructiorfor the referenceal-
gorithm basedon linear Itering. Overall, the new algorithm
betterreproducedetailedareas;perceptuallythis can be de-
scribedasa “sharper”’image. This hasbeenobsened on the
slopeof thehill in the backgroundf theimage,althoughcan-
not be corvincingly reproducedn print sincethe differences
arenot large. The view reconstructedy our algorithm does
not suffer from “ghosting” effects which are the result of av-
eragingimageblocksusingimprecisedisparities. This canbe
seenin thetwo close-upsn Fig. 4 which shav the detail of the
gurine with a shing rod in the centerleft andof thewagons
frame,in the lower centefright of the picture. Thereconstruc-
tion basedon linear ltering (Fig. 4(g)) splitsthe shing rodin
two dueto theaveragingof imperfectlyalignedfeatures Thisis
not the casewith the new algorithm(Fig. 4(e)); the shing rod
is perfectlyreconstructedndno “ghosting” effectsarepresent.
Similarly, in Fig. 4(h) the simpleblock averagingmethodsuf-
fersfrom “ghosting” (white spotat the very edgeof thewagon
getsreplicatedn thebackground)while thewinnertake-all al-
gorithmdoesnot (Fig. 4(f)).

A carefulinspectionof the close-upswill shav thatthe new
algorithmresultsin a slightly more visible block structurein
thereconstructedmages.This is dueto thefactthatneighbor
ing blocks may originatefrom differentimages(left or right),
thus,in caseof intensityand/orcolor mismatchbetweernthose
imagesresultingin block structurevisibility. Thiseffectis sup-
pressedn imagesreconstructedisingthe referencealgorithm
dueto the averagingbetweeneft andright blocks. Theinten-
sity and/orcolor mismatchbetweereft andrightimagesarese-
riousenoughto have beenaddresseth MPEG-2's Multi-View
Pro le (MVP) extension[7], [6]. Fromthe compressiorpoint
of view themismatchreducesodingef ciency, while from the
processingointof view it degradeghe delity of disparityes-
timates.If themismatchcanbeaccuratelynodeledthena cor
rectingalgorithmcanbe effectively appliedto eliminatesucha
mismatch.We have applieda spatially-constantnodelof gain
and offset to all threeimagecomponentgY, U andV) [18]
but for all threeimagestestedthe accurag of themodelturned
outto beinsufcient; we arepresentlystudyingthe mismatch
effects.

Also, note the barcode-lile artifactson the left borderand
to someextent, althoughlessvisible, on the right borderin
Figs.4(c) and4(d). Theseareboundaryeffectsresultingfrom
the particularchoiceof extrapolationschemeusedhereto ex-
tendimaged | andl g beyondtheirboundariesnamelydupli-
cationof the borderpixels. The effectsaremorepronouncedf
theimageboundarybelongsto a texturedareaandif the deci-
sion eld forcesdisparitycompensatiomo point outsideof the
imageboundary Sincethe extrapolationschemels indepen-
dentof the proposedalgorithm, its effects canbe reducedby
employing a more sophisticatecapproach(e.g., mirror-image
duplication).

In thestereair Tunnel(Fig. 5), thelargestdisparity(20 pix-
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els)is on the slopeof the mountain;it decreasetowardszero
at the railroad tracks and changessign in front of the tracks
(two gurines at the bottom). Again, the improvementsarein
the overall sharpnessndthe reconstructiorof objectbound-
aries. This canbe seenin Figs.5(c) and5(d), andeven more
soin the close-ups.Whereasn Fig. 5(f) the vertical bar hold-
ing the pipeson the far-right endof the wagonhasalmostdis-
appearedinderaveraging(thereare two faint “ghosts”), it is
well-reconstructetyy the proposedalgorithm(Fig. 5(e)). Also,
the openingof the red concretemixer (oval whole) is recon-
structedpreciselyby the proposedalgorithmwhereast is dis-
tortedin thereferenceeconstructionSimilarly, thegaugesand
cover handleontheyellow compressoarehighly distortedand
blurreddueto averagingwhile they arepreciselyreconstructed
by the proposedmethod. Again, however, image patchiness
dueto the intensity/colormismatchbetweerthe left andright
imagesobscureshoseeffectsto a certaindegree. 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, the disparity
is uniformly smallthroughoutPianoandthis makesdistortions
from block-basedaveraginglessvisible. The ne patternsof
the fabric on pianist's shirt were reproducedvith more detail
by thenew algorithm;theimagereconstructedy thereference
algorithmwasblurredandthe ner patternsof thefabricwere
lost. For more experimentalresults,the readeris referredto
our prior work [19], wherean early, simpli ed versionof the
algorithmwasdescribed.

Overall, the proposednethodproducessigni cantly sharper
and less distorted reconstructedimages than the linear
disparity-compensatedveraging. However, occasionallyit
mayalsointroducelocalizeddistortionsdueto the“patchiness”
of theblock decisionvariablesfor exampleasseenin Fig. 5(c)
on the lettersof the “Shell” logo. Although thesedistortions
arenotobtrusie, neverthelesshey shav thatthe methodhasa
weaknessiswell.

To demonstratéow thewinnertake-all algorithmlabelsthe
individual blocks,we shaw in Figs.6 and7 for Train and Tun-
nel, respectiely, the expectedvaluesf V;g) of the decision
variablesafter 100,125 and200iterations,the latter beingthe

nal result. The black blocks originatefrom the right image,
whereasghe off-white blocks comefrom the left image. The
medium-grayblocksareto be reconstructedrom bothleft and
rightimageqaveraging).Note,thatat rst only theimageareas
with strongfeatureg(e.g.,top portionsof rail cars,barrels)are
assignedo eithertheleft or theright image;otherimageareas
areeitheruncommittedrecallthattheinitial statefor all f V; g)

is 1/2, i.e., uncommitted)or tend towardsone of the two im-

ages. The latter casecorrespondso decisionvariableshaving

valuesdifferentfrom 0, 1/2, and 1, andappeaiin Figs.6(a-b)
and 7(a-b) as slightly lighterthan-mediumor slightly darker-

than-mediumblocks. As the algorithm progresse$ewer and
fewer blocks are uncommitted(only thosewhereintensity is

mostuniform). Eventually the algorithmforcesa binary deci-
sionin eachblock for nal reconstruction.Thereis no partic-
ular structureto the distribution of the nal decisionvariables.
This is to be expectedsinceno modelingof V; wasattempted;
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(b)

(d)

@) (h)

Fig. 4. Original stereogpair from the Train stereoscopisequencé elds #0) (a) left image,and(b) right image;andintermediateeconstructediews for =0.5
using: (c,e,f) Bayesianwinnertake-all algorithm,and (d,g,h) referencealgorithmbasedon linear ltering. The close-upq 3) have size110 110 pixelsand
comefrom the centerportion of the reconstructedmage: position(200,200)or (e,g)andposition(390,260)or (f,h). The close-upsaresomevhatbrighterthan
thefull imagessincethey underwent slight non-linearintensityadjustmento increasecontrast.

thea priori distribution for V; wasuniform. ity reversalat the bottomof the eld, althoughthe vectorsare

The estimateddisparity elds for bothimagesareshavnin duiteshortthere.

Fig. 8. Notethegraduallyincreasindengthof thedisparityvec-

torsin the upperpartof the eld for Train, which corresponds VIl. CONCLUSIONS

to the mountainslope. Train carshave close-to-zeralisparity We have describeda novel methodfor intermediateriew re-
sincethe cameracorvergenceplaneis at the railroad tracks. constructiorbasedn awinnertake-all stratgy thateliminates
Also, the increasingdepthof the mountainslopein Tunnelis blurring and “ghosting” in the reconstructedmages. The re-
re ectedin thelengthof thedisparityvectors.Notethedispar  sulting intermediateviews are of high visual quality and thus
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() (b)
(c) (d)
(e) 0]

Fig.5. Original steregpairfrom the Tunnelstereoscopisequencé elds #0): (a) left image,and(b) rightimage;andintermediateeconstructediewsfor =0.5
using: (c,e) Bayesianwinnertake-all algorithm,and(d,f) referencealgorithmbasedon linear ltering. Theclose-upq 3) have size200 200 pixelsandcome
from the position(480,130)in the centerof thereconstructeémage.
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@)

(©

11

(b)

(d)

Fig. 6. Expecteddecision elds fV;ig) for “Train”, after: (a) 100; (b) 125; and(c) 200iterationsof the EM algorithm; (d) resultfrom (c) superimposedver
thereconstructedmage(Fig. 4.c). Black blocksdenotereconstructiorfrom | g , off-white blocks- reconstructiorfrom | | , andvariousshade®f medium-gray

denotereconstructiorfrom bothl | andl g (averaging)

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

A shortcomingof the presenimplementatiorof the method
is that appliedto a video sequencen a frame-by-frameba-
sisit resultsin “block ick er” dueto changesn the decision
variablesfrom frame to frame. Sincein a typical natural-
scenevideosequencéhereis a strongtemporalcontinuity, one
couldimagineanextensionof the presentipproacho a spatio-
temporalalgorithmin which decisionvariableswould be tem-
porally constrained,.e., a changeof decisionvariable value
betweentwo consecutie frameswould incur a penalty This
would increasecomputationalcompleity that would be fur-
ther compoundedf the intermediateview position wereto
vary continuously;a continuity constrainton the decisionmap
would haveto beimposedalso -wise. Still, thiswould noten-
tirely solve the block ick er problem,but merelyreduceit. To
solwe it entirely onewould have to relaxthe constrainthatthe

decision elds bebinary, andlet themvary continuouslyin the
interval [0; 1]. Thiswould correspondo disparity-compensated
linear ltering with spatially-\arying coefcients. To be sure,
someblur would be introducedthroughlinear ltering, but it
may well be masked by motion. Neverthelessgurrentresults
areencouragingandwe arepresentlylooking at extensionsas
well asalternatve approache® high-qualityintermediateview
reconstructionsuchasotherdisparitymodelsandmoreprecise
disparityestimationrmethods.

It is importantto realizethatthe theoreticalframevork pre-
sentedin this paperin the contet of disparitiesand stereo-
scopicimagesis applicableto motion and monoscopidmage
sequencess well. The proposedformulation can be easily
adaptedo perform motion-compensatedon-linearinterpola-
tion of individualframesin animagesequenceAlthoughframe
rate corversionmay prove dif cult with this method,compu-
tation of high-resolutionstill imagesfrom a video sequence
is certainly feasible. Additionally, the methodwould not suf-
fer from block visibility sincewith only onecamerano inten-
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(@) (b)

© (d)

Fig. 7. Expecteddecision elds fV; g? for “Tunnel” after: (a) 100; (b) 125; and(c) 200iterationsof the EM algorithm;(d) resultfrom (c) superimposedver
thereconstructedmage(Fig 5.c). SeeFig. 6 for explanationof graylevels.
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Fig. 8. Disparity elds for (a) Train, and(b) Tunnelcorrespondingdo the resultsfrom Figs.4(c) and5(c), respectrely. Eachvectoris scaledby 0.5 for better
visibility.
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