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Abstract—In a typical disparity (or motion) estimation algo-
rithm developed for inter-image prediction, an interpolation of
intensities is applied to one of the two imagesused. Therefore,
non-�lter ed intensitiesof the imagebeingpredictedare compared
with lowpass-�ltered intensities of the other image of the stereo
pair. Consequently, noise and detail suppressionin the two im-
agesare unequal. In this paper we proposeto apply the same
(balanced) �ltering to both images. In addition to image smooth-
ing that helps avoid unreliable intensity matches,a low-pass�l-
ter is used to carry out intensity interpolation at the sametime;
the computation of sub-pixel attrib utes is consistentwith lowpass
�ltering of both imagesunlik e arbitrary linear or cubic interpo-
lation applied to one image only. The proposedapproach lends
itself naturally to a multir esolution implementation. We apply
the new approach to stereo disparity estimation basedon sliding
blocks. Using synthetic and natural data we experimentally com-
pare the new approachwith the traditional sliding-block method.
For standard stereoscopicimageswe demonstrateup to 2.4dBre-
duction of disparity-compensatedprediction error over the tradi-
tional sliding-block method.

Index Terms—Disparity and motion estimation, stereoscopic
and 3-D imaging, �ltering, interpolation

I . INTRODUCTION

STEREOSCOPICdisparity is de�ned asa differencein po-
sitionsof homologouspointsin left andright imagesof a

stereopair, i.e., points resultingfrom the projectionof a 3-D
point onto two imageplanes[7]. Although disparityis a vec-
tor very muchlike motion,it hasthreedistinguishingfeatures:
it often reducesto a scalar(parallelcamerageometry),its dy-
namicrangeisusuallylargerthanthatof motion,andin practice
it doesnotobey view-anglecontinuityunlikemotion'stemporal
continuity. Thelatterpropertyis dueto thefact thatstereoim-
agesconsistof two viewpointsonly andalthoughfor multiview
imagesananalogywith the temporalcontinuityof motionex-
ists,thecircumferentialsamplingof view anglecannotbedense
dueto physicalandcostconstraints.Consequently, angle-wise
disparitycontinuityis weak.

The importanceof a reliable disparity estimationderives
from two applications:the recovery of 3-D structurein com-
putervision[9], [7] andredundancy eliminationin stereoscopic
imagecompressionandprocessing[22], [10], [8]. In the for-
mer case,homologouspointsare found by solving the corre-
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spondenceproblemandtheir coordinates(togetherwith cam-
era parameters)are usedto recover depthof the correspond-
ing 3-D point. In the latter case,to assureef�cient transmis-
sioncross-imagecorrelationis exploitedby meansof disparity-
compensatedprediction,very much like motion-compensated
prediction.If disparityisalsotransmitted,itsproperties,suchas
regionof support(e.g.,pixel, block),smoothnessandprecision,
becomeimportantsincethey directlyaffect therateallocatedto
thedisparityinformation.Theultimategoalof a disparityesti-
mationalgorithmis to assurea minimal overall rate;searchfor
suchalgorithmsis anactive areaof researchtoday. If the rate
allocatedto disparityinformationcanbeconsideredmarginal,
asimpledisparityestimationapproachis, for example,to mini-
mizethedisparity-compensatedpredictionerroronly. Another
importantapplicationof disparityestimationis for intermediate
view reconstructionin multiview systems[21], [10], [5].

The early work on motion estimation[4], [17] quickly ex-
plodedinto avarietyof approaches,andconsequentlyspawned
numerousmethodsof disparityestimation.In computervision,
feature-basedmethodshave beendeveloped[3], [16] that re-
quire fairly advancedimageanalysis. Feature-basedmethods
aremorereliablethanintensity-basedmethods,especiallyfor
long-rangecorrespondences,if asuf�ciently denseandreliable
featuremapcanbe computed;problemsarisewheninput im-
agesarenotrich enoughor overly complex. Sincetheapproach
proposedherereliesonlinear�ltering of intensities,it is notap-
plicableto methodsbasedon non-linearfeatureidenti�cation.
Intensity-basedmethodsdo not requirefeatureidenti�cation;
all pixels are treatedidentically. Apart from block matching
[11], intensity-basedmethodsusingdeterministicor probabilis-
tic regularizationto solve theill-posedproblemof disparityes-
timationhave beenpredominant[1], [14], [2], [15]. Lessused
aresliding-blockmethods[18] in which regularizationis car-
ried out implicitly by �xing the disparityover a block. Since
blocks are allowed to overlap while sliding, densedisparity
�elds canbecomputed.In contrast,noblockoverlapis allowed
in blockmatching;sparsevector�elds result.A goodreview of
disparityestimationmethodscanbefoundin [12].

If sub-pixel precisionof disparitiesis required,adisparityes-
timationalgorithmminimizing predictionerrorusuallyapplies
implicit lowpass�ltering to one imageonly1(interpolationof
intensityandits derivatives). We believe that lowpass�ltering
of oneimageis detrimentalto thematchingprocesswhetherit' s
pixel-, block-or region-based;noiseis suppressedin oneimage

1 In inter-imagepredictiononeendof a disparity/motionvectoris pivotedat
a samplingpoint in thecurrent(predicted)imagewhereastheotherendmoves
freely in theotherimageof thestereopair (previous imagein thecaseof mo-
tion), thusnecessitatinganinterpolation.



2 IEEETRANS.CIRCUITSSYST. VIDEOTECHNOL., VOL. 7, NO. 6, PP. 913–920,DECEMBER1997

only. By applyingthesame�ltering to both images(balanced
�ltering) with no additionalinterpolationor differentiation�l-
ters,thesamelevel of noiseanddetail suppressioncanbeap-
plied to bothimagesandthereforeabetterimagematchingcan
be expected.To validatethis suppositionin practice,we have
appliedthe above strategy to a disparityestimationalgorithm
basedonslidingblocks.Thealgorithmtestedis closelyrelated
to motionestimationproposedin [20] andto disparityestima-
tion describedin [18] but without window sizeadaptation.We
havecomparedtheperformanceof thenew improvedalgorithm
with thestandardsliding-blockmethodfor syntheticandnatu-
ral data.

I I . PROPOSED APPROACH

We assumethat a pair of stereoscopicimageshasbeenac-
quiredby two horizontally-shiftedcameraswith paralleloptics.
Although sometimesconvergent camerasare used,a suitable
algorithm,suchasdescribedin [19], canbeappliedto “rectify”
theimages;imagesarere-projectedontonew epipolarlinesthat
areparallelto imagescanlines. Thealgorithmworkswell for
small convergenceangleswhich is the casefor typical stereo
acquisitionsystems. Consequently, whetherthe camerasare
parallel or recti�cation is applied, the vertical componentof
disparityd is negligible; d canbeconsideredascalar.

Let I l and I r be the left and right imagesof a stereopair,
respectively. Let (x; y) be a spatialposition in either image,
and let d(x; y) be a horizontaldisparity at (x; y). Basedon
the assumptionthat two homologouspointshave very similar
intensities,thefollowing relationshipis usuallyexploited:

I r (x; y) = ~I l (x + d(x; y); y) + � (x; y); (1)

where~I denotesinterpolatedimageintensityand� (x; y) is an
independentidenticallydistributed(iid) noiseterm(e.g.,Gaus-
sian)thatcapturesimagesensornoise,quantizationnoise,dis-
tortion dueto aliasing,etc. This modelis fairly accurateif oc-
clusionandilluminationeffectsareexcluded.

Theinterpolatedintensity~I l (x; y) canbeexpressedasacon-
volution I l (x; y) � h(x; y), whereh is the impulseresponseof
an interpolating�lter . Sincesucha �lter suppresseshigh fre-
quencies,I r is modeledas lowpass-�lteredI l plus noise(1).
We believe this to beinaccurateandthereforeproposeanalter-
native model:

I r (x; y) � h(x; y) = I l (x + d(x; y); y) � h(x; y) + � h (x; y); (2)

where� h is anotheriid noiseterm different from � . Above,
�ltered I r is modeledas�ltered I l plusnoise;we call this bal-
anced�ltering. Moreover, unlike the �lter usedto interpolate
~I in (1), h doesnot have to bean interpolating�lter . It canbe
any linearshift-invariant�lter with a differentiableimpulsere-
sponse;a lowpass�lter is a logical choicebecauseof its noise-
suppressingproperties,however its bandwidthmust be suf�-
ciently largeto preserve imagedetail.

Let the �lter h be separablefor simplicity, i.e., h(x; y) =
h1(x) � h1(y), and let each1-D �lter have Gaussianimpulse
responsewith variance� 2

h :

h1(x) = exp(�
x2

2� 2
h

); x = �
M
2

; � � � ;
M
2

;

with the�rst-order derivative h0
1(x) givenby:

h0
1(x) = �

x
� 2

h
exp(�

x2

2� 2
h

); x = �
M
2

; � � � ;
M
2

: (3)

To estimatethe disparity at each(x; y) we usethe mean-
squarederrorcriterionasfollows. Let W beanN � N window
at (x; y). We assumethatall pointsin W have equaldisparity,
i.e., that all points in W aredisplacedin parallel. The above
assumptionimplicitly forcesa smoothnessconstraintsinceby
shifting W from (x; y) to (x + 1; y) only N pixels changein
the areacoveredby W; d(x; y) andd(x + 1; y) areestimated
from largely overlappingdataandthereforeshouldbesimilar.
In contrast,anexplicit smoothnessconstraintis usedin regular-
ization[14].

Sincein block-basedalgorithmsthedelicatecompromisebe-
tweendetail (blurring) andreliability of the estimatedepends
on window sizeN [18], onemay be concernedwith the im-
pactof �lter h on suchblurring. We argue,however, that the
impactof a typical lowpass�lter h usedhereis negligible. As
mentionedabovethe�lter h musthavealargebandwidthtopre-
serveimagedetail,andthusits impulseresponsedecaysrapidly.
Moreover, sincethis �lter is appliedto intensitiesits impacton
disparitiesis indirect. The windowing �lter , however, hasall
impulseresponsesamplesequal(narrow bandwidth),thusdi-
rectly causingdisparityblur.

Undertheassumptionof disparityconstancy over W, equa-
tion (2) canberewrittenasfollows 2

I r h (x; y) = I l (x; y) � h(x + d(x; y); y) + � h (x; y); (4)

whereI r h (x; y) = I r (x; y) � h(x; y) is a �ltered versionof I r .
Thedisparityhasmovedfrom thesampledimagefunctionI l to
thecontinuousimpulseresponseh. Clearly, (4) holdsexactly if
d is constantin W. Althoughin generald is rarelyconstant,its
variationover a smallwindow W is usuallylimited (exceptat
objectboundaries)andthereforeweassumethatequation(4) is
approximatelysatis�ed.

With theaboveassumptionsthedisparityd(x; y) is computed
by minimizingnoiseenergy over thewindow W:

E(d) =
X

(v ;w )2W

�
I r h (x + v; y + w) (5)

� I l (x; y) � h(x + v + d(x; y); y + w)
� 2

:

To �nd the estimatebd = argmind E(d), a non-linearmini-
mizationalgorithmcanbe used.However, we have chosento
locally linearizeE(d) which leadsto a Gauss-Newton mini-
mization. We assumethat an initial estimatebd0 of d is avail-
able,for examplefrom previousiteration,andwe approximate
the impulseresponseh aroundbd0 by Taylor expansionasfol-
lows:

h(x + d;y) � h(x + bd0; y) + � d h0(x + bd0; y): (6)

2Theconvolution in (2) canbeexpressedas
P

( r ;s ) I l (x + d(x; y) � r ; y �
s) � h(r ; s) thatfor d(x; y) constantin W , i.e.,d(x; y) = d, andwith asuitable
changeof variablescanberewrittenas

P
( v ;w ) I (v; w) �h(x + d� v; y � w) =

I (x; y) � h(x + d; y).
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Above, � d = d � bd0 andh0(x + bd0; y) is the�rst-order deriva-
tive of h(x + d;y) with respectto d evaluatedat d = bd0; for a
Gaussian�lter it canbecomputedfrom (3). Notethatfor sim-
plicity of notationthedependenceof d, bd0 and� d on (x; y) is
omitted.

With the linearization(6), the energy (5) can be approxi-
matedasfollows:

E(d) �
X

(v ;w )2W

�
f 1(v; w) � � d f 2(v; w)

� 2
(7)

where

f 1(v; w) = I r h (x + v; y + w) � I l (x; y) � h(x + v + bd0; y + w);

f 2(v; w) = I l (x; y) � h0(x + v + bd0; y + w):

We minimize (7) by establishingthe necessarycondition for
optimality dE(d)=d� d = 0. The resultingcorrectionterm at
position(x; y)

� d =

P
(v ;w )2W f 1(v; w)f 2(v; w)
P

(v ;w )2W [f 2(v; w)]2

is thenusedto computethenew estimatebd1 = bd0 + � d. The
correctionterm� d canbere�ned by replacingthe initial esti-
matebd0 with thenew estimatebd1 anditeratingtheprocessuntil
a stoppingcriterionis met. SinceGauss-Newton minimization
is capableof �nding a localminimumonly, it is sensitive to the
initial statebd0. For largedisparitiesthechoicebd0 = 0 maylead
to solutionsfar from optimum. However, the problemcanbe
alleviatedif amultiresolutionapproachis used[6], [2], [13]; at
the top of imagepyramid the disparityamplitudeis small and
bd0 � 0 is agoodstartingpoint.

Sincethe �lter h playsan importantrole in the estimation
process,its sizeM andvariance� 2

h mustbecarefullyselected.
The larger theM , themoredatais taken into accountandthe
highertheprecisionof interpolation/differentiation.A highM ,
however, increasesthe computationalcomplexity of the algo-
rithm. As for thevariance,it cannotbetoo large(narrow band-
width in frequency domain) since this would result in over-
smoothingthedata;someimportantimagedetailscouldbelost.
Notethattheproposedapproachlendsitself naturallyto amul-
tiresolution(pyramidal)implementationwherethevariance� 2

h
would be increasedat higher levels (lower resolution)of the
pyramid.Then,excessivedetaillossdueto highvariancewould
beadesiredpropertyratherthanade�ciency.

Althoughonemayarguethat in multiresolutionschemes�l-
tering is appliedto bothdatasets(i.e., I l andI r ), still at each
resolutionlevel additional�ltering is appliedimplicitly to one
imageonly in orderto recover sub-pixel intensitiesor deriva-
tives. However, in a multiresolutionextensionof theapproach
proposedhere no additional interpolation would be needed
sincethe �lter h would recover sub-pixel intensityvaluesand
derivatives.

I I I . REFERENCE ALGORITHM

In thenext sectionwe will experimentallycomparethepro-
posedapproachwith a sliding-blockmethodbasedon model

(1). This referencealgorithm minimizes the following cost
function

E(d) =
X

(v ;w )2W

�
I r (x + v; y + w) (8)

� ~I l (x + v + d(x; y); y + w)
� 2

:

Note that implicit �ltering is appliedto I l (cubic-splineinter-
polation to compute~I l ) whereasno �ltering is appliedto I r .
Again, we minimize E(d) by local linearizationof ~I l andby
iterativecorrection.

A similarapproachbut appliedto motionestimationwasde-
velopedin [20], wherea cubicinterpolatorwasusedinsteadof
a cubicsplineandthe initial statefor bd0(x; y) wasselectedto
betheestimatefrom thesamespatiallocationin thepreceding
image(different bd0 wasselectedat each(x; y) 2 W). Since
wehavenomultiview data,wecannotusethesamestrategy for
bd0 selection;we useprevious-iterationestimateto initialize bd0

(thesamevaluefor all (x; y) 2 W).

IV. EXPERIMENTAL RESULTS

We comparethenew algorithmbasedon balanced�ltering,
thatweshallcall “�ltered slidingblocks” (FSB),with thestan-
dardsliding-blockmethod(SSB)usingsyntheticaswell asnat-
ural data. In the former case,we generatesyntheticimages
usingrelationship(1). We selectI l asa line from a real image
(512 pixels) and we computeI r by applyinga syntheticdis-
parity functionds; weusecubic-splineinterpolationto achieve
sub-pixel accuracy. Finally, we addwhite Gaussiannoisewith
a suitablevariance.We measuretheaccuracy of estimateddis-
paritiesbd usingthemean-squarederror(MSE):

� =
1
K

X

(x;y )

[ bd(x; y) � ds(x; y)]2;

whereK denotesthenumberof disparitiesestimated.We use
20noiserealizationsandweaverage� overall realizations.

TABLE I
M INIMUM MEAN-SQUARED ERROR � FOR (A) SLOWLY-VARYING AND (B)

DISCONTINUOUS DISPARITY AT VARIOUS NOISE LEVELS (OPTIMAL

WINDOW SIZE N ).

(a)

1 45dB 35dB 25dB
FSB-G 0.0030 0.0086 0.0356 0.1795
SSB-G 0.0033 0.0166 0.0470 0.2359
SSB-C 0.0040 0.0177 0.0479 0.2554

(b)

1 45dB 35dB 25dB
FSB-G 0.0259 0.0388 0.0645 0.2064
SSB-G 0.0298 0.0550 0.1026 0.2772
SSB-C 0.0320 0.0668 0.1083 0.3057
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Fig. 1. (a) Slowly-varyingand(b) discontinuoussyntheticdisparityds used
to generatetestimages.

As the syntheticdisparity ds we have usedslowly-varying
anddiscontinuousfunctions;oneexampleof eachis given in
Fig. 1. The synthetic-dataexperimentswere limited to a 1-D
window dueto the1-D natureof thedata.Sincea directcom-
parisonof SSBandFSBfor an interpolating�lter is meaning-
less3, thefollowing two-stagecomparisonwasperformed:

1. double-image(balanced)against single-image�ltering
for 7-coef�cient Gaussian�lter with variance� 2

h =1 (FSB-
G versusSSB-G)– to demonstrateimprovementsdueto
balanced�ltering,

2. theaboveGaussian�lter againststandardcubic-spline4(4-
coef�cient) interpolationfor single-image�ltering (SSB-
G versusSSB-C)– to demonstrateimprovementsdueto

3This is dueto thefactthatapplicationof aninterpolatorto theimagebeing
predicted(full-pixel locations)hasno impacton intensities;this imageremains
un�ltered andFSBperformsone-image�ltering in thiscase.

4MATLAB' s function“interp1” wasusedfor cubic-splineinterpolation.
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Fig. 2. Mean-squarederror � for (a) slowly-varying and(b) discontinuous
disparityds atSNR=35dBand25dBasa functionof 1-D window sizeN .

different�lter type.

Fig.2 showsthemean-squareddisparityerror� for bothsyn-
theticdisparitiesandfor two differentnoiselevelsasa function
of 1-D window sizeN . TableI showstheminimumMSE(over
all N tested)for differentSNRs. The FSB-Gmethodclearly
outperformsthestandardsliding-blockapproach(SSB-G),both
beingbasedon a 7-coef�cient Gaussian�lter; theerror � is re-
ducedby up to 48% and37% for the slowly-varying anddis-
continuousdisparity, respectively. Notethatsincein bothcases
the sameGaussian�lter is usedthe only differencebetween
the two algorithmsis dueto theapplicationof balanced�lter -
ing in FSB-Gasopposeto unbalancedsingle-image�ltering in
SSB-G.The FSB-Gapproachcompareseven more favorably
with respectto thestandardsliding-blockapproachbasedon a
cubic-spline�lter (SSB-C);the error is reducedby up to 51%
for slowly-varyingdisparityand42%for discontinuousdispar-
ity. A betterperformanceof theSSB-Gapproachascompared
with SSB-Ccanbeattributedto a moreprecisecomputationof
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(a) (b)

Fig. 3. Left �elds #0 from sequence(a) “train” and(b) “manege”; both�elds arevertically interpolatedto maintaincorrectaspectratio.

intensityderivativesby the7-coef�cient Gaussian�lter .

TABLE II
PEAK PREDICTION GAIN P P G FOR (A) “ TRAIN” AND (B) “ MANEGE” FOR

DIFFERENT WINDOW SIZES.

(a)

15 6� 3 10� 5 18� 9
FSB-G 27.45 27.85 27.82 27.23
SSB-G 26.30 26.39 26.49 26.89
SSB-C 26.12 25.46 25.84 26.94

(b)

15 6� 3 10� 5 18� 9
FSB-G 20.75 21.99 21.37 20.17
SSB-G 19.26 20.16 20.29 19.99
SSB-C 18.69 19.82 19.70 19.60

WehavealsocomparedtheFSBandSSBmethodsonnatural
720� 576interlacedstereoscopicimages“train” and“manege”
(seeAcknowledgments)obtainedby almostparallel cameras.
Fig. 3 shows left �elds #0 from both sequences.Although to
maintainthecorrectaspectratio both �elds in Fig. 3 areverti-
cally interpolated,no suchinterpolationwasperformedin ex-
periments. For naturaldatawe have experimentallyselected
thevariance� 2

h =4. We have measuredthequality of estimated
disparity�elds by peak-predictiongain:

PPG = 10log10
2552

"
;

with themean-squaredpredictionerror" de�ned asfollows:

" =
1
K

X

(x;y )

[I r (x; y) � bI r (x; y)]2; (9)

where bI r (x; y) = ~I l (x + bd(x; y); y) is a cubic-spline-
interpolatedintensityandK is thenumberof estimateddispar-
ities. Notethattheinterpolationusedto compute" is thesame

astheoneusedin theSSB-Capproachandthereforeit favors
thelatteroverSSB-GandFSB-G.TableII showsPPG for var-
ioussizesof window W. Notetheimprovedperformanceof the
FSB-Galgorithmby upto 1.5dBfor “train” and1.8dBfor “ma-
nege” over SSB-G,andby up to 2.4dBand2.2dBover SSB-C,
respectively. On average,thegain dueto theuseof theGaus-
sian�lter insteadof thecubicsplineis smallerthanthatdueto
theuseof balanced�ltering insteadof unbalancedone.

It seemsquite intriguing thatdespitedifferent�lters usedin
(5) and(9) by theSSB-Galgorithm,it still outperformsSSB-C
for which interpolatorsusedin (8) and(9) areidentical. First,
derivativecomputationsareperformeddifferentlyin bothcases;
the 7-coef�cient computationof derivativesin SSB-Gis more
precisethanthe4-coef�cient cubicsplinein SSB-C.Secondly,
notethattheGauss-Newtonminimizationgetseasilytrappedin
a local minimum; themoresevere�ltering of theGaussian�l-
ter (� 2

h =4) betterdisambiguatesintensitymatchingandperhaps
helpsavoid suchminima.

To facilitate subjective assessmentof the estimatesFigs. 4
and5 show examplesof estimateddisparity�elds for bothtest
imagesusingvariousalgorithmsandwindow sizes;brighterar-
eascorrespondto larger disparities. Note the reducedspatial
variability (for thesame10� 5 window) of theFSB-Gestimate
comparedto the SSB-G and SSB-C estimates,especiallyin
“train”. The �gures also illustrate the impactof window size
on the FSB algorithm. Note the horizontalsmoothnessof the
estimatefor the1-D window (jW j=15)accompaniedby a high
vertical variability. In fact, all disparitiesfrom Figs. 4 and5
exhibit a strongcorrelationhorizontally but a weak one ver-
tically. This is due to the fact that each bd0 is initialized by
thehorizontally-precedingdisparity, andcouldberesolvedto a
largeextentby anadaptive selectionbetweenthehorizontally-
or vertically-precedingdisparity(e.g.,asa functionof thecor-
respondingerrorE(d)).

Note that thespatialvariability (uncertainty)of theestimate
for the 6� 3 window (left-top corner in “train” and left part
of “manege”) is highly suppressedwhenthe 18� 9 window is
used. A larger window is also bene�cial when dealingwith
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(a)FSB-G,jW j=10� 5 (b) FSB-G,jW j=18� 9

(c) SSB-G,jW j=10� 5 (d) FSB-G,jW j=6� 3

(e)SSB-C,jW j=10� 5 (f) FSB-G,jW j=15(1-D)

Fig. 4. Disparity�elds estimatedfrom sequence“train” for differentalgorithmsandwindow sizes;brighterareascorrespondto largerdisparities.

largedisparities,howeveratthesametimeit resultsin increased
blurringarounddisparitydiscontinuities.Althoughfor eachim-
agepair a �x edwindow sizethat is optimal in theMSE sense
canbe found,a bettersolutionis to adaptively adjustthewin-
dow size accordingto local data statistics[18]. In applica-

tionswith acleargoal,suchasvideocompression,window size
couldplayarole in allocatingbitsbetweenpredictionerrorand
disparityinformation;by enlarging thewindow (6� 3 ! 10� 5
! 18� 9), peakpredictiongain is markedly reduced,but at the
sametime disparityvariability, andthereforeits entropy, is re-
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(a)FSB-G,jW j=10� 5 (b) FSB-G,jW j=18� 9

(c) SSB-G,jW j=10� 5 (d) FSB-G,jW j=6� 3

(e)SSB-C,jW j=10� 5 (f) FSB-G,jW j=15(1-D)

Fig. 5. Disparity�elds estimatedfrom sequence“manege” for differentalgorithmsandwindow sizes;brighterareascorrespondto largerdisparities.

ducedaswell. Local adaptationof window sizecouldbeused
to minimize the overall numberof bits requiredfor transmis-
sion.

V. CONCLUSIONS

In this paperwe presenteda sliding-block methodfor dis-
parity estimationthat applieslowpass�ltering to both images
used. This double�ltering assuresequalnoisesuppressionin
bothimagesbut at thesametime is usedto carryout interpola-
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tion anddifferentiationat sub-pixel locations.Themethodas-
suresbetterintensitymatchingthanthestandardsliding-block
methodwith single �ltering; this hasbeencon�rmed numeri-
cally on syntheticaswell asnaturaldata. Theapproachlends
itself naturallytomultiresolutionimplementations;thesame�l-
tercanandshouldbeusedto generateapyramidof imagesand
to carryout interpolation/differentiationat thesametime. The
degreeof �ltering canbe easilyadjustedby varying the �lter
variance.Althoughherewe have demonstratedthebene�ts of
balanced�ltering in thecontext of sliding-blockdisparityesti-
mationonly, we believe thattheproposedapproachcanbene�t
otherdisparity/motionestimationmethodssuchasthosebased
on regularization,pixel recursionor blockmatching.
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