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Improvementof stereadisparityestimationthrough
balancedltering: thesliding-blockapproach

MohamedBen Slima,JanusZXonradandAndrzejBarwicz

Abstract-n 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 edintensitiesof the imagebeing predictedare compared
with lowpass- Itered 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 Itering to both images. In addition to image smooth-
ing that helps avoid unreliable intensity matches,a low-pass |-
ter is usedto carry out intensity interpolation at the sametime;
the computation of sub-pixel attrib utesis consistentwith lowpass
Itering 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 stereoscopidmageswe 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

|. INTRODUCTION

TEREOSCOPIQisparityis de ned asa differencein po-
itions of homolaouspointsin left andright imagesof a
stereopair, i.e., pointsresultingfrom the projectionof a 3-D
point onto two imageplanes[7]. Although disparityis a vec-
tor very muchlike motion, it hasthreedistinguishingfeatures:
it oftenreducedo a scalar(parallelcamerageometry),its dy-
namicrangeis usuallylargerthanthatof motion,andin practice
it doesnotobey view-anglecontinuityunlike motion'stemporal
continuity Thelatterpropertyis dueto the factthatstereom-
agesconsistof two viewpointsonly andalthoughfor multiview
imagesan analogywith the temporalcontinuity of motion ex-
ists,thecircumferentiasamplingof view anglecannotbedense
dueto physicalandcostconstraints Consequentlyangle-wise
disparitycontinuityis weak.

The importanceof a reliable disparity estimationderives
from two applications:the recovery of 3-D structurein com-
putervision[9], [7] andredundang eliminationin stereoscopic
imagecompressiorand processing22], [10], [8]. In the for-
mer case,homologouspoints are found by solving the corre-
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spondencgroblemandtheir coordinateqtogetherwith cam-
eraparametersare usedto recover depthof the correspond-
ing 3-D point. In the latter case,to assureefcient transmis-
sioncross-imageorrelationis exploitedby meansof disparity-
compensategrediction,very much like motion-compensated
prediction.If disparityis alsotransmittedits propertiessuchas
region of support(e.g.,pixel, block),smoothnesandprecision,
becomdamportantsincethey directly affecttherateallocatedo
thedisparityinformation. The ultimategoal of a disparityesti-
mationalgorithmis to assurea minimal overall rate;searchor
suchalgorithmsis an active areaof researcttoday If the rate
allocatedto disparityinformationcanbe considerednaiginal,
asimpledisparityestimationapproachs, for example,to mini-
mizethedisparity-compensategatedictionerroronly. Another
importantapplicationof disparityestimatioris for intermediate
view reconstructiorin multiview systemg21], [10], [5].

The early work on motion estimation[4], [17] quickly ex-
plodedinto avariety of approachessndconsequentlgpavned
numerousnethodwf disparityestimation.In computewision,
feature-basednethodshave beendeveloped[3], [16] that re-
quire fairly advancedimageanalysis. Feature-basethethods
aremorereliable thanintensity-basednethods especiallyfor
long-rangecorrespondences,asufciently denseandreliable
featuremap canbe computed;problemsarisewheninput im-
agesarenotrich enoughor overly comple. Sincetheapproach
proposedierereliesonlinear ltering of intensitiesjt is notap-
plicableto methodsbasedon non-linearfeatureidenti cation.
Intensity-basednethodsdo not requirefeatureidenti cation;
all pixels aretreatedidentically Apart from block matching
[11], intensity-basedhethodusingdeterministicor probabilis-
tic regularizationto solve theill-posedproblemof disparityes-
timation have beenpredominan{l], [14], [2], [15]. Lessused
are sliding-blockmethodg18] in which regularizationis car
ried out implicitly by xing the disparity over a block. Since
blocks are allowed to overlap while sliding, densedisparity
elds canbecomputedln contrastnoblock overlapis allowed
in blockmatching;sparsevector elds result. A goodreview of
disparityestimatioormethodscanbefoundin [12].

If sub-pixel precisionof disparitieds required adisparityes-
timationalgorithmminimizing predictionerrorusuallyapplies
implicit lowpass ltering to oneimageonly}(interpolationof
intensityandits derivatives). We believe thatlowpass Itering
of oneimageis detrimentato the matchingprocessvhetheiit's
pixel-, block- or region-basednoiseis suppresseih oneimage

1In interimagepredictiononeendof a disparity/motionvectoris pivotedat
asamplingpointin the current(predicted)magewhereaghe otherendmoves
freely in the otherimageof the stereopair (previousimagein the caseof mo-
tion), thusnecessitatingninterpolation.
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only. By applyingthe same Itering to bothimages(balanced
Itering) with no additionalinterpolationor differentiation I-
ters,the samelevel of noiseanddetail suppressiorwanbe ap-
pliedto bothimagesandthereforea betterimagematchingcan
be expected. To validatethis suppositionin practice,we have
appliedthe above stratgyy to a disparity estimationalgorithm
basedn sliding blocks. Thealgorithmtesteds closelyrelated
to motion estimationproposedn [20] andto disparityestima-
tion describedn [18] but without window sizeadaptationWe
have comparedheperformancef thenew improvedalgorithm
with the standardsliding-blockmethodfor syntheticandnatu-
ral data.

I1. PROPOSED APPROACH

We assumehat a pair of stereoscopi¢émageshasbeenac-
quiredby two horizontally-shifteccamerasvith paralleloptics.
Although sometimescorvergent camerasare used,a suitable
algorithm,suchasdescribedn [19], canbeappliedto “rectify”
theimagesjmagesarere-projectedntonew epipolarlinesthat
areparallelto imagescanlines. The algorithmworkswell for
small corvergenceangleswhich is the casefor typical stereo
acquisitionsystems. Consequentlywhetherthe camerasare
parallel or recti cation is applied, the vertical componentof
disparityd is negligible; d canbeconsidered scalar

Let I, andl, betheleft andright imagesof a stereopair,
respectiely. Let (x;y) be a spatialpositionin eitherimage,
andlet d(x; y) be a horizontaldisparity at (x; y). Basedon
the assumptiorthat two homologouspoints have very similar
intensitiesthefollowing relationships usuallyexploited:

[ (y) = O(x+dxy)y) + (Xy); (1)

wherel™ denotesnterpolatedmageintensityand (Xx;y) is an
independenidentically distributed(iid) noiseterm(e.g.,Gaus-
sian)thatcapturesmagesensomoise,quantizatiomoise,dis-
tortion dueto aliasing,etc. This modelis fairly accuratdf oc-
clusionandillumination effectsareexcluded.

Theinterpolatedntensity[(x; y) canbeexpresse@sacon-
volution|(x;y) h(x;y), whereh is theimpulseresponsef
aninterpolating lter . Sincesucha lter suppressehigh fre-
quencies]; is modeledaslowpass- Iteredl, plus noise(1).
We believe thisto beinaccurateandthereforeproposeanalter
native model:

[ (X y) h(xy)=L(x+dXxy)y) h(xy)+ n(xy);

where |, is anotheriid noiseterm differentfrom . Above,
Itered I, is modeledas Itered || plusnoise;we call this bal-
anced ltering. Moreover, unlike the Iter usedto interpolate
I"in (1), h doesnot have to be aninterpolating Iter . It canbe
ary linearshift-invariant Iter with a differentiableimpulsere-
sponsealowpasslter is alogical choicebecaus®f its noise-
suppressingroperties,hovever its bandwidthmust be suf-
ciently largeto presere imagedetail.

Let the lter h be separabldor simplicity, i.e., h(x;y) =
hi(x) hi(y), andlet eachl-D Iter have Gaussianmpulse
responsavith variance 2:

2 2

X2
h1(x) = exp( 2—2); X =
h

)

with the rst-order derivative h?(x) givenby:

X x2 M M
hg(x) = —exp( 2—2), X = 7;
h h

)

To estimatethe disparity at each(x; y) we usethe mean-
squareckrrorcriterionasfollows. Let W beanN N window
at (x; y). We assumehatall pointsin W have equaldisparity
i.e., thatall pointsin W aredisplacedin parallel. The above
assumptiorimplicitly forcesa smoothnessonstraintsinceby
shifting W from (x; y) to (x + 1;y) only N pixels changen
the areacaveredby W; d(x; y) andd(x + 1;y) areestimated
from largely overlappingdataandthereforeshouldbe similar.
In contrastanexplicit smoothnessonstrainis usedin regular
ization[14].

Sincein block-basedlgorithmsthedelicatecompromisee-
tweendetail (blurring) andreliability of the estimatedepends
on window size N [18], one may be concernedwith the im-
pactof Iter h on suchblurring. We argue, however, thatthe
impactof atypical lowpasslter h usedhereis nggligible. As
mentionedabovethe lter h musthave alargebandwidthto pre-
seneimagedetail,andthusitsimpulseresponseecaysapidly.
Moreover, sincethis lter is appliedto intensitiests impacton
disparitiesis indirect. The windowing Iter, however, hasall
impulseresponsesamplesequal (narrav bandwidth),thus di-
rectly causingdisparityblur.

Underthe assumptiorof disparityconstang over W, equa-
tion (2) canberewritten asfollows 2

(4)

wherel n(x;y) = 1. (X;y) h(x;y) isa Itered versionof I .
Thedisparityhasmovedfrom thesampledmagefunctionl, to
thecontinuousmpulseresponsénr. Clearly, (4) holdsexactly if
dis constanin W. Althoughin general is rarely constantits
variationover a smallwindov W is usuallylimited (exceptat
objectboundariespandthereforewe assumehatequation(4) is
approximatelysatis ed.

With theabove assumptionthedisparityd(x; y) is computed
by minimizing noiseenegy overthewindow W':

Len(y) = Li(xy) h(x+d(xy);y)+ n(XY);

E(d) = lrn(X + vy + w)
(v;w)2w

®)

L(x;y) h(x+v+d(xy),y+ w) .

To nd the estimate® = argming E (d), a non-linearmini-
mizationalgorithmcanbe used. However, we have chosento
locally linearize E (d) which leadsto a Gauss-Neiton mini-
mization. We assumethatan initial estimate® of d is avail-
able,for examplefrom previousiteration,andwe approximate
the impulseresponsé around®® by Taylor expansionasfol-
lows:

h(x+ d;y)  h(x+ &;y)+ dh%q(x+ &;y): (6)

P
2Theconvolutionin (2) canbeexpresseds (rs) h(x+d(xy) r;y
s) h(r;s) thatfor d(x; y) constantn W, i.e.,d(x; y) = d, andwith asuitable
changeof variablescanberewrittenas I(v;w) h(x+d v;y w)=

I(x;y) h(x+dy).

(viw)
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Above, d=d & andh%x + &;y) isthe rst-order deriva-
tive of h(x + d;y) with respecto d evaluatedatd = &: fora
Gaussianlter it canbe computedrom (3). Notethatfor sim-
plicity of notationthe dependencef d, ® and don (x;y) is
omitted.

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

E(d) frviw)  dfa(v;w) 2

(v;w)2wW

(7)

where

fa(v;iw) = Len(x+ viy+w)  11(xy) h(x+ v+ &y + w);
fo(v;w) = 1,(x;y) hqx+ v+ &;y+ w):

We minimize (7) by establishingthe necessarcondition for
optimality dE(d)=d d = 0. Theresultingcorrectionterm at
position(x; y)
P

(W)2W f 1(V; W)f Z(V; W)

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

d=

is thenusedto computethe new estimate = # + d. The
correctionterm d canbere ned by replacingtheinitial esti-
mated® with thenew estimatei® anditeratingthe procesauntil
a stoppingcriterionis met. SinceGauss-N&ton minimization
is capableof nding alocalminimumonly, it is sensitve to the
initial statedP. ForIargedisparitiesthechoice&” = Omaylead
to solutionsfar from optimum. However, the problemcanbe
alleviatedif a multiresolutionapproachs used[6], [2], [13]; at
the top of imagepyramid the disparityamplitudeis small and
® 0is agoodstartingpoint.

Sincethe Iter h playsanimportantrole in the estimation
processits sizeM andvariance 2 mustbe carefullyselected.
The largerthe M , the more datais taken into accountandthe
higherthe precisionof interpolation/diferentiation.A highM ,
however, increaseghe computationacompleity of the algo-
rithm. As for thevariancejt cannotbetoo large (narrav band-
width in frequeny domain) since this would resultin over-
smoothinghedata;someimportantimagedetailscouldbelost.
Notethatthe proposedipproachendsitself naturallyto amul-
tiresolution(pyramidal)implementatiorwherethevariance ?
would be increasedat higher levels (lower resolution)of the
pyramid. Then,excessie detaillossdueto highvariancewould
beadesiredpropertyratherthana de ciency.

Althoughonemayarguethatin multiresolutionschemesl-
teringis appliedto both datasets(i.e., |, andl,), still ateach
resolutionlevel additional Itering is appliedimplicitly to one
imageonly in orderto recover sub-pixel intensitiesor deriva-
tives. However, in a multiresolutionextensionof the approach
proposedhere no additional interpolation would be needed
sincethe lter h would recorer sub-pixel intensity valuesand
derivatives.

I1l. REFERENCE ALGORITHM

In the next sectionwe will experimentallycomparethe pro-
posedapproachwith a sliding-block methodbasedon model

(1). This referencealgorithm minimizes the following cost
function

E(d) = (X + vy + w)
(v;w)2w

)

M(X+ v+ d(xy);y+ w) 2:

Note thatimplicit ltering is appliedto I, (cubic-splineinter-
polationto computel7) whereasno ltering is appliedto I, .
Again, we minimize E (d) by local linearizationof I7 andby
iterative correction.

A similarapproactbut appliedto motionestimationwasde-
velopedin [20], wherea cubicinterpolatorwasusedinsteadof
a cubic splineandtheinitial statefor @(x; y) wasselectedo
be the estimatefrom the samespatiallocationin the preceding
image(different&” wasselectedat each(x;y) 2 W). Since
we have no multiview data,we cannotusethe samestrateyy for
& selectionwe useprevious-iterationestimateto initialize &
(thesamevaluefor all (x;y) 2 W).

IV. EXPERIMENTAL RESULTS

We comparethe new algorithmbasedon balancedltering,
thatwe shallcall “ Itered sliding blocks” (FSB),with the stan-
dardsliding-blockmethod(SSB)usingsyntheticaswell asnat-
ural data. In the former case,we generatesyntheticimages
usingrelationship(1). We selectl| asaline from arealimage
(512 pixels) and we computel , by applying a syntheticdis-
parity functionds; we usecubic-splineinterpolationto achieve
sub-piel accurag. Finally, we addwhite Gaussiamoisewith
asuitablevariance We measurghe accurayg of estimatedis-
parities@ usingthemean-squaredrror (MSE):

1 X

[&x;y)  ds(x;y)?;

(xy)

whereK denoteghe numberof disparitiesestimated.We use
20noiserealizationsandwe average overall realizations.

TABLE |
MINIMUM MEAN-SQUARED ERROR FOR (A) SLOWLY-VARYING AND (B)
DISCONTINUOUS DISPARITY AT VARIOUS NOISE LEVELS (OPTIMAL
WINDOW SIZE N ).

(@)
45dB

0.0086
0.0166
0.0177

(b)
45dB

0.0388
0.0550
0.0668

1
0.0030
0.0033
0.0040

35dB
0.0356
0.0470
0.0479

250B
0.1795
0.2359
0.2554

FSB-G
SSB-G
SSB-C

1
0.0259
0.0298
0.0320

35dB
0.0645
0.1026
0.1083

25dB
0.2064
0.2772
0.3057

FSB-G
SSB-G
SSB-C
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Fig. 1. (a) Slowly-varyingand(b) discontinuousyntheticdisparityds used
to generategestimages.

As the syntheticdisparity ds we have usedslowly-varying
anddiscontinuoudunctions; one exampleof eachis givenin
Fig. 1. The synthetic-dataxperimentswerelimited to a 1-D
window dueto the 1-D natureof the data. Sincea directcom-
parisonof SSBandFSB for aninterpolating lter is meaning-
less®, thefollowing two-stagecomparisorwasperformed:

1. double-image(balanced)agninst single-image ltering
for 7-coefcient Gaussianlter with variance =1 (FSB-
G versusSSB-G)- to demonstratémprovementsdue to
balancedltering,

2. theabove Gaussianiter againststandaraubic-spliné(4-
coefcient) interpolationfor single-imageltering (SSB-
G versusSSB-C)— to demonstratémprovementsdue to

3Thisis dueto thefactthatapplicationof aninterpolatorto theimagebeing
predictedfull-pix el locations)hasnoimpactonintensitiesthisimageremains
un Itered andFSB performsone-imageltering in this case.

4MATLAB' s function“interp1” wasusedfor cubic-splineinterpolation.

8 10 12 14 16 18 20 22 24 26
N
@
0.5 ‘
045" O  FSB-G il
X  SSB-G
0.4} * SSB-C 7
0.35F 8
0.3 8
25dB
d o025 g
0.2 8
0.1s¢ 35dB )
0.1+ 8
0.05F 8
0 L L L L L L L
8 10 12 14 16 18 20
N
(b)
Fig. 2. Mean-squareerror for (a) slowly-varying and (b) discontinuous

disparityds at SNR=35dBand25dBasa functionof 1-D window sizeN .

different Iter type.

Fig. 2 shavsthemean-squaredisparityerror for bothsyn-
theticdisparitiesandfor two differentnoiselevelsasafunction
of 1-D window sizeN . Tablel shavsthe minimumMSE (over
all N tested)for different SNRs. The FSB-G methodclearly
outperformghestandaraliding-blockapproacHSSB-G) both
beingbasedon a 7-coefcient Gaussianlter; theerror isre-
ducedby up to 48% and 37% for the slowly-varying and dis-
continuoudisparity respectrely. Notethatsincein bothcases
the sameGaussianlter is usedthe only differencebetween
the two algorithmsis dueto the applicationof balancedlter -
ing in FSB-Gasopposeo unbalancedingle-imageltering in
SSB-G.The FSB-G approachcomparesven more favorably
with respecto the standardsliding-blockapproactbhasedon a
cubic-spline lter (SSB-C);the erroris reducedby up to 51%
for slowly-varyingdisparityand42%for discontinuouslispar
ity. A betterperformancef the SSB-Gapproachascompared
with SSB-Ccanbe attributedto a moreprecisecomputatiorof
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@)

intensityderivativesby the 7-coefcient Gaussianlter .

TABLE Il
PEAK PREDICTION GAIN PP G FOR (A) “TRAIN" AND (B) “MANEGE” FOR
DIFFERENT WINDOW SIZES.

(@)
6 3

27.85
26.39
25.46

(b)
6 3

21.99
20.16
19.82

15
27.45
26.30
26.12

10 5
27.82
26.49
25.84

18 9
27.23
26.89
26.94

FSB-G
SSB-G
SSB-C

18 9

20.17
19.99
19.60

15

20.75
19.26
18.69

10 5

21.37
20.29
19.70

FSB-G
SSB-G
SSB-C

We have alsocomparedhe FSBandSSBmethodonnatural
720 576interlacedstereoscopitmages‘train” and“manege”
(seeAcknowledgments)btainedby almostparallel cameras.
Fig. 3 shawvs left elds #0 from both sequencesAlthoughto
maintainthe correctaspectatio both elds in Fig. 3 areverti-
cally interpolated no suchinterpolationwas performedin ex-
periments. For naturaldatawe have experimentallyselected
thevariance 2=4. We have measuredhe quality of estimated
disparity elds by peak-predictiorgain:

PPG = 10log,, g

with themean-squaregdredictionerror" de ned asfollows:

(9)

X
=27 ey Reoyl

(xy)

where P,(x; y) = nhO(x + &(x; y);y) is a cubic-spline-
interpolatedntensityandK is thenumberof estimatedispar
ities. Notethattheinterpolationusedto compute” is thesame

(b)

Fig. 3. Left elds #0from sequencéa)“train” and(b) “manege”; both elds arevertically interpolatedo maintaincorrectaspectatio.

asthe oneusedin the SSB-Capproachandthereforeit favors
thelatterover SSB-GandFSB-G.Tablell shavsP P G for var-

ioussizesof window W. Notetheimprovedperformancef the
FSB-Galgorithmby upto 1.5dBfor “train” and1.8dBfor “ma-

nege” over SSB-G,andby upto 2.4dBand2.2dBover SSB-C,
respectiely. On average the gain dueto the useof the Gaus-
sian Iter insteadof the cubicsplineis smallerthanthatdueto

theuseof balancedltering insteadof unbalanceane.

It seemgquiteintriguing thatdespitedifferent lters usedin
(5) and(9) by the SSB-Galgorithm,it still outperformsSSB-C
for which interpolatorsusedin (8) and(9) areidentical. First,
derivative computationsreperformedifferentlyin bothcases;
the 7-coefcient computationof derivativesin SSB-Gis more
precisethanthe 4-coefcient cubicsplinein SSB-C.Secondly
notethatthe Gauss-Neiton minimizationgetseasilytrappedn
alocal minimum;the moresevere ltering of the Gaussianl-
ter( 2=4) betterdisambiguatestensitymatchingandperhaps
helpsavoid suchminima.

To facilitate subjectve assessmertf the estimatesFigs. 4
and5 shov examplesof estimatedlisparity elds for bothtest
imagesusingvariousalgorithmsandwindow sizes;brighterar-
eascorrespondo larger disparities. Note the reducedspatial
variability (for thesamelO 5 window) of the FSB-Gestimate
comparedto the SSB-G and SSB-C estimates,especiallyin
“train”. The gures alsoillustrate the impactof window size
on the FSB algorithm. Note the horizontalsmoothnessf the
estimatefor the 1-D window (jW j=15) accompaniedby a high
vertical variability. In fact, all disparitiesfrom Figs. 4 and5
exhibit a strong correlationhorizontally but a weak one ver-
tically. This is dueto the fact that eachd is initialized by
thehorizontally-precedinglisparity andcouldberesohedto a
large extentby an adaptve selectionbetweerthe horizontally-
or vertically-precedinglisparity (e.g.,asafunction of the cor
respondingerrorE (d)).

Notethatthe spatialvariability (uncertainty)of the estimate
for the 6 3 window (left-top cornerin “train” and left part
of “manege”) is highly suppressewhenthe 18 9 window is
used. A larger window is also bene cial when dealing with
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ey e S

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

Fig. 4. Disparity elds estimatedrom sequencétrain” for differentalgorithmsandwindow sizes;brighterareascorrespondo largerdisparities.

largedisparitieshoweveratthesameimeit resultsn increased tionswith acleargoal,suchasvideocompressionyindow size
blurringarounddisparitydiscontinuities Althoughfor eachim-  couldplay arolein allocatingbits betweerpredictionerrorand
agepaira x edwindow sizethatis optimalin the MSE sense disparityinformation;by enlaging thewindow (6 3! 10 5
canbefound, a bettersolutionis to adaptvely adjustthewin- ! 18 9), peakpredictiongainis markedly reducedbut atthe
dow size accordingto local datastatistics[18]. In applica- sametime disparityvariability, andthereforeits entropy, is re-
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(2) FSB-G,jW =10 5 (b) FSB-G,jW j=18 9
(c) SSB-G,jW =10 5 (d) FSB-G,jW =6 3
() SSB-CjW =10 5 (f) FSB-G,jW j=15(1-D)

Fig.5. Disparity elds estimatedrom sequencémanege” for differentalgorithmsandwindow sizes;brighterareascorrespondo largerdisparities.

ducedaswell. Local adaptatiorof window sizecouldbe used V. CONCLUSIONS
to minimize the overall numberof bits requiredfor transmis- | this paperwe presented sliding-block methodfor dis-
sion. parity estimationthat applieslowpass ltering to bothimages

used. This double Itering assuregqualnoisesuppressiorin
bothimageshut atthe sametime is usedto carryoutinterpola-
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tion anddifferentiationat sub-pixel locations. The methodas-
suresbetterintensity matchingthanthe standardsliding-block
methodwith single Itering; this hasbeencon rmed numeri-
cally on syntheticaswell asnaturaldata. The approachends
itself naturallyto multiresolutionmplementationshesamel-
tercanandshouldbe usedto generatea pyramidof imagesand
to carry outinterpolation/diferentiationat the sametime. The
degreeof Itering canbe easilyadjustedby varying the lter
variance.Although herewe have demonstratethe bene ts of
balancedltering in the contet of sliding-blockdisparityesti-
mationonly, we believe thatthe proposedapproactcanbene t
otherdisparity/motionestimationrmethodssuchasthosebased
onregularization pixel recursionor block matching.
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