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Abstract

We develop a fast and accuiate variable window ap-
proach. The two main ideasfor achieving accuiacy are
choosinga usefulrange of window sizes/shapefor eval-
uationanddevelopinga new windowcostwhich is particu-
larly suitablefor comparingwindowsof differentsizes.The
speedof our appmad is dueto the Integral Image tech-
nigue which allows computationof our window costover
anyrectangulamwindowin constantime, regardlessof win-
dowsize Our methodranksin thetop four on the Middle-
bury stereo databasewith groundtruth, and performsbest
out of methodsvhich havecompagble efliciency

1 Intr oduction

Area-basedmatchingis an old and still widely used
methodfor densestereocorrespondencfll, 12, 13, 7, 6].
In this approactoneassumeshata pixel is surroundedy
awindow of pixels at approximatelyequaldisparity Thus
thecostfor pixel p to have disparityd is estimatedy taking
awindow of pixelsaroundp in theleft image,shifting this
window by d in the right imageandcomputingthe differ-
encebetweenthesetwo windows. Somecommonwindow
costsare sumof squaredor absolutedifferencesnormal-
ized correlation etc. After all window costsarecomputed,
apixel is assignedhe disparitywith the bestwindow cost.
The well known problemwith this approachs that while
theassumptiorof awindow at approximatelyequaldispar
ity is usually valid, the shapeand size of that window is
unknavn beforehandlgnoringthis problem,mostmethods
usearectangulawindow of fixedsize. In this casetheim-
plementatioris very efficient. Usingthe “sliding column”
methodof [3] the runningtime is independenbf the win-
dow size,it is linearin thenumberof pixelsanddisparities.

As early as[11], researchersealizedthat keepingwin-
dow sizefixedfor all pixelsleadsto systematierrors. For
areliableestimatea window mustbe large enoughto have
sufficient intensityvariation. But on the otherhanda win-
dow mustbesmallenoughto containonly pixelsatapprox-

imately equaldisparity Furthermoreneardisparitybound-
arieswindows of differentshapesreneededo avoid cross-
ing thatboundary Thusaswindow sizeis increasedrom
small to large, the resultsrange from accuratedisparity
boundariedout noisy in low texture areasto morereliable
in low textureareashut blurreddisparityboundariesThere
is no goldenmiddle whereresultsare both reliablein low
texture areasanddisparityboundariesrenot blurred.

Sincefixed window algorithmsclearly do not perform
well, there hasbeensomework on varying window size
and/orshape Suchvariablewindow methoddacetwo main
issuesFirstis designinganappropriatevindow cost,since
windows of different sizesand/or shapesare to be com-
pared.Seconds efficiently searchinghe spaceof possible
windows for theonewith thebestcost. Theearliestvariable
window approaclhis [11]. They usenormalizedcorrelation
for thewindow cost,andchangewindow sizeuntil thereis
significantintensityvariancein awindow. However relying
only onintensityvarianceis not enoughsinceit maycome
atthe costof crossinga disparityboundary

The adaptve window [9] usesan uncertaintyof dispar
ity estimateasthewindow cost. For thiswindow cost,they
needa model of disparity variation within a window, and
alsoinitial disparity estimate. Thento find the bestwin-
dow, they usegreedylocal searchwhichis veryinefficient.
While this methodis elegant,it doesnot give sufficientim-
provementover the fixed window algorithm. The problem
might beits sensitvity to theinitial disparityestimate.

Anotherpopularmethod8, 5, 4, 10] is themultiple win-
dow. For eachpixel, a smallnumberof differentwindows
are evaluated,and the one with the bestcostis retained.
Usuallywindow sizeis constantput shapeis varied. Typi-
cal window costis relatively simple,for examplethe SSD.
To be efficient, this methodseverely limits the numberof
windows, underten in all of the abose papers. Because
window shapeis varied,at discontinuitieshis methodper
formsbetterthanthefixedwindow method.However there
arestill problemsin low texture regions, sincethe number
of differentwindow sizestried is not nearlyenough.

In [15] acompactwindow algorithmis developed.Win-
dow costis theaveragevindow errorplushbiasto largerwin-



dows. Efficient optimizationover mary “compact”window
shapeds doneusing the minimum ratio cycle algorithm.
While this methodperformswell, it doesnot seemto be
efficient enoughfor realtime implementation.

We proposeanew variablewindow algorithm.Ourmain
ideais to find a usefulrangeof window sizesandshapedo
explorewhile evaluatinga novel window costwhich works
well for comparingwvindow of differentsizes.To efficiently
searchthe spaceof windows, we use the integral image
techniquejong known in graphics[2]! andrecentlyintro-
ducedin vision [16]. With this techniqueaslong aswin-
dow costis a function of sumof termsdependingon indi-
vidual imagepixels, the costover an arbitrary rectangular
window canbe computedin constanttime. Many useful
window costssatisfythis restriction.

Our novel window costis the averageerror in a win-
dow with biasto largerwindows andsmallererrorvariance.
Experimentallywe found that this costassigndower num-
bersto windows which are morelikely to lie at the same
disparity This costis similar to the onein [15], however
we addbiasto smallervariance.Thisimprovestheresults,
sincepatcheof pixelswhich lie at the samedisparitytend
to have lower error variance. Variancecannotbe handled
by [15] dueto therestrictionsof their optimizationmethod.

Using the window costabove and the integral images
we aim to efficiently evaluatea usefulrangeof windows of
differentsizesandshapesWe found thatlimiting window
shapedo just squaresvorkswell enough Furthermoredue
especiallyto the varianceterm in our window cost, win-
dowswith lower coststendto lie atapproximatelyjthesame
disparity Thereforewindow costsare updatedfor all pix-
elsin awindow, not just the pixel in the centerasdonein
mosttraditionalareabasednethodsThisallowsrobustper
formanceneardiscontinuities,where one needswindows
shapesot centerecht the middle pixel. Eventhoughcom-
putingawindow costtakesconstantime, updatingthe cost
for all pixelsin the window would take time linearin the
window size, if donenaively. We usedynamicprogram-
ming to achiere constanupdatetime on average.

Thusthe algorithmworks by exploring all squarewin-
dows betweensomeminimum and maximumsize. Using
the obsenation that for a fixed pixel, the function of the
bestwindow sizeis continuousalmosteverywhere we fur-
ther reducethe numberof window evaluationsto just six
windows per pixel on average.Sothe algorithmis fast,its
runningtime is linearin the numberof pixels anddispari-
ties,andit is suitablefor realtime implementation.

We shaw resultsontheMiddlebury databasavith ground
truth which wascompiledby D. ScharsteirandR. Szeliski,
and has becomea standardbenchmarkfor performance
evaluationandcomparisorto otheralgorithms.For there-
sults, seehttp://wwwmiddlelury.edu/steeo/ Our method
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ranksin thetop 4 (atthe submissiortime), andit performs
bestout of methodswvhich have comparablefficiengy.

2 Integral Image

In this section we explain how the integral image
works[2, 16]. Supposeve have a functionfrom pixelsto
real numbersf(x, y), andwe wish to computethe sum of
thisfunctionin somerectangulaareaof theimage thatis:

S flig).

z'<i<w,y’ <Gy

The straightforvard computationtakesjust linear time, of
course. However if we needto computesuchsumsover
distinctrectanglesnary times,thereis amoreefficientway
usingintegral imageswhich requiresjust a constantnum-
ber of operationfor eachrectangulasum. And unlike the
“sliding column” methodof [3], therectanglesio not have
to be of fixedsize,they canbeof arbitrarysize.
Let usfirst computetheintegralimage

](:an): Z f(r,y)

z'<z,y' <y

Thatis I(x, y) holdsthesumof all f(z,y) termsto theleft
andabove (z,y), andincluding (x,y), seeFig. 1(a). The
integralimagecanbecomputedn lineartime for all (z, y),
with justfour arithmeticoperationgerpixel. We startin the
top left corner keepgoingfirst to the right andthendown,
andusethe recursionI(z,y) = f(z,y) + I(z — 1,y) +
I(z,y — 1) — I(x — 1,y — 1) with the appropriatemodi-
fication at the imageborders. Why this works is apparent
from figure 1(b). Pixels with the small plus signsare the
contributionsfrom I(z — 1, y), pixels with the larger plus
signsarethecontributionsfrom I(z, y — 1), andpixelswith
theminussignsarethe contritutionsfrom 7(z — 1,y — 1).
After the integral image is computed, following the
above ideas.the sumof f(z,y) in arectanglewith corners
at(x,y) and(2’,y’") canbe computedwith four arithmetic
operationsia I(z,y) —I(z' —1,y) —I(z,y' — 1)+ (2’ —
1,y’—1), with appropriatenodificationsattheborder Thus



with alinearamountof precomputationthesumof f(z,y)
over ary rectanglecanbe computedn constantime.

3 Window Cost

In this sectionwe describethe window costwhich we
found to work well for evaluationwhetherall pixelsin a
window lie at approximatelythe samedisparity We also
shav how to computethis costusingthe integral images.
Firstwe needto describeour measuremergrror.

Supposd.(z, y) is theintensityof pixel (z, y) in theleft
imageand R(z, y) is theintensityof (z, y) in theright im-
age. To evaluatehow likely a disparityd is for anindivid-
ual pixel (z,y), somekind of measuremengrror e;(z,y)
which depend®n L(z,y) andR(x — d, y) is used.Oneof
thesimplestis e4(x,y) = |L(z,y) — R(z —d,y)|. We how-
ever usethe one developedin [1], which is insensitve to
image samplingartifacts(theseare especiallypronounced
in texturedareaof animage).Firstwe define? asthelin-
earlyinterpolatedunctionbetweerthesamplepointsonthe
right scanline andthenwe measureénow well theintensity
at (z,y) in theleft imagefits into the linearly interpolated
region surroundingz — d, y) in therightimage

efi(‘rvy) = min |L(1‘,y) - R(xlvy)‘
z’'€ mfdfé,a:fdJr%}
For symmetry
Gg(l‘,y) = min |L(Il7y) —R(Q"—d,y)‘

’ _ 1 1
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Finally, e4(xz,y) = min {efi(m, ), ey, y)} . For other
versionsof samplinginsensitie errorsee[14].

Now we candefineourwindow costCy(W). HereW is
arectangulassetof pixels,andd is somedisparity sincea
window is evaluatedat somedisparity

_ p
Cag(W) =2+ a-var(e) + ———. Q)
(W) €+ e
Thefirst termin equation(l) is just the averagemeasure-
menterrorin the window: & = %‘emy) Thein-

clusionof this termis olbvious: the lower the measurement
error, the more likely disparity d is for pixelsin W. We
normalizeby window size|W| sincewe will be comparing

windows of differentsizes. Thesecondermis thevariance
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of theerrorsin awindow: var(e) = L4 —

Z(z,y)EW ea(®y) ’ _ 3
DL
termbecauseve foundexperimentallythatthe pixelswhich
belongto the samedisparity tendto have not just smaller
averageerrorbut alsosmallererrorvariance.
The lastterm in equation(1) is smallerfor larger win-
dows, soit implementsbiasto larger windows. This term
is crucial in untextured regions, wherethe first two terms

(€)2. Weincludethevariance

are approximatelyequalfor all windows, and larger win-
dows shouldbe preferredor areliableperformancelLastly,
«, 3,y areparameterassigningelative weightsto termsin
equation(1). We hold themconstanfor all experiments.
To computethe window costin equation(1) efficiently,
we first computethe integral imagesof f(z,y) = eq(z,y)
andof g(z,y) = (eq(z,y))?. Thenfrom section2 is obvi-
ousthatbothe andvar(e) canbecomputedn constantime
usingtheseintegralimagesandthusour window costover
anarbitraryrectanglecanbe computedn constantime.

4 Efficient Search for Minimum Window

In this sectionwe explain a dynamicprogrammingech-
niquewhich greatlyimprovesour efficiency. In ourvariable
window algorithm (which is fully describedn Sec.5), we
will facethe following subproblem.Supposdor eachim-
agepixel (z,y) we aregivenonefixedsizerectangulawin-
dow with its upperleft cornerat (z, y) andwith the bottom
right cornerin ary location. This collection of windows
can be indexed by the coordinateshe upperleft window
corners,sincefor each(z, y) thereis exactly onewindow
with theupperleft cornerat (z, y). Solet W (z, y) denotea
window from this collection,where(z, y) is the upperleft
corner Eventhoughthereis only onewindow per pixel,
eachpixel typically belongsto mary windows (but is the
top left cornerof only oneof thewindows). The problemis
to assignto eachpixel (z, y) the costof the minimum cost
window it belonggo. If donenaively, solvingthis problem
takestimelinearin thesizeof thelargestW (z, y) timesthe
imagessize,whichis too costly Howeverwe cansolve this
problemin expectedineartimein theimagesize,thatis we
canremove thewindow sizedependence.

Let M(z,y) denotethe cost of the minimum cost
window (z,y) belongsto. Besidescomputing M (z,y)
we also needto computethe coordinatesof the bottom
right corner of the minimum cost window, denotedby
(My(z.y), My(x,y)). We startin the upperleft cornerof
theimage,andfollow thedirectionfirst to theright andthen
down. ComputingM (z,y), My (z,y), My(z,y) is trivial
for (z,y) in the upperleft cornerof the image,sincesuch
(z,y) isin only onewindow. Theargumentproceeddby in-
duction. Supposave needto computeM (x,y), M (z,y),
My(z,y) for some(z,y) andthesethree quantitieswere
alreadycomputedor all pixelsto theleft andabore (z, y).
Therearefour possiblecases:

casel:

My(x —1,y) > zandMy(z,y — 1) >y
case2: My(x —1,y) > zandM,(z,y —1) <y
case3: My(z—1,y) <zandMy(z,y—1) >y

cased: My(z—1,y) <zandM,(z,y—1) <y
Simple analysisof thesefour casesleadsto the follow-
ing conclusions. The bestof thesefour scenariods case
1, sincethen M(z,y) is the minimum of M (z,y — 1),



M(z — 1,y) andthe costof thewindow W (x,y). In this

caseM(z,y), M, (z,y) andM,(z,y) canbecomputedn

constantime. In case2, M(z,y) is the minimum of cost
of window W(z,y), M(x — 1,y), and costsof windows

W (x,y1) wherey, rangedfromy — 1toy — k + 1 with &

equalto the maximumwindow heightin the given collec-
tion of windows. Thusin case2 the work is proportional
to the maximumwindow height. Case3 is similar to case
2, the work thereis proportionalto the maximumwindow

width. Finally case4 is theworst,we needto examinecosts
of all windows which contain (z,y), so the work is pro-

portionalto the maximumwindow size.Fromexperiments,
casesl, 2, 3, 4 areapproximatehdistributedat 70, 14, 14,

and2 percentrespectiely. Sotheexpectedrunningtime to

computeM (z, y) for all (z,y) is roughlylinear

5 Variable Window Algorithm

In this sectionwe describeour variablewindow algo-
rithm. Our overall goal is to evaluatea useful range of
windows of different sizesand shapedn a small amount
of time, using the costfunction in section3, andintegral
imagesof section2 for efficiency. Thereare three main
ideasin our approachwhich give us efficienoy and accu-
ragy. Firstwe limit window shapego just squaresSecond
window costsare updatedfor all pixelsin a window, not
justthe pixel in the middle. Third the continuity properties
of the bestwindow size for a fixed pixel are exploited to
evenfurtherreducethe numberof window evaluations.We
now describeandmotivatetheseideasin detail.

We found that we canlimit window shapedo squares
and still achieve good results. This way we can explore
mary differentwindow sizes(whichis crucialfor goodper
formancein untexturedregions)while drasticallyreducing
the numberof window evaluation. We limit windows to
squaresolelyfor efficiency. Butinterestinglyif we runour
algorithmallowing ary rectangularshapesthe resultsdo
notimprove by much,while efficiengy suffersalot. Thisis
likely becauseve needto find alargeenougtpatchof pixels
at approximatelyequaldisparity but we do not necessarily
needto conformascloselyaspossibleto theactualshapeof
thepatchof pixelsatthesamedisparity asis thecasewhen
usingmore generalwindow shapegrectanglesasopposed
to squares).Thusour algorithmevaluatessquarewindows
betweersomeminimumandmaximumallowedsizes.

Theseconddeais to usewindow costasanestimatenot
justfor thepixel in the centerof thewindow, but for all pix-
elsin thewindow. We canafford this becauseur window
costis particularly good for evaluatingwhetherall pixels
in awindow lie at approximatelythe samedisparity espe-
cially dueto thevariancein equation(1). Thisidealeadsto
betterperformancet disparityboundarieswherewindows
not centeredat the middle pixel areneededo avoid cross-
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Figure 2. Best window sizes

ing adisparityboundary We needefficientimplementation,
however. While computingasquarevindow costtakescon-
stanttime, updatingthe costnaively for all window pixels
takestime linearin thewindow size,whichis too costly.

We usethedynamicprogrammingalgorithmin sectiord
for efficient window costupdate.Let W (x,y : 2’,y’) de-
notea window with its upperleft cornerat (z,y) andthe
bottomright cornerat (z’, y'). Wefix a disparityd andfor
eachpixel (z, y) we evaluatecostsof all squarevindowsin
{(W(z,y : 2", y)Il < (2 —x) = (¥ —y) < u}, where
[ andu arethe minimum and maximumallowed window
heights. Thenwe retainonly the W (z, y : 2/, y’) with the
smallestcost. Thusfor each(z, y) we have only onewin-
dow W(z,y : 2’,y’) andso we canusethe algorithmin
section4. Thatis for all pixels we canfind the minimum
costretainedwindow eachpixel belonggo in linearoverall
time. Thenthis processs repeatedor all disparities.Note
thatin this approachmary squarewindows are not used.
Thatis if costof W (x,y : x1,y1) is greatetthanthe costof
W(x,y : x2,y2), thenW(z,y : x1,y1) is discarded.We
do this for efficiengy. However whenwe comparethe per
formanceof this approachwith the muchlessefficient al-
ternatve of updatingwindow costsfor all squarewindows,
resultsare slightly worse,insteadof expectedbetter This
is probablybecauséf somewindow is discardedit is more
likely to crossadisparityboundarythanaretainedwindow,
andthusshouldnot beusedin the updateof window costs.

Therunningtime of the algorithmin the previous para-
graphin linear in the numberof pixels times numberof
disparitiestimes maximumwindow height. However we
can speedup our methodfurther by getting rid of win-
dow heightdependeng Fig. 2 shaws the sizesof the best
W(z,y : 2',y’) for each(z, y) in a portionof somescene.
The brighterthe color, the larger the window size. Notice
thatfor mostpixels, the bestwindow sizeis continuousei-
therfrom theleft or theright. We exploit this continuity as
follows. For the leftmostpixel of eachline we will com-
pute the bestwindow searchingthroughthe whole range
betweernthe smallestandlargestwindow sizes.For therest
of pixelson thatline we usepreviouswindow sizeto limit
thesearchrange.Thatis supposéor (z, y) thebestwindow
isW(xz,y :2',y"), andsowindow heightis k = 2’ — = + 1.
For (z + 1,y) we aregoing to evaluateonly the windows
with heightsbetweent — 1 andk + 1. Of coursewe will
missthe correctbestsizesfor somepixelsin theimage,but



Tsukuba Sawtooth \enus Map
Algorithm all untex  disc all untex  disc all untex  disc all disc
Layered 158 1.06 88 | 034 000 335 | 152 296 26 | 037 52
Belief prop. 1.15 0.42 6.3 0.98 0.30 4.83 1.00 0.76 9.1 084 53
Disc. pres. 1.78 1.22 9.71 | 1.17 0.08 5.55 1.61 2.25 9.06 | 0.32 3.33
Var. Win. 235 165 1217|128 023 7.09 | 123 116 1335|024 29
Graphcuts 1.94 1.09 9.5 1.30 0.06 6.34 1.79 2.61 6.9 031 3.9
GC+occl. 127 043 69 | 036 000 365 | 279 539 25 | 179 101
Graphcuts 1.86 1.00 9.4 042 0.14 3.76 1.69 2.30 54 239 94
Multiw. cut | 8.08 653 253 | 061 046 460 | 053 0.31 8.0 | 0.26 33
Comp.win. 3.36 3.54 129 | 1.61 045 7.87 1.67 2.18 13.2 | 0.33 4.0
Realtime 4.25 4.47 150 | 1.32 0.35 9.21 1.53 1.80 123 | 0.81 114
Bay. diff. 6.49 1162 123 | 145 0.72 9.29 4.00 7.21 184 | 0.20 25
Cooperatie | 3.49 3.65 148 | 203 229 1341 | 257 3.52 264 | 0.22 24
SSD+MF 523 380 247 | 221 072 1397| 374 682 130 | 066 9.4
Stoch.diff. 3.95 4.08 155 | 245 090 1058 | 245 241 218 | 1.31 7.8
Genetic 296 266 150 | 221 276 1396 | 249 289 230 | 1.04 109
Pix-to-Pix 5.12 7.06 146 | 231 179 1493| 6.30 11.37 146 | 050 6.8
Max Flow 2.98 2.00 151 | 347 3.00 1419 | 216 2.24 21.7 | 3.13 16.0
Scanl.opt. 5.08 6.78 119 | 406 264 1190| 944 1459 18.2 | 1.84 10.2
Dyn. prog. 4.12 4.63 123 | 484 3.71 13.26| 1010 15.01 17.1 | 3.33 14.0
Shao 9.67 7.04 356 | 425 319 30.14| 6.01 6.70 439 | 236 33.0
MMHM 9.76 13.85 244 | 476 187 2249 | 648 1036 313 | 842 127
Max. Surf. 11.10 10.70 420 | 551 556 27.39| 4.36 4.78 41.1 | 417 27.9

Figure 3. Middlebury stereo evaluation table

for thesepixels the bestwindow sizeis likely to be con-

tinuousfrom theright. Thereforewe repeathe above algo-

rithm by visiting pixelsonemoretime but now fromright to

left. Thatis we computethe bestwindow sizefor theright-

mostpixel of eachline, andusethis sizeto limit therange
of windows for pixelsto theleft. Betweenthe left-to-right

andright-to-left visitations,the window with the bestcost
wins. Thusthe numberof window evaluationsper pixel is

six on average andsothe runningtime of thefinal version
is a small constantimesthe numberpixels anddisparities,
makingit suitablefor realtime implementation.

6 Experimental Results

In this sectionwe presentexperimentalresultson the
Middlebury database.They provide stereoimagery with
ground truth, evaluation software, and comparisonwith
otheralgorithms. This databasdnasbecomea benchmark
for densestereoalgorithm evaluation. Resultsof eval-
uation and all the imagescan be found on the web via
http://wwwmiddlelury.edu/steeo. For all the experiments,
weseta = 1.5, # = 7, v = —2, andminimum and maxi-
mumwindow sizesto 4 by 4 and31 by 31 squares.

Fig. 3 summarizesheresultsof evaluation.Thefirst col-
umnlists nameghe 22 evaluatedsterecalgorithms.Theal-
gorithmsarearrangedoughlyin the orderof performance,
with the betteroneson top. The next 4 columnsgive per
centageerrors eachalgorithm makes on the four scenes
from the database A computeddisparityis countedasan

error if it is morethan one pixel away from the true dis-
parity. Eachof thesefour columnsis broken into 3 sub-
columns:theall, dis¢ anduntex columnsgive thetotal er-
ror percentageverywherejn theuntexturedareasandnear
discontinuitiesrespectiely.

In this table, our algorithm (Var. Win.) is in the bold
face.lt is theforth bestin the databaseanking(at the sub-
missiontime), althoughthe rankinggivesjust a roughidea
of theperformancef analgorithm,sinceit is hardto come
up with a“perfect” rankingfunction. Our methodperforms
bestout of local methodsthatis thosenot requiringcostly
global optimization. The runningtimes for the Tsukuba,
Sawtooth,VenusandMap scenesre4, 7, 7, and4 seconds
respectiely, onPentiumlll 600Mhz.Ouralgorithmis more
efficient and performsbetterthanthe compactwindow al-
gorithm[15], which is mostrelated.Eventhough[15] uses
more general‘compact” window shapeswe performbet-
ter probablydueto a betterwindow cost. Our window cost
cannotbe handledby [15] dueto restrictionsof their opti-
mization procedure.Figs. 4 and5 shav the resultson the
sceneandmapsteregpairsfrom the Middlebury database.

7 Conclusionsand Futur e Work

We presentedh fastandaccuratevariablewindow algo-
rithm. Oneof themainideasof thealgorithmis to explorea
usefulrangeof interestingwindow shapesndsizes,taking
advantageof the continuity propertiesof the bestwindow
size. Anotherideais a novel window costwhich works



Figure 4. Tsukuba scene: left image, true disparities, our result

Figure 5. Map scene: Left image, true disparities, our result

well for evaluatingwhetherall pixels in a window lie at
approximatelythe samedisparity To achieve linear effi-

ciengy, our algorithmtakesadwantageof theintegralimage
techniqueto quickly computewindow costsover arbitrary
rectangulawindows. Thustherunningtime is asmallcon-
stanttimesthe numberof pixels anddisparities makingit

suitablefor realtime implementationln the futurewe plan
to explorebetterwindow costsor learnawindow costfrom

thegroundtruthin theMiddlebury databaseAnotherdirec-
tion of researcthis to find betterway of exploiting continuity
propertiesof the bestwindow size.
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