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Abstract

A sterovisionsystenthatis requiredto supporthigh-level

object basedtasksin a tele-opeated ernvironmentis de-
scribed. Steeovisionis computationallyexpensivedueto

havingto find correspondingpixels. Correlation s a fast,
standad way to solvethe correspondencgroblem. This
paperanalyseghebehaviourof correlationbasedsteleoto

find waysto improve its quality while maintainingits real-

time suitability. Threemethodsare suggested.Two of them
aimto improve the disparity image especiallyat depthdis-

continuities,while onetargetsthe identificationof possible
errors in geneml. Resultsare givenon real steleoimages
with groundtruth. A comparisonwith five standad cor-

relationmethodshowsthat improvement®f simplesteleo
correlation are possiblein real-timeon current computer
hardware.

1. Intr oduction

1.1 Realtime stereovision

Stereovision systemsdeterminedepthfrom two or more
imageswhich aretaken at the sametime, but from slightly
different viewpoints. The mostimportantand time con-
sumingtask for a stereovision systemis the registration
of bothimagesij.e. theidentificationof correspondingpix-
els. Area-basedtereaattemptdo determinghecorrespon-
dencefor every pixel, which resultsin a densedepthmap.
Correlationis the basicmethodto find correspondingix-
els. Severalreal time systemshave beendevelopedusing
correlation-basedtereo[1] [2]. However, correlationas-
sumeghatthe depthis equalfor all pixelsof a correlation
window. This assumptionis violated at depthdiscontinu-
ities. Theresultis thatobjectbordersareblurredandsmall
detailsor objectsareremoved,dependingn the sizeof the
correlationwindow. Small correlationwindows reducethe
problem,but increaseshe influenceof noiseandleadto a
decreasef correctmatcheg3].

The currentresearchs concernedvith the development
of arealtime sterecsystemthatrunson standarccomputer
hardware.Thesystemmustbesuitablefor thedetectiorand
recognitionof objectsandtheirrelative positions to support
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high-level objectbasedasksin atele-operatedhobilerobot
ervironment.

It is assumedhat the location of object borders(i.e.
depthdiscontinuities)s importantto retrieve properobject
shapedor seggmentationand recognitionpurposes. As a
generalrule, it is assumedhatit is betterto invalidateun-
certainmatchesn orderto reduceerrorsaslong ascorrect
matchesarenotinvalidatedradically.

1.2 Existing methods

Not only the size,but choiceof the correlationmeasuren-
fluencesthe outcomeof the correlationphase. Zabih and
Woodfill introducednon-parametrianeasureswhich are
lessaffectedby outliers[4]. Resultsshav slightimprove-
mentsover standardcorrelationmethods.

Several methodshave been proposedto improve the
determinatiorof correspondenceat depthdiscontinuities.
Kanadeand Okutomi madethe size and shapeof rectan-
gular correlationwindows adaptve to local disparitychar
acteristicg3]. However, the algorithmis too slow for real
time useon currenthardware[5].

Thereareefficientmultiple window methodswhich can
be seenassimplificationsof the adaptve window approach
[6] [7]. They offer animprovedbehaiour at depthdiscon-
tinuitiescomparedo standarctorrelationandthey aresuit-
ablefor realtime. Comparisongreshawn in section?.

Boykov et al. presentech variablewindow approach,
which givesgoodresultsat depthdiscontinuities[5]. The
algorithmseemdo be suitablefor a realtime implementa-
tion. However, the methodsuffersfrom a differentsystem-
atic error. It increasebjectsin somecasedy including
nearbylow textureareasasidentifiedby its authors.

1.3 A new proposal

Simplecorrelationexhibits a systematicerror, i.e. blurring
of objectborders.However, theassumedbcationof acom-
puteddepthdiscontinuityis still near(i.e. within the size
of the correlationwindow) to the locationof thereal depth
discontinuity’. Furthermore correlationhasprovento be

1This is only true for big objects. Objectswhich are smallerthanthe
width or heightof a correlationwindov mayjustvanish.
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fastenoughfor arealtimeimplementatiorandhasaregular
structurewith fixedexecutiontime, whichis independenof
thescenecontents.

This paper analysesproblemswith stereocorrelation
(section2) and proposeghreemethodsto tacklethem. A
novel multiple window approachdecreasesrrorsat object
borderg(section3). A generakrrorfilter invalidatesuncer
tain matchegqsection4), while a bordercorrectionmethod
improvesobjectbordersfurther (section5). A summaryis
givenin section6. All improvementsarestill suitablefor
realtime applicationsaandreduceerrorsby 50%(section7).

2. Problemsof stereocorrelation

Correlationusesthe assumptiorof constantdepthwithin

the correlationwindow. Depth variationsintroduceerrors
in the calculation. Whetherthe introducederror at a depth
discontinuitycanbe neglectedor leadsfinally to thewrong
decisiondependson the similarity betweenthe object, the
occludedandvisible partof the backgroundwhich is cov-

eredby the correlationwindow (figure1).

Left image Right image
R
Ri/ Ry

Figurel: Typical decisionconflict at objectborder

The correct correspondingposition for the correlation
window R would be L. It is necessaryo split the correla-
tion window into two halvesto understandvhy it happens
that sometimeghe correlationof R with L givesa higher
responsehanR with L. This resultseffectively in an ex-
tensionof the objectat its left border Let c(a,b) be the
correlationvalue of the areaa and b, wherea low value
correspondso a high similarity. The valuesc(Ry,L1) and
¢(Ry, L) shouldbevery low, becaus¢he correspondinge-
gionsare correctly matched. The choice betweenthe po-
sition L and L dependson the amountof similarity of R»
andL, andthe similarity of Ry and ;. TheareasL, and
L1 areoccludedin the right image. If c(Rp,L>2) is higher
thanc(Ry,1)?, thenthe wrong positionL will be chosen.
Imagenoisewill affect the choice,but it dependsmostly

2|t needdo beconsideredihattheareaR; is biggerin this exampleand
hasa highereffectin the correlationprocess However, a smallamountof
large errorscanhave a highereffect thana large amountof small errors,
dependingnthe correlationmeasure.
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on the similarity betweerthe occludedbackgroundyisible
backgroundandobiject.

Usually, the backgroundcontinuessimilarly and L;
would be similar to L; and L, dissimilarto L. This
leadsto the presumptiorthatobjectsusuallyappeatbigger
However, shadavs or changingtexture nearobjectborders
caninversethe situation,so that the objectwould become
smaller The samescenariocanbe drawn for right borders
andleadsto fuzzy, blurredobjectborders.Furthermoretop
andbottomborderssuffer from similar problems However,
theeffectis expectedo belesssevere,sincethereis no oc-
cludedareaat top or bottomborders.

Generally theremay not only be one depthchangein-
sidea correlationwindow, but it is a very commoncaseas
surfacesvary usually smoothlywithin realimages,except
atobjectborderd8].

Table 1 shaws the amountof errorsnear (i.e. within
the sizeof a correlationwindow) objectborders,usingthe
steredmagesetfrom the University of Tsukuba(figure 5).
Correlationwasperformedusingthe Sumof AbsoluteDif-
ferenceqseetable 2). Disparitiesthat failed the left/right
consisteng check[9] have not beenconsidered Only dis-
paritiesthat differ by morethanonefrom the groundtruth
weretreatedaserrors.

Border errorsare catgorisedaccordingto the kind of
borderandif theerroridentifiedthe backgroundvrongly as
object(i.e. increasedhesizeof the object)or identifiedthe
objectwrongly asbackground.

Border Wrong Wrong Max. | Factor
Obj. [%] | Back.[%] | Err. [%]

left 1.67 0.19 8.35| 0.22

right 1.73 0.40 851| 0.25

top 0.14 0.04 3.61| 0.05

bottom 0.19 0.17 331 011

Tablel: ErrorsatbordersusingSAD on Tsukubaimages.

Theresultsshov indeedthatmosterrorsoccurat left or
right object bordersand extend objectshorizontally Fur-
thermore,all casesof bordererrorscanbe explained, us-
ing the theory abore, by thoroughvisual analysisof the
Tsukubamagesandtheresultingdisparityimage.

3. Multiple supporting windows

Correlationwindows that overlapa depthdiscontinuityin-
troducean errorinto the correlationcalculation. The error
canbe reducedby only taking thosepartsof a correlation
window into considerationwhich do not introduceerrors.
However, this hasto be donesystematicallyand compara-
bly, asdescribedelow.

Figure2b shows a configurationwith onesmallwindow
in the middle (Cp), surroundedy four partly overlapping
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windows (Cy;). The correlationvalueC canbe computed
by addingthevaluesof thetwo bestsurroundingcorrelation
windowsCyj, andCy;, to themiddleone. Thisapproactcan
alsobeseenasusinga smallwindow Co andsupportingthe
correlationdecisionby four nearbywindows.

C = Co+Cyj; +Cai, 1)

Anotherconfigurationusingnine supportingwindows is
shawvn in figure 2c. The correlationvalueis in this case
calculatedby addingthe four bestsurroundingcorrelation
valuesto themiddleone.

C:CO+C]_il +C1i2 +C1i3 +Cli4 (2)

Theapproaclktanbeextendedby addinganothering of
surroundingvindows asshavn in figure 2d. The eightbest
valuesof theouterring areadditionallyadded.

C:CO+C1I1++C1I4+Clk1++C1k8 (3)

It canbeseerthatit is possiblefor thesecorrelationwin-
dowsto adaptto thelocal environmentby assembling big
correlationwindow out of smallerones.Theblurring effect
shouldbe reducedasonly the small middle window Cy is
always usedand may overlapthe depthdiscontinuity All
otherpartscanadaptto avoid anoverlapwith the depthdis-
continuity. Neverthelessa good correlationbehaiour is
still maintained pecausef the big area,which is covered
usingthe bestneighbouringvindows. The measurdor cal-
culatingthecorrelationvalueof theindividualwindows can
beselectechsneeded.

C, C

0 1i

i -
i N NE!

‘H,J

a. b. c. d.

Figure2: Configurationsvith multiple windows.

The computationof C seemsto be computationally
costlyasit needgo bedonefor all imagepixelsatall possi-
ble disparities.However, animplementatiorcanmake use
of the sameoptimisationgproposedor standard:orrelation
[10] to computethe individual windows. Additionally, the
bestsurroundingcorrelationwindows have to be selected
anda sumneedgo be built. The selectionof the bestwin-
dows is costly, asit requiresa sorting-like algorithm. Se-
lecting the two bestvaluesout of four asrequiredby the
configurationwith five windows canbe implementedwith
four comparisonswhile nine windows would require 16
comparisongind25 windows even80 comparisonsConse-
guently thesimpleconfigurationusingfive windows seems
suitablefor arealtime implementation.
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4. Filtering of generalerrors

The determinatiorof a disparityvalueinvolvescorrelating
thewindow in thefirst imagewith windows at all dispari-
tiesd in thesecondmage.Theresultingcorrelationvalues
C form a correlationfunction as shawvn in figure 3. The
disparityat which the correlationfunctionis lowestcorre-
spondswith the placeof highestsimilarity. The left/right

consisteng check[9] usesthe placeof highestsimilarity in

the secondimageand then movesthe correlationwindow

of the first imageover all possibledisparities which gives
anothercorrelationfunction. The disparityis consideredo

bevalid if the minimum of the secondcorrelationfunction
correspondgo the samedisparity as the minimum of the
first correlationfunction.

Cc

G,
C, d

Figure3: A typical correlationfunction. The minimacC;y is
the placeof highestsimilarity.

Theleft/right consisteng checkis a very effective mean
to identify placeswhere correlationis contradictoryand
thus uncertain. This is usually the caseat occlusions[6].
An analysisof the correlationfunction canfurther help to
identify uncertaintiesA nearlyflat correlationfunctioncor-
respondgo areaswith low texture. A functionwith several
minimaindicatesseveralgoodplaceswhich canbe caused
by repetitive texture. Imagenoisecanin thesecasesasily
leadto wrongdecisionsLetC; betheminimumcorrelation
valueandC, the secondowestcorrelationvalue,which is
notadirectneighbourf C;*. Therelative differenceCy can
becalculatedas:

C-C
C1

A low Cq4 indicategpossibleproblems It is assumedhat
mary errorswill becaughtby invalidatingall valueswhose
Cy is belov a certainthresholdfor one of the correlation
functions(i.e. the correlationfunctionfor theleft andright
image,asusedby theleft/right consisteng checkaswell).
However, thethresholdneedgo be setempirically.

Moravec’s InterestOperatoroffersa way of invalidating
areaswith low texture beforecorrelationis performed12].
However, the methoddescribedabore seesthe imagedi-
rectly throughthe eyesof the correlationfunction, which
shouldbe moreaccurate.Secondly problemswith repeti-
tive like texture aretreatedat the sametime.

3TheSAD correlationrespondsvith low valuesif thesimilarity is high.
4The bestplacefor correlationlies usuallybetweerpixels, sothatun-
certaintieof 1 arounda disparityshouldbetakeninto accounf11]

Ca= (4)
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5. Border correctionfilter

The behaviour of stereocorrelationat object bordersde-
pendson local similarities. It wasshavn in section2 that
mosterrorsappearat left andright objectbordersand ex-
tendthe size of objects. This is a systematicerror that is
typical for correlation.A correctionof this errorwould im-
prove the shape®f objectssignificantly

After the disparityimageis calculated,vertical dispar
ity gradientscanbe discoreredby comparinghorizontally
neighbouringlisparityvalues.A positive disparitysteprep-
resentsa calculatedeft objectborder while a negative step
representacalculatedight objectborder Therealposition
of the objectborderis usually within the distanceof half
the size of a correlationwindow, accordingto the theory
in section2. However, usuallythereare somefilters used
thatinvalidatesomedisparityvalues lik e theleft/right con-
sisteny check,which invalidatesmary occludeddisparity
valuesnearleft objectborderq9]. For the purposeof iden-
tifying disparitystepsthe lowestneighbouringvalueof an
invalidatedareais propagatedhroughtheinvalid areg6].

Figure 4 shows a situationof a positive disparity step.
Thedottedline marksthe positionof the calculatedeft ob-
jectbordeP. The pixel of interestin the middle of the cor-
relationwindow correspondso the higher disparity of the
object,while all pixelsto its left have the lower disparity
of the background.If the calculatedborderis correct,then
only the correlationc(Ry, I:Z) is correctfor a correlationof
Rwith L. The correctpartnerfor R; would be L1, which
is shiftedto the left by a distancethat correspondso the

disparitydifferencebetweerthe objectandthebackground.

All pixelsbetweertheright borderof L; andtheleft border
of Lo would beoccluded.

Left image Right image
B: /B2 Bi /B

L L calculated border  RL

b o pixel o

i ] ‘
Ly | Lz /L1 /L Rii /R

possible real

alternative

border positions

Figure4: Situationwherel hasbeenchosen.This is cor
rect,if therealborderis at By, but wrongif it is at By.

However, the real objectborderis usually a few pixels
furtherleft or right andin generalnot vertical. The direc-
tion in which the real objectborderis, canbe identified by
comparings(Ry, L1) andc(Rz, L2). To comparebothvalues
properly, the sizeof both halvesof the correlationwindow

5Thecalculatecbbjectborderis assumedo go awaysverticalthrough
thecorrelationwindow, for simplicity of calculation.
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is madeequalby increasingthe left partby onepixel®. If
the real bordercorrespondgo position By, thenthe value
¢(Ry, L) shouldbe low becausst is completelycorrect,
while c(Ry,L1) shouldbe high becauseonly a part of Ry
doesreally correspondo L;. The situationis vice versaif
therealpositionof thebordercorrespondsvith B,. Finally,
if the positionof therealbordergoesthroughthe middle of
the correlationwindow, both correlationvaluesareequally
low apartfrom imagenoise.

Consequentlthevaluesc(Ry, L1) andc(Ry, L2) arecal-
culatedwhile moving thewindowsin bothimagessimulta-
neouslyto theleft andright. Thepositionwherebothvalues
swap placesin termsof their amountis searched.Finally,
the positionwherec(Ry,L1) + ¢(Ry, L) is lowestis chosen
asthe correctpositionof the objectborder The disparity
valuesneedto be correctedaccordingly

The depthmight vary not only oncein practise but sev-
eral timeswithin a small area. This violatesagainthe as-
sumptionof constantlepthwithin half of acorrelationwin-
dow. However, the caseabore is assumedo occur often
andthusjustifiesthis specialtreatment.

The computationakxpenses low comparedo the cor-
relation stage,becauseonly placeswhere object borders
areassumedheedto be inspected.Processinghe Tsukuba
stereoimage pair resultstypically in lessthan 5% of the
pixels,which areassumeabjectborders.This includesall
errors,whichintroducefalsebordersaswell.

The bordercorrectionalgorithmrequiresthe calculated
disparityimageaswell asboth sourceimagesandthe size
of thecorrelationwindow asinput.

e Goline by line, left to right throughthe disparity

— Interpolateinvalid values, by using the lowest
neighbouiin horizontaldirection.

— ldentify a positive disparity step,i.e. alow dis-
parity valuefollowedby a higherone.

— Calculatec(Ry,L1) andc(Rg,I:Z) at the position
of thedisparitystep.

— If ¢(Ry,L1) is higherthanc(Rg, L), then

x Analysethe next pixel to its left andassign
theobjectdisparityto it if c(Ry,L1) is higher
than c(Ry,2) or if ¢(Ry,L1) + ¢(Ry, L) is
lower thanthe samevaluefor last position
(i.e. thepixelto its right).

x Continueto move pixel-wiseto theleft until
c(Ry,L1) is lowerthanc(Ry, I:Z) or themax-
imumrange(i.e. half thesizeof the correla-
tion window) hasbeencovered.

— else

8Correlatiorwindows have commonlyanoddsizesothatthey aresym-
metricaroundits point of interest.
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x Searchtheborderto theright, analogto the
algorithmabove.

e Do the sameto correctall right objectbordersanalog
to thealgorithmabove.

6. Summary of the whole algorithm

The improvementswhich have beensuggestedn the last

sectionscanbe includedinto the framawork of a standard
correlationalgorithm. Thesourceémagesareexpectedo be

rectified, so that the epipolarlines correspondvith image
rows.

1. Pre-filteringsourceémagesasneededusingLOG. The
standardieviation o controlssmoothening.

2. Correlateusinga configuratiorwith onewindow, five,
nineor 25 windows asdescribedn section3. An opti-
misedcalculationof correlationvaluesis requiredfor
real time applications[10]. The kind of correlation
measureneedsto be chosen(e.g. SAD). Parameters
arethewidth andheightof the correlationwindow c
andcy,.

3. Theleft/right consisteng checkinvalidatesplacesof
uncertainty[9]. It caneffectively beimplementedby
temporarilystoringall correlationvaluesof all dispar
ities for oneimagerow.

4. Theerrorfilter canbeusedto reduceerrorsfurther, as
describedn sectiond4. Thethreshold; is needecasa
parameter

5. The bordercorrectionmay be usedin the endto im-
provethedisparityimageasdescribedn section5.

7. Resultsonrealimages

7.1 Experimental setupand analysis

A stereamagepair from the University of Tsukuba(figure
5) andanimageof a slantedobjectfrom SzeliskiandZabih
[11] have beenusedfor evaluation. Both are provided on
Szeliskis web-pagé. The imageof the slantedobjectis
very simple. However, it is expectedto compensatéor the
lack of slantedobjectsin the Tsukubamages.

All disparitiesthataremarkedasinvalid duringthe cor-
relation phasehave beenignoredfor comparisorwith the
groundtruth. Disparitiesthat differ by only one from the
groundtruth are consideredo be still correct[11]. The
amountof errorsatobjectborderds calculatedasexplained
in section2 andshaowvn separately

“http://wwwresearch.microsoft.coidi ski/sereo/

The differenceimages,which are provided next to the
disparityimagesshav the enhancediifferenceof disparity
andgroundtruth. Correctmatchesappeaiin mediumgray,
while darker spotsindicatethat thesepixels are calculated
asbeingfurther away asthe groundtruth states.Whereas
light spotsshow thatthosepixelsarecalculatedasbeingtoo
close.

Figure5: Theleft imageandthe groundtruth from theUni-
versityof Tsukuba.

Therangeof possibledisparitieshasbeensetto 32in all
cases. For every method,all combinationsof meaningful
parametersverecomputedo find the bestpossiblecombi-
nationfor the Tsukubaimages.Thehorizontalandvertical
window sizewasusuallyvariedbetweerl and19. Thestan-
darddeviation of the LOG filter wasvariedin stepsof 0.4
between0.6 and2.6. All togetheralmost20000combina-
tionswerecomputedor the Tsukubamageset,whichtook
sev/eraldaysusingmainly non-optimisectode.

7.2 Resultsof standard correlation methods

The resultsof the bestparameteccombination(i.e. which
givesthe lowesterror) for somestandardcorrelationmeth-
odscanbefoundin thefirst partof table2. The MW-SAD
approactperformscorrelationat every disparitywith nine
windows with asymmetricallyshiftedpointsof interestand
usesthe bestresultingvalue. Algorithms, which arebased
on this configurationhave beenproposedn the literature
for improving objectborderg6].
Thebestparametecombinationf the Tsukubamages
have beenusedon the slantedobjectimagesaswell. Al-
mostall errorsoccurnearobjectborderson this simpleim-
ageset. This is probablydueto the evenly strongtexture
andthe lack of ary reflections,etc. It is interestingthat
the slantednatureof the object, which appearsas several
small depthchangesis generallywell handled. However,
theweakslantis not really a challengefor correlation.The
resultsare not explicitely shovn here,becausehey reflect
thesametendeng astheresultsof the Tsukubamageses-
peciallythereordering.However, it is aconfirmationof the
gualitatively correctassessmermdf the evaluatedmethods.
The SAD correlation(figure 6) waschosenasthe basis
for an evaluationof the proposedmprovements.lt is the
fastestn computatiorandshovs advantagesver NCC and
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All .
: Rank/ LOG | Correct Border | Invalid

Method Window Census 0 [%] E[:];]o]rs Err. [%] [%]
NormalisedCrossCorrelation(NCC) 9x 19 0.0 82.37 8.15 7.05 9.49
Sumof AbsoluteDifference{SAD) 9x9 1.0 82.97 6.00 4.39 11.03
Sumof Squaredifference{SSD) 9x9 1.0 81.42 6.55 4.88 12.03
Non-parametridkank 11x11 9x7 - 85.68 4.58 3.96 9.74
Non-parametricCensus 9x11 9x7 - 84.86 4.65 3.87 10.49
SAD with mult. windows (MW-SAD) 11x9 0.0 80.88 4.91 2.92 14.21
SAD with 5 windows configuration 7x9 0.0 85.12 4.56 3.36 10.32
SAD with 9 windows configuration 5x5 0.0 83.65 4.39 2.89 11.96
SAD with 25windows configuration 3x5 1.0 83.36 4.89 3.36 14.67
SAD with Bordercorrection 9x9 1.0 85.63 6.10 4.04 8.26
SAD with 5windowsconfiguratiorand | 7x9 - 0.0 80.70 3.02 2.59 16.28
10%errorfiltering
SAD with 5 windows configuration,| 7x9 - 0.0 82.24 3.26 2.45 14.50
10%errorfiltering andbordercorr.

Table 2: Resultsof standardmethods(first part), suggestedmprovementg(secondpart) and combinationg(third part) on

Tsukubaimages.

SSD.It wasthereforechoserfor otherrealtime stereosys-

temsaswell [1] [2]. Thenon-parametri®RankandCensus
transformgive betterresults because¢hey aremoretolerant
againswutliers[5]. However, Censuss expensve to com-

pute due to the calculationof the Hammingdistanceand

Rankis ratherseerasafilter, like LOG, thattransformghe

sourceimagesbeforea SAD correlationis performed.

7.3 Resultsof suggestedmpr ovements

All suggestedmprovementshave been evaluated using
SAD correlation. The resultsof the bestparametecombi-
nationsareshavn in the secondpartof table2, excepterror
filtering, whichis presentedn figure 10. Bordercorrection
wasonly appliedto the bestparametersf SAD.

The multiple correlationwindow configurationshaved
improvementsn the numberof correctmatchesaswell as
errors.Theperformanceseemgo be especiallygoodat ob-
ject borders.Figure7 shaws the resultsfrom the five win-
dows configuration.Theringsof errorsaroundobjectslook
smallerandmoreeven,comparedo figure6. A comparison
with the MW-SAD methodshavs a morestablebehaviour.
MW-SAD shaws betterresultsin the syntheticcaseof hor-
izontal or vertical borders,but performsworseat general
bordershapes Additionally, it is far lessstablein general,
whichincreasegenerakerrorsaswell asinvalid matches.

The error filter that was testedfor differentthresholds
onthebestparameteconfigurationof SAD exhibits anex-
pectedcharacteristic. The graphin figure 10 shavs that
mary errorscan be caughtat the risk of filtering correct
matcheut aswell. However, theamountof filterederrors
comparedo filtered correctmatchess quite high whenthe

6

ratio betweenerrorsandcorrectmatchess considered.A
thresholdof 10%filters for examplealmost2% errorsout,
attheexpenseof loosing4% correctmatchesFurthermore,
filtered correctmatchesare distributed all over the image,
so that theredisappearancean be compensatedy inter-
polation. In the end,it dependson the application,which
amountof lost correctmatchess acceptable.

(%]
8

— filtered correct matches
--- filtered border errors
filtered other errors

R
0 5 10 15 20 threshold %]

Figure 10: Filtered correctmatchesand errorsat certain
thresholdspsingSAD on the Tsukubaimages.

The thresholdfor error filtering is difficult to choose.
Onestratayy in practise(i.e. without having a groundtruth)
could beto setthe thresholdso that the numberof invalid
matchess increasedy afixedamount.

Finally, an evaluation of the border correctionshavs
only aslight decreasén errorsat objectbordersandanun-
expectedincreaseof errorsat other places. Nevertheless,
the numberof correctmatchess in this exampleincreased
by 2.66%. The situationcanbe explainedusingfigure 8.
The bordersof objectsarein fact improved comparecdto
figure6, whichresultsin thedecreasef bordererrors.The
increasan correctmatchegesultsfrom changingmary in-
valid valuesnearobjectbordersinto valid, correctvalues.
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Figure9: Resultfrom five windows configuration, 10% errorfiltering andbordercorrection.
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Theincreasdn errorsat otherplacesis dueto the factthat
the algorithmtried to correctobject bordersthat resulted
from previous errors, leadingto a randomly stretchingor
shifting of errorpatchesThewhite spotsleft to the camera
andonthetop left edgeof theimagearegoodexamplesof
this behaviour.

Although, bordersare improved, small details which
werelost duringthe correlationphase)ik e the cableof the
lamp,cannotberecoveredusingthis method.Finally, it can
be concludedhatthe effect of noisegetsstrongey the fur-
thertheborderis movedtowardstherealobjectborder due
to the designof the calculation. This leadsto the reduced,
but still existentamountof bordererrors.

Thethird partof table2 shavs resultsof combinationf
several methods. The bestparametercombinationsestab-
lishedpreviously have beenused. The resultis alsoshavn
in figure 9. Comparingtheseresultsvisually andin their
statisticalnumbersagainstary of the standardcorrelation
methodsshows clearly a significantimprovementfor cer
tain applications.The errorvalueswerecut to half of their
amountof basicSAD correlation.

8. Conclusion

It hasbeenshawn thatit is possibleto improve simplecor-
relationby understandinghe sourceof its weaknessThree
methodshave beenproposedwhich tackle specificprob-
lems of correlation. A novel multiple window approach
decreasesrrors at object bordersand increasescorrect
matchesA generakrrorfilter usesthe correlationfunction
to invalidateuncertainrmatchesFinally, abordercorrection
methodmprovesobjectbordergsurtherin apost-processing
step.It wasdiscussedhatall improvementsarestill suitable
for real-timeapplications.

Everymethodshows clearimprovementsput alsoweak-
nesses. The main weaknessof the multiple correlation
window configurationis its computationaktost. However,
the configurationusing five windows seemsvery promis-
ing. Theerrorfiltering requiresa threshold which is diffi-
cult to choosein practiseand reducesthe numberof cor-
rect matchesas well. Finally, the border correctionim-
provesobjectbordersalthoughpreviousgeneralerrorscan
beslightly increased.

Neverthelessthecombinationof suggestednethodsm-
provesthe quality of real-timecorrelationbasedstereosig-
nificantly. The errors have in the exampleimagesbeen
reducedto 50%, while the numberof correctmatcheshas
beenmaintained.Furtherresearchin this areacould bring
evenbetterreal-timeresultson currentcomputerardware.

Thecurrentimplementatiorhasbeenwritten for qualita-
tive assessmer@ndhasnotbeenoptimised.It is plannedto
implementarealtime systemasthe basisfor ahigherlevel,
objectbasedorocessingo supporttele-operatedasks.
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