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Abstract

This paper describesa real-timestereo vision systenthat
is required to supporthigh-level object basedtasksin a
tele-opeated ervironment. Steeo vision is computation-
ally expensivedueto havingto find correspondingpixels.
Correlationis a fast, standad way to solvethe correspon-
denceproblem.Thispaperanalyseghebehaviourof corre-
lation basedstereoto find waysto improveits quality while
maintainingits real-timesuitability. Threemethodsre sug-
gested.Two of themaim to improve the disparityimage es-
peciallyat depthdiscontinuitieswhile onetargetstheiden-
tification of possibleerrorsin geneal. Resultsare givenon
real steleo imageswith groundtruth. A comparisonwith
fivestandad correlationmethodss provided. All proposed
algorithmsare describedn detail and performanceassues
and optimisationare discussed.Finally, performancere-
sultsof individual parts of the steleo algorithm are shown,
including rectification, filtering and correlation using all
proposedmethods.Theimplementedystenshowsthat er-
rors of simplestereocorrelation,especiallyin objectborder
regions,can bereducedn real-timeusingnon-specialised
computethardware.

1. Intr oduction

1.1 Realtime stereovision

Stereovision systemsleterminedepth(i.e. distanceo real
world objects)from two or moreimageswhich are taken
at the sametime from slightly different viewpoints. The
mostimportantandtime consumingaskfor a stereovision
systemis theregistrationof bothimagesj.e. theidentifica-
tion of correspondingpixels. Two pixelsarecorresponding
whenthey representhe samepointin therealworld. Area-
basedsterecattemptsto determinethe correspondenctor
every pixel, which resultsin a densedepthmap. Corre-
lation is the basicmethodusedto find correspondingpix-
els. Severalreal time systemshave beendevelopedusing
correlation-basedtereo[1] [2] [3]. However, correlation
assumethatthe depthis equalfor all pixelsof a correlation
window. This assumptioris violated at depthdiscontinu-
ities. Theresultis thatobjectbordersareblurredandsmall
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detailsor objectsareremoved,dependingnthe sizeof the
correlationwindow. Small correlationwindows reducethe
problem,but increaseghe influenceof noise,which leads
to adecreasef correctmatched4].

1.2 Objectivesand constraints

This researchis concernedvith the developmentof a real-
time stereovision systemfor a tele-operateanobile robot.
The systemmust be suitablefor the detection, recogni-
tion andtracking of objectsandtheir relative positions,to
supporthigh-level objectbasedtasksin the local erviron-
mentof a tele-operatednobile robot. Furthermore non-
specialisecamerasandcomputethardwareshouldbe em-
ployed, becausehe robot will be usedin harsherviron-
mentsandmight be damagedr evendestryed.

Consideringtheserequirementsjt hasbeenaimedfor
a systemthatis fast(i.e. 5-10frames/s)but alsoaccurate
enoughto discriminateobjectsin the local working ervi-
ronment(i.e. up to severalmeters)sothatthey canreliably
be detectechndrecognised.

Correlation-basedtereovision fulfils all givenrequire-
ments. However, it hasin generalproblemsat depthdis-
continuities. It is assumedhat the location of objectbor-
ders (i.e. depth discontinuities)is importantto retrieve
properobjectshapedor segmentatiorandrecognitionpur-
poses.This papelis concernedvith theaspecbf improving
correlation-basedtereo by reducingerrorsespeciallynear
objectbordersandmaintainingits real-timesuitability.

As ageneralrule, it is assumedhatit is betterto inval-
idateuncertainmatchesn orderto reduceerrorsaslong as
correctmatchesarenot rejectedradically.

1.3 Existing methods

Theoutcomeof correlationis influencedby severalparam-
eters. Firstly, the correlationmeasuredetermineshow the
similarity betweertwo areads determined Most common
is the useof CrossCorrelationor the Sum of Absoluteor
SquaredDifferences. Zabih and Woodfill introducedthe
non-parametriRankandCensusneasurefs]. Thesemea-
suresrely on the numericalorderingof intensitiesand not
ontheirvalues.This makesthemlessaffectedby noiseand
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outliers. Resultsshawv slight improvementsover standard
correlationmethods . Sectiond usesthesefive methodsasa
basefor comparison.

Another correlation parameteris the shapeof areas,
which are correlated. Usually, rectangularwindows are
usedfor the sale of computationaperformance.The size
of the correlationwindow determineghe amountof pix-
els usedfor correlation. The effect of noiseis reducedby
increasinghenumberof pixelsandthusthesizeof thecor-
relationwindow. However, biggercorrelationwindows are
morelikely to cover areaswheredepthvaries. A change
in depthresultsin a changeof disparity sothatonly parts
of the windows correspondo eachother This leadsto er-
rorsatobjectboundariesKanadeandOkutomiaddresshis
problemby changinghe sizeandshapeof rectangularcor
relationwindows, accordingto local disparity characteris-
tics [4]. This adaptve correlationwindow approachshavs
adecreasén errorsat objectboundaries However, the al-
gorithmis too slow for real time usageon non-specialised
hardwareaccordingo results reportedoy Boykov etal. [6].

There are computationally efficient multiple window
methodswhich canbe seenassimplificationsof the adap-
tive window approach A commonconfigurationis the use
of 9 rectangularcorrelationwindows that have the same
size,but differentpositionsfor the point of interest(i.e. in
every corner in the middle of every sideandin the mid-
dle, asusual). Fusielloet al. andLittle reportfor example
aboutthis configuration[7] [8]. Correlationis donewith all
9 windows for every pixel andevery disparity but only the
resultof thebestwindow is used.This methodoffersanim-
provedbehaiour atdepthdiscontinuitiecomparedo stan-
dardcorrelationandis suitablefor realtime (comparisons
areshavn in sectiond).

Boykov et al. presenteda variablewindow approach,
which givesgoodresultsat depthdiscontinuitieg6]. The
methodchoosesnarbitrarily shapedvindow thatvariesfor
every pixel. The algorithmseemdo be suitablefor a real
time implementation. However, the methodsuffers from
a systematicerror asidentified by its authors. It increases
the size of objectsin somecasedy including nearbylow
textureareas.

Enegy optimisationmethoddik e the Maximum Lik eli-
hoodstereoalgorithm (MLMHV) from Cox etal. [9] peF
form generallymuchbetter[10]. However, the methodsuf-
fers considerablyfrom horizontalstreaking resultingfrom
a one dimensionaloptimisation individually along each
scan-lineratherthana muchmoretime consumingwo di-
mensionaloptimisation. Dynamic programminghasbeen
usedto improve the speed. Neverthelessthe algorithm
seemso betoo slow for arealtime implementation.

The cooperatie stereo algorithm from Zitnick and
Kanadedemonstratethat the amountof errorscanbe re-
duceddramatically if executiontime is not crucial [11]
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[12]. The methodresultsin up to 98% correctmatcheson
the stereoimagesfrom the University of Tsukuba. How-
ever, theiterative methodis fartoo slow for ary currentreal
time application.

This overview canonly coverafew methodut of avast
amountpublishedin the stereovision literature. Neverthe-
less,severalimportantmethodsvereshavn, which address
the weak behaviour of stereocorrelationat objectborders
by usingdifferentapproaches.

1.4. A newproposal

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 the realdepth
discontinuity aslong asthe objectis biggerthanthe sizeof
thecorrelationwindow. Objectswhicharein theirwidth or
heightsmallerthanthe correlationwindow, mightjustvan-
ish. Furthermorecorrelationhasprovento be fastenough
for a realtime implementatiorand hasa regular structure
with fixedexecutiontime, whichisindependentf thescene
contents.

This paperproposeshreenovel improvementdo tackle
specificproblemsof correlation.

1. A multiple window approachthat decreasesrrorsat
objectborders.

2. A correlationfunction error filter that invalidatesun-
certainmatchesandreducegyenerakrrors.

3. A bordercorrectionmethodthatimprovesobjectbor-
dersin a post-processingtepfurther.

All theseémprovementsarestill suitablefor realtime ap-
plicationsand can reduceerrorsby 50% on the usedtest
images.

Section2 analyseshe problemsof correlation.Sections
3.1,3.2and3.3 shawv attemptgo tackletypical correlation
problems. Section3.4 givesan overview of the whole al-
gorithm. All methodswere analysedor their quality and
comparedo standardcorrelationmethodsusingrealstereo
imageswith groundtruth (section4). Finally, section5 dis-
cussesanoptimisedimplementatiorof thewholealgorithm
andgivesdetailedresultsonits performance.

2. Problemsof stereocorrelation

2.1 General behaviour

Correlatiorworksby usingausuallyfixed,rectangulawin-
dow aroundthepixel of interestin thefirstimage.Thewin-
dow is correlatedwith a secondwindow, which is moved
over all possiblepositionsin the secondimage. The pos-
sible positionsaredefinedby the minimal allowed distance
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betweenthe cameraand an object, which givesthe maxi-
mumdisparity Thepositionwherecorrelationhasthehigh-
estvaluedetermineshe pixel in the secondmagethatcor-
respondgo the pixel of interest. Bigger correlationwin-
dows increasethe reliability by averagingover a bigger
areathusreducingthe effect of noise.

However, if thecorrelationwindow overlapsa depthdis-
continuity, thena part of the window will affect the result
arbitrarily. Figure1 shovs a situationwheretheleft part of
thewindow containsthe backgroundwhich is differentin
bothwindows. Consequentlythis partof thewindow intro-
ducesanerrorin the calculation.Furthermoreijt shouldbe
notedthatthe left partof the correlationwindow in theleft
imageis atleastpartly occludedn therightimage.Thesize
of theoccludedpartdepend®nthedisparitydifferenceand
thesizeof the correlationwindow.

Left image

Right image

Correlation
window

/

Pixel of interest Corresponding pixe

Figurel: Correlationat objectborder

The use of a smaller correlationwindow reducesthe
problem,becausea smallerwindow doesnot overlap the
depth discontinuity to the sameextent. Generally the
choiceof thecorrelationwindow sizeis atradeoff between
increasingreliability in areaswith constantdepthandde-
creasingerrorsin areasvheredepthchanges.

2.2 Behaviour at depth discontinuities

Whetherthe introducederror at a depthdiscontinuitycan
be neglectedor not dependon the similarity betweenthe
objectandthe occludedandvisible partof the background,
whichis coveredby thecorrelatiorwindow. Figure2 showvs
asituationwherethe pixel of interestis just outsidethe ob-
ject.

The correct correspondingposition for the correlation
window RwouldbelL. It is necessaryo splitthecorrelation
window into two halvesto understandvhy sometimeghe
correlationof Rwith L givesa higherresponse¢hanR with
L. Thisresultseffectively in anextensionof the objectatits
left border Let c(a,b) bethe correlationvalueof the area
a andb, wherealow valuecorrespondso a high similarity.

Thevaluesc(Ry,L1) andc(Rz,I:Z) shouldbe very low, be-
causeahecorrespondingegionsarecorrectlymatchedThe
choicebetweerthepositionL andi depend®ntheamount
of similarity of R, andL, andthe similarity of Ry and Ly.
The areasL, and L'y are occludedin the right image. If
c(Ry,L>) is higherthanc(Ry, I:1), thenthe wrong position
L will bechosenTheareaR; is biggerin this exampleand
hasa highereffect in the correlationprocess.However, a
smallamountof large errorscanhave a highereffectthana
large amountof small errors,dependingon the correlation
measurelmagenoisewill affectthechoice,butit depends
mostly on the similarity betweerthe occludedbackground,
visible backgroundandobject.

Left image Right image
R
R/ Ry

Figure2: Typical decisionconflictat objectborder

Usually, the backgroundcontinuessimilarly and L;
would be similar to Ly, and L, dissimilarto L. This
leadsto the presumptiorthatobjectsusuallyappeaibigger
However, shadavs or changingtexture nearobjectborders
caninversethe situation,so that the objectwould become
smaller The samescenariocanbe drawn for right borders
andleadsto fuzzy, blurredobjectborders.

The situationis slightly differentfor top or bottombor-
dersof objects,becauseahereis no occludedareain the
standarctaseof rectifiedimages.In this casegpipolarlines
correspondo imagerows andthe objectand background
areshift horizontallyagainsteachother Whethera match
is correctdependson similarities betweenthe horizontally
shiftedbackgroundareasandhorizontallyshiftedobjectar-
easaswell astheinfluenceof noise. The blurring effectis
expectedto be lesssevere, becausehe similarity between
the backgroundareasis usually high as well as the simi-
larity of objectareas. Furthermore thereis no occluded
areaasfoundat left or right objectborders.Consequently
thereis no inherentasymmetryaswith vertical objectbor-
ders. Thus,the matchingprocesss only influencedby im-
agenoise.

A singledepthdiscontinuitythat crosseghe correlation
window is only a specialcase. Generallythe depthcould
changefor every pixel in the window. However, it is as-
sumedhatthedepthvariesusuallysmoothlyat mostplaces
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Figure3: Theleft imageandthe groundtruth from the University of Tsukuba.

within realimages.exceptat objectborderq13]. Thus,the
caseabove is an importantspecialcase. Slantedsurfaces
were not especiallyconsiderechere. However, the theory
couldbeadaptedo incorporateseveralsmalldepthdiscon-
tinuitieswithin a correlationwindow aswell.

2.3 Experimental confirmation

Thepredictecbehaviour of correlationat objectborderscan
beverifiedusingthesteredmagesetwith groundtruthfrom
the University of Tsukuba(seefigure 3). The disparityim-
agehasbeencalculatedy filtering bothsourceamageswith
the Laplacianof Gaussian(LoG) with a standarddeviation
of 1.0. TheSumof AbsoluteDifferencegSAD) with awin-
dow sizeof 9 x 9 pixelshasbeenusedfor correlation.The
left/right consisteng check[14] identified inconsistencies
and invalidatedthe correspondinglisparity values. Only
valid valueshave beencomparedto the groundtruth and
only valueswhosedisparitydifferedby morethanonehave
beenconsideredserrors[10]. Eacherrorthatappearsiear
adepthdiscontinuityin thegroundtruth(i.e. within thesize
of acorrelationwindow) is consideredsabordererror. Ta-
ble 1 shavs a summaryof results.

Correctvalues 82.97%
Invalid values 11.03%
Errorsatborders| 4.53%
Othererrors 1.47%

Tablel: Resultsof SAD correlationon Tsukubaimages.

Border errors are further categorisedaccordingto the
kind of border(i.e. left, right, top or bottom)andif theerror
identifiedthe backgroundvrongly asobject(i.e. increased
the size of the object) or identified the objectwrongly as
background.Table 2 shavs the categorisedbordererrors.

Thethird columndescribeshe maximumpercentagef er-
ror thatwould be possiblein one cateyory on the Tsukuba
images(i.e. in the worst possiblecasein which all dispar
ities arewrong). This providesthe baseto comparediffer-
entcategyorieswith eachotherasit measureshe amountof
bordersof a certainkind in the images. The last column
givesthefractionof the error (i.e. the sumof thefirst two
columns)andthe maximalpossibleerrorin the considered
category.

Border | Wrong Wrong Max. | Fraction

Obj. [%] | Back.[%)] | Err. [%] | (seetext)
left 1.67 0.19 8.35 0.22
right 1.73 0.40 8.51 0.25
top 0.14 0.04 3.61 0.05
bottom 0.19 0.17 3.31 0.11

Table2: ErrorsatbordersusingSAD on Tsukubaimages.

The fraction shaws that the amountof errorsat the left
andright objectborderss indeedhigherthantheamountof
errorsat top andbottomborders.Furthermoremosterrors
identify the backgroundhearobjectswrongly asobjectso
thatobjectsappeahorizontallyextended.This confirmsthe
predictionof thetheoreticabnalysis However, thistesthas
only beenperformedon one sterecimagepair. More data
would be neededo establiststatisticallyvalid results.

Thethird biggestcategory areerrorswhich identify the
right part of an object wrongly as background. Certain
placesin the Tsukubaimagescan be identified, which are
proneto this kind of error, like the right side of the up-
pertin. The backgroundat the right side of the uppertin
is a white posterin the left image,while the right image
shavs a gapbetweerthetin andthe poster whichis filled
by darker background.The occludedbackgroundntensity
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levelis moresimilarto thetin thanto thevisible background
(i.e. thewhite poster).Accordingto the theory this should
leadto an objectborder which is movedinsidethe object
(i.e. to theleft). Figure10 in section4 confirmsthatthe
right sideof thetin appeargo bewrongly shiftedto theleft.

3. Proposalsof improvements

3.1 Multiple supporting windows

Correlationwindows that overlapa depthdiscontinuityin-
troducean error into the correlationcalculation. The er-
ror canbereducedby only taking thosepartsof a correla-
tion window into consideratiorthatdo notintroduceerrors.
However, this hasto be donesystematicallyand compara-
bly, asdescribedelow.

Figure4b shavs a configurationwith onesmallwindow
in the middle (Cp), surroundedy four partly overlapping
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)

Another configurationusing 9 supportingwindows is
shawvn in figure 4c. The correlationvaluein this caseis
calculatedby addingthe four bestsurroundingcorrelation
valuesto themiddleone.

C = Co+Cyj; +Cij, + Caig + Cai, 2

Theapproacttanbeextendedby addinganothering of
surroundingwindows as shawn in figure 4d. The correla-
tion value for the 25 supportingwindows configurationis
calculatedby usingthe four bestvaluesof the middle sur
roundingring andthe eightbestvaluesof the outerring.

®3)

It canbeseerthatit is possiblefor thesecorrelationwin-
dowsto adaptto thelocal erwvironmentby assembling big
correlationwindow out of smallerones. The blurring ef-
fect shouldbe reducedas only the small middle window
Co is alwaysusedandmay overlapthe depthdiscontinuity
All otherpartscanadaptto avoid anoverlapwith the depth
discontinuity Neverthelessa goodcorrelationbehaiour is
still maintainebecaus®ef thebig areathatis coveredusing
the bestneighbouringvindows.

The measurdor calculatingthe correlationvalue of the
individual windows can be selectedas needed. The Sum
of Absolute Differences(SAD) is very fastto calculate
asit doesnot requiremultiplicationscomparedo Sum of

C=Co+Cuj; +---+Caiy + Cox, + -+ Caig

5

SquaredDifferenceg(SSD) or NormalisedCrossCorrela-
tion. Furthermorejt givesgoodresultsandwastherefore
choserfor otherrealtime stereasystemg1] [2].

c:0 C:1i
N\
/
r B
a b.
CO Cli CO Cli
C2'
]

Figure4: Configurationsvith multiple windows.

The calculationof C seemdo be computationallycostly
asit needgo bedonefor all imagepixelsatall possibledis-
parities. However, animplementatiorcan make useof the
sameoptimisationsproposedor standardcorrelation[15]
to computethe individual windows, which areall the same
size. The correlationstepaloneinvolvesto calculatefor
every pixel at every disparity 2 absolutedifferencedor the
SAD measureandadditionally4 additionsandsubtractions
to calculatethefinal correlationvalue. Operationgor load-
ing datafrom memoryandstoringresultshackarenot con-
sideredaswell asthe overheadf theloop.

The multiple window approachrequiresadditionallyto
selectthe bestsurroundingcorrelationwindows andto cal-
culatea sum. The selectionof the bestwindows is costly,
asit requiresa sortingalgorithm. However, animplemen-
tation cantake advantageof the factthatthe bestvaluesdo
not needto be sortedthemseles. Selectingthe two best
valuesout of four asrequiredby the configurationwith 5
windows canbeimplementedvith 4 comparisonsind2 ad-
ditions. The configurationusing9 windows would require
16 comparisonsand 4 additionsand with 25 windows, 80
comparisongnd1?2 additions(i.e. seeappendixA.1).

The configurationusing5 windows seemso requirethe
sameamountof time asthe correlationphaseaccordingto
this theoreticalconsiderationThe configurationusing9 or
25 windows would require seseral times more processing
time. Consequentlythe configurationusing5 windows is
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suitablefor arealtime implementation.

Appendix A.1 shaws the algorithm in detail and ex-
plainsparallelimplementation®n modernprocessoarchi-
tectures.

3.2 Filtering of generalerrors

The determinatiorof a disparityvalueinvolvescorrelating
the window in the first imagewith windows at all dispari-
tiesd in thesecondmage.Theresultingcorrelationvalues
C form a correlationfunction as shovn in figure 5. The
disparity at which the correlationfunction is lowestcorre-
spondswith the placeof highestsimilarity!. The left/right
consisteng check[14] usesthe placeof highestsimilarity
in thesecondmageandthenmovesthecorrelationwindow
of thefirst imageover all possibledisparities which gives
anothercorrelationfunction. The disparityis consideredo
bevalid if the minimum of the secondcorrelationfunction
corresponddo the samedisparity as the minimum of the
first correlationfunction.

Correlation
value C

Disparity ¢

Figure5: A typical correlationfunction. The minimaC; 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[7].
An analysisof the correlationfunction canfurther help to
identify uncertaintiesA nearlyflat correlationfunctioncor-
respondgo areaswith low texture. A functionwith several
minimaindicatesseveral goodplaceswhich canbe caused
by repetitive texture. In thesecasesmagenoisecaneasily
leadto wrongdecisionsLet C; betheminimumcorrelation
valueandC, thesecondowestcorrelationvalue.C, should
not be a direct neighbourof C;, becausehe bestplacefor
correlationusually lies betweenpixels. If C; andC; are
directneighboursthenthey would represenheighbouring
pixel positionsof the sameminimum and not the position

1The SAD correlationhaslow valuesif the similarity is high.

6

of thelowestandsecondowestminimum. Therelative dif-
ferenceCy canbecalculatedas:

G-CG
= 4
- @

A low Cq indicategpossibleproblems It is assumedhat
mary errorswill becaughtby invalidatingall valueswhose
Cq is below a certainthresholdfor the correlationfunction.
However, thethresholtheedgo be setempirically, depend-
ing onthe constraintof theapplication.

Moravec's ‘InterestOperator’offers a way of invalidat-
ing low texture areasbeforecorrelationis performed[16].
However, the methoddescribedabore considerghe image
directly throughthe correlationfunction, which shouldbe
moreaccurate Secondlyproblemswith repetitive lik e tex-
turearetreatedat the sametime.

An implementatiorof the errorfilter needgo selectthe
secondbestcorrelationvalue, to calculatethe relative dif-
ferencebetweenthe bestand secondbestvalueandto use
thethresholdo rejectuncertainvalues.Theselectiorof the
secondbestcorrelationvalueis asexpensve asthe search
of thebestcorrelationvaluethathasalwaysto bedone.The
operationcan be well implementedn parallelon modern
processoarchitectures.

Cd:

3.3 Border correctionfilter

The behaiour of stereocorrelationat object bordersde-
pendson local similarities. In section2.2 was shovn 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 theobjectborderis usuallywithin thedistanceof half the
sizeof acorrelationwindow, accordingo thetheoryin sec-
tion 2.2. However, usuallytherearesomefilters used like
theleft/right consisteng check whichinvalidatesmary oc-
cludeddisparity valuesnearleft objectborders[14]. For
the purposeof identifying disparitystepsthelowestneigh-
bouringvalue of aninvalidatedareais propagatedhrough
theinvalid ared[7].

Figure 6 shavs a situationof a positive disparity step.
Thedottedline marksthe positionof the calculatedeft ob-
jectborder The calculatedobjectborderis assumedo go
alwaysverticalthroughthe correlatiorwindow, for simplic-
ity of calculation.The pixel of interestin the middle of the
correlationwindow correspondgo the higher disparity of
the object,while all pixelsto its left have the lower dispar
ity of the background.If the calculatedborderis correct,
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thenonly the correlationc(Ry, L}) is correctfor a correla-
tion of Rwith L. The correctpartnerfor R; would be L1,
which is shiftedto the left by a distancethat corresponds
to the disparitydifferencebetweerthe objectandthe back-
ground. All pixels betweenthe right borderof L; andthe

left borderof L, would be occluded.
Left image Right image

B, /B, B: /B>

calculated border R

? EO# pixel 30

Ry

L 1 RZ
possible real

border positions

alternative

Figure6: Situationwherel hasbeenchosen.This is cor
rect,if therealborderis at B;, but wrongif it is at B,.

However, the real objectborderis usually a few pixels
furtherleft or right andin generahotvertical. Thedirection
in which therealobjectborderis, canbeidentifiedby com-
paringc(Ry,L1) andc(Ry, ). Correlationwindows com-
monly have an odd sizesothatthey aresymmetricaround
its point of interest. To compareboth valuesproperly, the
sizeof bothhalvesof the correlationwindow is madeequal
by increasinghewidth of theleft half window by onepixel.
If therealbordercorrespond$o positionB;, thenthevalue
c(Ry, L}) shouldbe low becauset is completelycorrect,
while c(Ry,L1) shouldbe high becauseonly a part of Ry
doesreally correspondo L;. Thesituationis vice versaif
therealpositionof thebordercorrespondsvith By. Finally,
if the positionof therealbordergoesthroughthe middle of
the correlationwindow, both correlationvaluesareequally
low apartfrom imagenoise.

Consequentlythevaluesc(Ry,L1) andc(Ry, I:Z) arecal-
culated while moving thewindowsin bothimagessimulta-
neouslyto theleft andright. The positionwherec(Ry,L1)
hasthe sameamountas c(Ry, ) is searched.However,
this positionis in generalbetweenpixel coordinates. As
an approximation the pixel position wherethe difference
betweerc(Ry,L1) andc(Ry, I:Z) is lowestis usedasthe po-
sitionof thecorrectobjectborder Thedisparityvaluesneed
to becorrectedaccordingly

In practisethe situationcanbemuchmorecomplex. The
depthmight vary not only once,but several timeswithin a
small area,dueto slantedobjects. This might confusethe
correctionalgorithm as the assumptionof constantdepth
within half of acorrelationwindow is againviolated. How-
ever, the caseabove is assumedo occuroftenandthusjus-
tifies this specialtreatment.

The computationakxpensds quitelow comparedo the

correlationstage pecaus®nly placeswhereobjectborders
areassumecheedto beinspectedTypically, processinghe
Tsukubastereoimage pair resultsin lessthan 5% of the
pixels, which are assumedo be objectborders. Someof

theseare actualborder pixels and the restare errors. In

contrastcorrelationis performedat every pixel andfor all

possibledisparities.

The structureof the bordercorrectionalgorithmis out-
lined in appendixA.2 in pseudocode. The calculateddis-
parityimageaswell asbothrectifiedsourcemagesandthe
size of the usedcorrelationwindow serne asinput to the
algorithm.

3.4 Summary of the whole algorithm

The improvementswhich have beensuggestedn the last
sectionscanbe includedinto the framework of a standard
correlationalgorithmasshown in figure 7. The sourceim-
agesarefirstrectifiedandaligned,sothattheepipolarlines
correspondo imagerowsandtheimagerowswith thesame
numbercorrespondo eachother Next, the Laplacianof
Gaussiars usedasa pre-filter.

Left image Right image
| |
Rectification Rectification
| |
LoG Filter LoG Filter

I I
Correlation using SAD
I
Combination using 5, 9 or 25
neighboring correlation values

I
Selecting disparity
I

Error filter using correlation function
Left/right conlsistency check
Sub-pixel ilnterpolation
Border corrlection filter
Disparitly image

Figure7: Overview of astandaraorrelationalgorithmwith
new methodsshavn in grey (seetext for description).

Correlation can be done by using optimisation tech-
niguesassuggestethy Faugeratal. [15]. Thecorrelation
valuesarecalculatedow by row for all disparitiesatall pix-
elsandstoredtemporarilyfor the combinationstep. In the
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Figure8: Theleft imageandthe groundtruth of a slantedobjectfrom SzeliskiandZabih.

combinationstep,the correlationvaluesof the neighbour
ing 5, 9 or 25 windows are usedto calculatethe combined
correlationvalueasproposedn section3.1. Theresultsare
storedin two dimensionahrraysfor everyimagerow. Each
arraycontainsthe combinedcorrelationvaluefor all pixels
andall disparities.

Thedisparityof apixelis selectedy searchinghelow-
estcorrelationvaluefor onepixel. Theerrorfilter thatwas
proposedn section3.2 additionallysearche$or thesecond
lowestvalueandcalculategherelative differenceasamea-
sureof uncertainty Disparity valueswhosedifferenceare
belowv athresholdarerejectedasuncertain.

The left/right consisteng checkthat wasintroducedby
Fua matchespixels from the right imagebackto the left
imageandidentifiesmary errors,which are causedy oc-
cludedpixelsnearleft objectborderg14]. Sub-pielinter-
polationis doneto increasethe depthresolution,by using
the threecorrelationvaluesaroundthe position of the cal-
culateddisparityandfitting aquadraticcurve throughthem.
Theminimumof thecurve correspond$o the sub-pixel dis-
parity.

Finally, the bordercorrectionmethodmodifiesthe dis-
parity imageby horizontally shifting assumedbject bor-
ders.This wasproposedn section3.3.

The overview above shavs all functions as separate
steps. However, for memoryefficiengy, it is usefulto in-
terleave the stepsfrom correlationuntil sub-pixel interpola-
tion, sothatoneimagerow is processedby all stepsbefore
thenext imagerow is considered.

4. Qualitati ve assessment

4.1 Experimental setupand analysis

A stereamagepair from the Universityof Tsukuba(figure
3in section2.3) andanimageof a slantedobject(figure 8)
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from SzeliskiandZabih[10] have beenusedfor evaluation.
Both are provided on Szeliskis web-pagé. The imageof
theslantedobjectis very simple.However, it is expectedo
compensatéor the lack of slantedobjectsin the Tsukuba
images.

All givendisparityimagesareenhancedor visual anal-
ysis by usingthe full intensityrangefor shaving the used
disparitiesrange(i.e. 32 disparities). Light grey is used
for high disparities(i.e. closeobjects) whereagdlarker grey
correspondso smallerdisparities.Black is usedin the dis-
parity imagesfor valuesthat arerejectedby the algorithm
asbeinginvalid.

All disparitiesthat are marked asinvalid have beenig-
noredfor comparisorwith thegroundtruth. Disparitiesthat
differ by only onefromthegroundtruthareconsideredo be
still correct[10]. The amountof errorsat objectbordersis
calculatedasexplainedin section2.3andshovn separately

The differenceimages,which are provided next to the
disparityimagesshaw thedifferenceof calculateddisparity
andgroundtruth. Correctmatchesappeaiin white aswell
asinvalid matcheswhich areignoredfor comparison.All
errors(i.e. disparity valuesthat differ by more than one
from thegroundtruth) areshowvn in black.

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

2http://wwwresearch.microsoft.corsizeliski/stereo/
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All

; Rank/ | LOG | Correct Border | Invalid

Method Window Census| o [%] E[:];]o]rs Err. [%] [%]

NormalisedCrossCorrelation(NCC) 9x19 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 config. (SAD5) 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 10%errorfiltering 9x9 1.0 78.96 4.14 3.61 16.89
SAD with bordercorrection 9x9 1.0 85.63 6.10 4.04 8.26
SAD5 with 10%errorfiltering 7x9 0.0 80.70 3.02 2.59 16.28
SAD5with 10%errorfilt. andbordercorr. 7x9 0.0 82.24 3.26 2.45 14.50

Table 3: Resultsof standardmethodg(first part), proposedmethods(secondpart) and combinationsof proposedmethods

(third part)on Tsukubaimages.
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Figure9: Errorsof all methodson theimagesfrom University of Tsukuba(left) andthe slantedobject(right). The slanted
objectshows only errorsat objectbordersdueto its evenly strongtexture. BC is bordercorrectionandEF is errorfiltering.

4.2 Resultsof standard correlation methods

Theresultsof the bestparametecombination(i.e. which

givesthelowesterror)for somestandardccorrelationmeth-
odscanbefoundin thefirst partof table3. The MW-SAD

approactperformscorrelationatevery disparitywith 9 win-

dowswith asymmetricallyshiftedpointsof interestanduses
the bestresultingvalue. Algorithms, which are basedon

this configurationhave beenproposedn the literaturefor

improving objectborders[7] [8]. Resultsarediscussedn

sectior4.3.

Thebestparametecombinationf the Tsukubamages
have beenusedontheslantedobjectimagesaswell. Almost
all errorsoccurnearobjectbordersonthis simpleimageset.
This is probablydueto the evenly strongtexture and the
lack of ary reflectionsetc. It is interestingthatthe slanted
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natureof the object, which appearsas several small depth
changesis generallywell handled However, theweakslant
is notreally achallengefor correlation.

Figure9 shavstheerrorsof all methodsonthe Tsukuba
(left) andslantedobjectimageg(right) asa graph.It canbe
seenthatthe amountof errorsis differentfor eachmethod
for bothimagesets. However, the graphsshav almostthe
sametendeng by comparingthe methodswith eachother
(i.e. NCCisworsethanSSDandSAD is slightly betterthan
SSDfor bothimagesets).

The SAD correlation(figure 10) was chosenasthe ba-
sis for an evaluationof the proposedmprovements. It is
thefastesin computatiorandshavs advantage®ver NCC
and SSD.The non-parametrilRankand Censudransform
(figure 11 and12) give betterresultsbecausehey aremore
tolerantagainstutliers[6]. However, Censuss expensve
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Figure12: Resultfrom Censusorrelation.
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Figure14: Resultfrom the 5 window configuration.

to computedueto the calculationof the Hammingdistance
andRankis ratherseerasalfilter, like LOG, thattransforms
thesourceimagesbeforea SAD correlationis performed.

4.3 Resultsof proposedmethods

All suggestedmprovementshave been evaluated using
SAD correlation. The resultsof the bestparameteicom-
binationsare shovn in the secondpart of table3. Theer
ror filter andthe bordercorrectionwasonly appliedto the
bestparameteccombinationof SAD. The sameparameter
combination®n the slantedobjectimagesshov againvery
similar results.This caneasilybe seenin figure9.

The multiple correlationwindow configurationshaved
improvementsn the numberof correctmatchesaswell as
errorscomparedo SAD. The performanceseemdo bees-
pecially good at object borders. Figure 14 shaws the re-
sultsfrom the 5 windows configuration.Therings of errors
aroundobjectslook smallercomparedto figure 10. This
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meanghattherearelesserrorsin borderareas.Addition-
ally, the rings of errors appearmore even, which means
that althoughthe objectappearsvrongly bigger; its shape
is muchlessfuzzy. This canalsobe seenby comparingthe
disparityimageq(i.e. left images)in figure 14 with 10.

RankandCensugfigure 11 and12) producesimilarim-
proved numericalresults. However, a visual comparison
againunveilsaslightly morefuzzy objectborder compared
to the 5 windows configurationin figure 14. This canbe
bestseenby comparingthe shapeof thelamp or the pile of
tins.

A comparisorwith the MW-SAD shows that MW-SAD
performsbetterin thesyntheticcaseof horizontalor vertical
objectbordershut performsworseatgenerabordershapes
(i.e. introducessteps).This canbe seenin figure 13. Addi-
tionally, MW-SAD is lessstablein generalwhichincreases
generakrrorsaswell asinvalid matcheslt is assumedhat
the middle window, which is alwaysusedin the suggested

Draft for the InternationalJournal of Computeiision.



Figure15: Resultfrom SAD correlationwith bordercorrection.

5 window configuration senesasa stabilisingfactorin the
calculation.

The error filter that was testedfor differentthresholds
onthebestparameteconfigurationof SAD exhibits anex-
pectedcharacteristic. The graphin figure 16 shavs that
mary errorscan be caughtat the risk of filtering correct
matchesut aswell. However, the amountof filterederrors
comparedo filtered correctmatchess quite high whenthe
ratio betweenerrorsand correctmatcheds considered.A
thresholdof 10%filters for examplealmost2% errorsout,
atthe expenseof loosing4% correctmatchesFurthermore,
filtered correctmatchesare distributedall over the image,
sothattheir disappearanceanbe compensatetly interpo-
lation. In the endthe amountof lost correctmatcheghatis
acceptablelepend®n theapplication.

Filtered pixels [%)]

8 —

7 —— correct matches
4 ---- border errors

i other errors
O v\ /\//\/—\77‘/\ T T T ‘ T T T T ‘ T T T ‘

0 5 10 15 20 Threshold %]

Figure 16: Filtered correctmatchesand errorsat certain
thresholdsusingSAD on the Tsukubamages.

The thresholdfor error filtering is difficult to choose.
Onestratgyy in practicewithouthaving agroundtruth could
beto setthethresholdsothatthe numberof invalid matches
is increasedy a fixedamount.Anotherstratgyy would in-

volveto pointthecamerago alargetexture-lessareaandto

setthethresholdhigh enoughsothatthe wholetexture-less
areais justinvalidated. Thus, the thresholdwould be just

high enoughso that arbitrary matchesdue to imagenoise
from the camerasframegrabbersetcareprevented.

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%comparedo SAD withoutbordercorrection.The
situation can be explained using figure 15. The borders
of objectsarein factimproved comparedo figure 10 (i.e.
ringsof errorsaroundobjectsappeamuchsmaller),which
resultsin thedecreasef bordererrors.Theincreasen cor-
rectmatchesesultsfrom changingmary invalid valuesnear
objectbordersnto valid, correctvalues.

The increasein errorsat other placesis dueto the fact
that the algorithm tried to correctobject bordersthat re-
sultedfrom previous errors,leadingto a randomlystretch-
ing or shifting of error patcheslt is unfortunatelynot pos-
siblefor thebordercorrectionalgorithmto differentiatebe-
tweencorrectbut shifted and completelyincorrectobject
borders. A reductionof generalerrorswould be adwvanta-
geousto preventthis behaiour. The error filter would be
appropriatefor this purpose A combinationof thesemeth-
odsis discussedh section4.4.

Although, bordersare improved, small details which
werelost duringthe correlationphaselik e the cableof the
lamp,cannotberecoreredusingthis method.Finally, it can
be concludedhatthe effect of noisegetsstrongey the fur-
thertheborderis movedtowardstherealobjectborder due
to the designof the calculation. The methodleadsto re-
ducedbordererrors,but usuallynotto acompleteremoval.
A remedycould be a more accurateconsideratiornof the
distribution of neighbouringdisparitieswithin thewindow.

Draft for the InternationalJournal of Computeiision.



8
="

. N
o e .{gﬂ;ﬁr#‘ﬁ'
L] v
= cd ]
Ty
- A g 72
™~ e O e
/ o _ "IE\ Mt ™
vln..__ —— . JE e
._ LT —_
N AR
._/‘:“_ . .-'s_;, - h_'-l !_—_
_ o

Figure17: Resultfrom 5 windows configuration 10%errorfiltering andbordercorrection.

4.4. Resultsof combinationsof proposedmeth-
ods

The third part of table 3 shaws resultsof combinationsof
several methods. The bestparametercombinationsestab-
lishedpreviously have beenused. The resultis alsoshovn
in figure 17. Comparingtheseresultsvisually andin their
numbersagainstary of the standardcorrelationmethods
clearlyshowvs animprovementfor certainapplications.

Not only generalerrorswerereduced put especiallyer-
rorsin borderareasof objects.However, invalid valuesare
increasedlueto the errorfilter. Neverthelessit is accept-
ablefor someapplicationsto increasethe amountinvalid
valuesslightly in orderto reduceerrors.

A comparisonbetweenthe SAD correlationthat was
choserasabaseandthe combinationof all proposedneth-
odsshaows on the exampleimagesthaterrorswerereduced
by almost50% and the numberof correct matcheswas
maintained.

Finally, theresultsof the samecombinationf methods
andparametersntheslantedbjectimageshav almostno
improvement. A look at the disparity differenceimagere-
vealsthatthebordererrorbeforewasalmostonly onepixel,
which is alreadyvery low. Othererrorshave not beende-
tected. Thereis not very muchroom for furtherimprove-
ments.Thebordercorrectionalgorithmcorrectedhe depth
discontinuityslightly to much, which resultsin an object
thatappearslightly smallerthanit reallyis.

5. Performanceof the real-time system

5.1 Experimental setup

All the methodsdescribedchave beenimplementedn opti-
misedC and containoptionalinline assemblesectionsto
malke useof MMX commands.MMX is the Multi-Media
Extensionthatwasintroducedby Intel in the Pentiumpro-

13

cessors.It allows parallel processingof logical and arith-
metical integer operationswhich canincreasethe perfor-
manceseveral times. However, only the critical loopsin
the whole processvere optimisedto save developmentef-
fort. All performancaestswere accomplishedn a Pen-
tium 11, 450 MHz usingthe Linux (Kernel2.4) operating
system. Two BT878 basedframe grabberswere usedto
capturestereamagesfrom a self-mademediumresolution
stereccamerd.

All measurements/ere done by grabbing, correlating
andpaintingthedisparityimage600times. Theresultsrep-
resenthe averagetime.

5.2 Performanceresults

Thesizeof thesourcemagesandthedisparityrangearethe
main factorsthat influencethe speedof execution. How-
ever, the executiontime of the bordercorrectionfilter de-
pendspartly ontheamountof detectedyradientsn thedis-
parity image. All gradientsneedto be analysedand cor-
rected.Table4 lists the parametersindshaws the effective
frameratethatwasmeasuredncludingsub-pixelinterpola-
tion andpaintingthe disparityimageon the screen.

UsedHardware
OverallspeedC andMMX)
Overall speedoptimisedC)

Pll, 450MHz
4.7 frames/s
1.6frames/s

Sizeof images 320x 240pixel
Sizeof correlationwindow | 7 x 7 pixel
Disparityrange 32 pixel
Sub-pixelinterpolation 1/8 pixel
Laplacianof Gaussian 1.0

Table4: Parameteraindframerateusingall methods.

Shttp://wwwcse.dmu.ac.ukdihm/research.html
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Finally, table5 shavs how much of the executiontime
wasspentn individual partsof theprocesandthelanguage
thatwasusedfor implementation.

| Function | Language| Time[ms] |
Rectification C, MMX 11
Laplacianof Gaussian C, MMX 25
SAD correlation C, MMX 53
Combinationof 5windows | C, MMX 30
Determinedisparity C, MMX 17
Error filtering C, MMX 14
Left/Right consisteng check | C, MMX 20
Sub-pixel interpolation C 6
Border correction C 18
Paintingdisparityimage C,Jaa 11

Table5: Time spendn individual parts.

The suggestedmprovementswhich areshavn in italic,
require of coursesome additional computationtime and
slow down the framerate. If only the standardalgorithm
withoutall suggestedimprovementss used thentheframe
rateincreasesrom 4.7 frames/go 7 frames/spy loosinga
majorreductionin errors,especiallyat objectborders.

Neverthelessthe resultsshaw clearly, thatall proposed
methodsaresuitablefor realtime usage.

6. Conclusion

It hasbeenshawvn 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
methodmprovesobjectborderdsurtherin apost-processing
step. It was shown that all improvementsare suitablefor
real-timeapplications. All methodswere explainedin de-
tail, including their integrationinto a standardcorrelation
algorithm.Optimisationissuesandparallelimplementation
wasdiscussedswell.

Everymethodshows clearimprovementsput alsoweak-
nessesThemainweaknes®f the multiple correlationwin-
dow configurationis its computationakost. However, an
optimisedimplementatiorof the configuratiorusing5 win-
dows is possibleandvery effective. The errorfiltering re-
quiresa threshold,which is difficult to choosein practise
and reducesthe numberof correct matchesaswell. Fi-
nally, the border correctionimproves object borders, al-
thoughpreviousgeneralerrorscanbeslightly increased.

Neverthelessthecombinationof suggestednethodsm-
provesthe quality of real-timecorrelationbasedstereosig-
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nificantly. In the exampleimagesthe errorshave beenre-
ducedto 50%, while the numberof correct matcheshas
beenmaintained.Furtherresearchin this areacould bring
evenbetterresults.

The whole stereoalgorithm hasbeenimplementedand
optimised,including all the proposednethods.A detailed
performancesvaluationshaws that all the proposedmeth-
odsrequireone third of the whole processingime. The
systemgrabsstereoimages,rectifies, filters and correlates
them almost5 times a secondon a Pentiumll with 450
MHz, whichis notthe stateof theart. Somefurtheroptimi-
sationis possibleasonly thecritical loopswereoptimised.

Furthermorethe proposednethodscanbe usedindivid-
ually or in combination.This allows a suitablequality and
speedselectiorfor anapplication.Thecurrentsystems the
basefor furtherresearcton atele-operatedobot. It will be
usedfor processinghe local working environmentof the
roboton ahigher, objectbasedevel.
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A. Algorithms in pseudocode
A.1l. Multiple supporting windows algorithm

Themultiple supportingcorrelationwindow algorithm(sec-
tion 3.1)is anadditionalstepbetweerthe calculationof the
correlationvaluesand the selectionof the disparity value
for every pixel.

The combinationof five correlationvaluesis shovn be-
low in pseudacode. The algorithmproduceghe combined
correlationvaluefor all pixelsof row k at all disparities.It
expectsthatthe correlationvalueshave beencalculatedor
all pixelsfor thethreeimagerowsk —wy, k andk+wy, were
2wy + 1 is the heightof the correlationwindow. cin(i,k,d)
refersto the correlationvaluein the imagecolumni, im-
agerow k anddisparityd. The resultswill be storedin
Cou (i, k, d), which usesthe samesyntax.

The algorithmcanmalke useof thefactthatthe orderof
thelowestm out of n valuesis notimportant. Thisresultsin
m(n—m) comparisondetweervalues.Only 4 comparisons
arerequiredfor thefive supportingwindows configuration.

Furthermorethe SIMD architecturé of modernproces-
sorscan be usedto processdatain parallel. Comparison
andselectioncanmake useof saturatedrithmeticto avoid

4SinglelInstructionMultiple Data
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jumps.Thecodebelor canbeencodedn 20 Pentiumll as-
semblerinstructions(i.e. includingthe transferfrom mem-
ory into registersandthe transferbackto memory but ex-
cluding loop overhead)and processed valuesin parallel.
Thisresultsin only 5 assembleinstructionsfor every pixel
ateverydisparity

for all pixelsiinrowk do
for all disparitiesd do

c=cin(i,k,d);

C1 = Cin(i — Wy, K—wy,d);
C2 = Cin(i + Wy, k— wy,d) ;
C3 = Cin(i — Wy, K+ wy,d) ;
Ca = Cin(i + Wy, K+Wwy,d) ;

¢1 = lowestvalueof cz,¢2,C3,C4 ;
¢2 = secondowestvalueof ¢y, C,C3,C4 ;

Cou =C+C1+C2
end
end

A.2. Border correctionalgorithm

Section3.3 explainedthe theorybehindobjectbordercor-
rectionandgave anoverview of thealgorithm. This section
shavsthealgorithmin pseudacode.

column
i=11i
i A ASLX, i, k)
2wy +1 @0 - - -rowk
S N - ALX, i, K)
w+1l w+l
Image X

Figure18: Definition of theareasA; andA; of acorrelation
window.

Firstly, somedefinitionsarerequired. Figure 18 shavs
acorrelationwindow of the size 2wy + 2, 2wy + 1 (i.e. the
width of thewindow is increasedy 1 asexplainedin sec-
tion 3.3). The areathatis coveredby the left half of the
thewindow atthe positioni, k in theimageX is definedas
A1(X,i,k) andtheright half asAx(X,i,k). L andR referto
the left andright rectifiedimage. D(i, k) is the calculated

disparityati, k. If i is the positionof a positive disparity
stepthend, = D(i — 1, K) is thedisparityof thebackground
andd, = D(i, k) is thedisparityof the object. The correla-
tion windows thatwereshownn in figure 6 in section3.3can
now formally be defined.

Lj =Lj(i,k) = Aj(L,i — do+ dp,k) (5)
L” =L(i,k) = Aj(L,i,k) (6)
:RJ(|7k)=AJ(R|_d07 k) ()
Rj(i,k) = Aj(Rii—dp,k) (8)

Thefollowing pseudaodecontainsonly theshortforms
on at the left side of thesedefinitions(e.g. L1), because
they arealwaysusedat the positioni, k. Thealgorithmthat
correctsall left left objectborderscannow bewritten as:

for k=1 to numberof rows do

i=0;
while i <= numberof columns do
if D(i,k)isinvalid then
uselowestvalid disparity eitherto the
left or right of theinvalid disparityarea
asD(i,k)
end

/I seach positivedisparity step
if D(i—1,k)<D(i,k) then
/I identify disparity of badkgroundand object
dy=D(i—1,k);

do=D(i,K); )
V1= C(Rj_, Lj_)—C(Rz, Lz) X
if vy < 0 then

/1 shiftleft borderto theright until
/I the correctpositionis found

j=i+1;
n=1i+Ww;

while j<=n and v; <0 do
V2 = ¢(Ry,L1)—C(Ry, L) ;
if vw<0 or —vi>Vv, then
D(i,k) = dp;

i=i+1;
end
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Vi =V2;
ji=ij+1;
end
else

/I shiftleft borderto theleft until
/l the correctpositionis found

j=i-1;
n=i—W;

while j>=n and v; >0 do
Vo = C(Rl, Ll)—C(Rz, |_~2) i

if vow>0 or vi>—v, then
D(j,k) = do;
end

Vi=V2;
j=j-1
end
end
end

i=i+1;
end
end

The correctionof all right objectbordersrequiresa sec-
ond passover the whole disparityimage. The algorithmis
the sameapartfrom someminor differencesandis therefor
notexplicitely givenhere.Thefirst differenceis thata neg-
ative disparity stepis searchedi.e. D(i —1,k) > D(i,k))
insteadof a positive step. Next, the disparity of the ob-
ject dp is D(i — 1,k) and the disparity of the background
dp is D(i,k). Finally, the calculationof the differencebe-
tweenboth halvesof the correlationwindow is doneby us-
ing c(Ry, 1) — ¢(Ry, L2) insteadof ¢(Ry,L1) — ¢(Ry, ).

Correctionof the left andright objectbordercould be
donewithin onepassovertheimage.However, specialcare
is requiredto adjustthe loop counteri andthe valuesthat
depenconit (i.e. Ry, L3, etc.),becauséhei is increasedn
someinnerloopstoo.
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