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Abstract

This paperdescribesa real-timestereo vision systemthat
is required to supporthigh-level object basedtasksin a
tele-operated environment. Stereo vision is computation-
ally expensive, dueto havingto find correspondingpixels.
Correlation is a fast,standard way to solvethecorrespon-
denceproblem.Thispaperanalysesthebehaviourof corre-
lation basedstereoto find waysto improveits qualitywhile
maintainingits real-timesuitability. Threemethodsaresug-
gested.Two of themaim to improvethedisparity imagees-
peciallyat depthdiscontinuities,whileonetargetstheiden-
tificationof possibleerrors in general. Resultsaregivenon
real stereo imageswith ground truth. A comparisonwith
fivestandard correlationmethodsis provided.All proposed
algorithmsare describedin detail andperformanceissues
and optimisationare discussed.Finally, performancere-
sultsof individual partsof thestereoalgorithmare shown,
including rectification, filtering and correlation using all
proposedmethods.Theimplementedsystemshowsthat er-
rorsof simplestereocorrelation,especiallyin objectborder
regions,canbereducedin real-timeusingnon-specialised
computerhardware.

1. Intr oduction
1.1. Real time stereovision
Stereovision systemsdeterminedepth(i.e. distanceto real
world objects)from two or more imageswhich are taken
at the sametime from slightly different viewpoints. The
mostimportantandtimeconsumingtaskfor a stereovision
systemis theregistrationof bothimages,i.e. theidentifica-
tion of correspondingpixels. Two pixelsarecorresponding
whenthey representthesamepoint in therealworld. Area-
basedstereoattemptsto determinethe correspondencefor
every pixel, which resultsin a densedepthmap. Corre-
lation is the basicmethodusedto find correspondingpix-
els. Several real time systemshave beendevelopedusing
correlation-basedstereo[1] [2] [3]. However, correlation
assumesthatthedepthis equalfor all pixelsof acorrelation
window. This assumptionis violatedat depthdiscontinu-
ities. Theresultis thatobjectbordersareblurredandsmall

detailsor objectsareremoved,dependingon thesizeof the
correlationwindow. Small correlationwindows reducethe
problem,but increasesthe influenceof noise,which leads
to a decreaseof correctmatches[4].

1.2. Objectivesand constraints
This researchis concernedwith thedevelopmentof a real-
time stereovision systemfor a tele-operatedmobile robot.
The systemmust be suitable for the detection,recogni-
tion andtrackingof objectsandtheir relative positions,to
supporthigh-level objectbasedtasksin the local environ-
ment of a tele-operatedmobile robot. Furthermore,non-
specialisedcamerasandcomputerhardwareshouldbeem-
ployed, becausethe robot will be usedin harshenviron-
mentsandmight bedamagedor evendestroyed.

Consideringtheserequirements,it hasbeenaimedfor
a systemthat is fast (i.e. 5-10 frames/s)but alsoaccurate
enoughto discriminateobjectsin the local working envi-
ronment(i.e. up to severalmeters)sothatthey canreliably
bedetectedandrecognised.

Correlation-basedstereovision fulfils all given require-
ments. However, it hasin generalproblemsat depthdis-
continuities. It is assumedthat the locationof objectbor-
ders (i.e. depth discontinuities)is important to retrieve
properobjectshapesfor segmentationandrecognitionpur-
poses.Thispaperis concernedwith theaspectof improving
correlation-basedstereo,by reducingerrorsespeciallynear
objectbordersandmaintainingits real-timesuitability.

As a generalrule, it is assumedthat it is betterto inval-
idateuncertainmatchesin orderto reduceerrorsaslong as
correctmatchesarenot rejectedradically.

1.3. Existing methods
Theoutcomeof correlationis influencedby severalparam-
eters. Firstly, the correlationmeasuredetermineshow the
similarity betweentwo areasis determined.Most common
is the useof CrossCorrelationor the Sumof Absoluteor
SquaredDifferences. Zabih and Woodfill introducedthe
non-parametricRankandCensusmeasures[5]. Thesemea-
suresrely on the numericalorderingof intensitiesandnot
on their values.Thismakesthemlessaffectedby noiseand
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outliers. Resultsshow slight improvementsover standard
correlationmethods.Section4 usesthesefivemethodsasa
basefor comparison.

Another correlation parameteris the shapeof areas,
which are correlated. Usually, rectangularwindows are
usedfor the sake of computationalperformance.The size
of the correlationwindow determinesthe amountof pix-
els usedfor correlation. The effect of noiseis reducedby
increasingthenumberof pixelsandthusthesizeof thecor-
relationwindow. However, biggercorrelationwindows are
more likely to cover areaswheredepthvaries. A change
in depthresultsin a changeof disparityso that only parts
of thewindows correspondto eachother. This leadsto er-
rorsatobjectboundaries.KanadeandOkutomiaddressthis
problemby changingthesizeandshapeof rectangularcor-
relationwindows, accordingto local disparitycharacteris-
tics [4]. This adaptive correlationwindow approachshows
a decreasein errorsat objectboundaries.However, theal-
gorithm is too slow for real time usageon non-specialised
hardwareaccordingto results,reportedbyBoykov etal. [6].

There are computationallyefficient multiple window
methods,which canbeseenassimplificationsof theadap-
tive window approach.A commonconfigurationis theuse
of 9 rectangularcorrelationwindows that have the same
size,but differentpositionsfor thepoint of interest(i.e. in
every corner, in the middle of every side and in the mid-
dle, asusual).Fusielloet al. andLittle reportfor example
aboutthisconfiguration[7] [8]. Correlationis donewith all
9 windows for every pixel andevery disparity, but only the
resultof thebestwindow is used.Thismethodoffersanim-
provedbehaviour atdepthdiscontinuitiescomparedto stan-
dardcorrelationandis suitablefor real time (comparisons
areshown in section4).

Boykov et al. presenteda variablewindow approach,
which givesgoodresultsat depthdiscontinuities[6]. The
methodchoosesanarbitrarilyshapedwindow thatvariesfor
every pixel. The algorithmseemsto be suitablefor a real
time implementation. However, the methodsuffers from
a systematicerror asidentifiedby its authors. It increases
the sizeof objectsin somecasesby including nearbylow
textureareas.

Energy optimisationmethodslike theMaximumLikeli-
hoodstereoalgorithm(MLMHV) from Cox et al. [9] per-
form generallymuchbetter[10]. However, themethodsuf-
fersconsiderablyfrom horizontalstreaking,resultingfrom
a one dimensionaloptimisation individually along each
scan-lineratherthana muchmoretime consumingtwo di-
mensionaloptimisation. Dynamicprogramminghasbeen
usedto improve the speed. Nevertheless,the algorithm
seemsto betooslow for a realtime implementation.

The cooperative stereo algorithm from Zitnick and
Kanadedemonstratesthat the amountof errorscanbe re-
duceddramatically, if execution time is not crucial [11]

[12]. Themethodresultsin up to 98% correctmatcheson
the stereoimagesfrom the University of Tsukuba. How-
ever, theiterativemethodis far tooslow for any currentreal
timeapplication.

Thisoverview canonly coverafew methodsoutof avast
amountpublishedin thestereovision literature.Neverthe-
less,severalimportantmethodswereshown, whichaddress
the weakbehaviour of stereocorrelationat objectborders
by usingdifferentapproaches.

1.4. A newproposal
Simplecorrelationexhibits a systematicerror, i.e. blurring
of objectborders.However, theassumedlocationof acom-
puteddepthdiscontinuityis still near(i.e. within the size
of thecorrelationwindow) to the locationof therealdepth
discontinuity, aslongastheobjectis biggerthanthesizeof
thecorrelationwindow. Objects,whicharein theirwidth or
heightsmallerthanthecorrelationwindow, might just van-
ish. Furthermore,correlationhasprovento be fastenough
for a real time implementationandhasa regular structure
with fixedexecutiontime,whichis independentof thescene
contents.

This paperproposesthreenovel improvementsto tackle
specificproblemsof correlation.

1. A multiple window approachthat decreaseserrorsat
objectborders.

2. A correlationfunction error filter that invalidatesun-
certainmatchesandreducesgeneralerrors.

3. A bordercorrectionmethodthat improvesobjectbor-
dersin a post-processingstepfurther.

All theseimprovementsarestill suitablefor realtimeap-
plicationsand can reduceerrorsby 50% on the usedtest
images.

Section2 analysestheproblemsof correlation.Sections
3.1,3.2 and3.3 show attemptsto tackletypical correlation
problems. Section3.4 givesan overview of the whole al-
gorithm. All methodswereanalysedfor their quality and
comparedto standardcorrelationmethods,usingrealstereo
imageswith groundtruth (section4). Finally, section5 dis-
cussesanoptimisedimplementationof thewholealgorithm
andgivesdetailedresultson its performance.

2. Problemsof stereocorrelation
2.1. Generalbehaviour
Correlationworksby usingausuallyfixed,rectangularwin-
dow aroundthepixel of interestin thefirst image.Thewin-
dow is correlatedwith a secondwindow, which is moved
over all possiblepositionsin the secondimage. The pos-
siblepositionsaredefinedby theminimal alloweddistance
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betweenthe cameraandan object,which givesthe maxi-
mumdisparity. Thepositionwherecorrelationhasthehigh-
estvaluedeterminesthepixel in thesecondimagethatcor-
respondsto the pixel of interest. Bigger correlationwin-
dows increasethe reliability by averagingover a bigger
area,thusreducingtheeffectof noise.

However, if thecorrelationwindow overlapsadepthdis-
continuity, thena part of the window will affect the result
arbitrarily. Figure1 showsa situationwheretheleft partof
thewindow containsthe background,which is differentin
bothwindows. Consequently, thispartof thewindow intro-
ducesanerror in thecalculation.Furthermore,it shouldbe
notedthat theleft partof thecorrelationwindow in theleft
imageis at leastpartlyoccludedin theright image.Thesize
of theoccludedpartdependsonthedisparitydifferenceand
thesizeof thecorrelationwindow.

Left image

window
Correlation

Corresponding pixelPixel of interest

Right image

Figure1: Correlationatobjectborder.

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

2.2. Behaviour at depth discontinuities
Whetherthe introducederror at a depthdiscontinuitycan
be neglectedor not dependson the similarity betweenthe
objectandtheoccludedandvisible partof thebackground,
whichis coveredby thecorrelationwindow. Figure2 shows
a situationwherethepixel of interestis just outsidetheob-
ject.

The correct correspondingposition for the correlation
window RwouldbeL. It is necessaryto split thecorrelation
window into two halvesto understandwhy sometimesthe
correlationof R with L̃ givesa higherresponsethanR with
L. This resultseffectively in anextensionof theobjectat its
left border. Let c

�
a � b� be the correlationvalueof the area

a andb, wherea low valuecorrespondsto ahighsimilarity.

Thevaluesc
�
R1 � L1 � andc

�
R2 � L̃2 � shouldbevery low, be-

causethecorrespondingregionsarecorrectlymatched.The
choicebetweenthepositionL andL̃ dependsontheamount
of similarity of R2 andL2 andthe similarity of R1 and L̃1.
The areasL2 and L̃1 are occludedin the right image. If
c
�
R2 � L2 � is higherthanc

�
R1 � L̃1 � , thenthe wrong position

L̃ will bechosen.TheareaR1 is biggerin this exampleand
hasa highereffect in the correlationprocess.However, a
smallamountof largeerrorscanhavea highereffect thana
largeamountof small errors,dependingon the correlation
measure.Imagenoisewill affect thechoice,but it depends
mostlyon thesimilarity betweentheoccludedbackground,
visiblebackgroundandobject.

L
~ 

L
~ 

1 L
~ 

2L2L1 R1 R2

Left image Right image

L R

Figure2: Typical decisionconflict at objectborder.

Usually, the backgroundcontinuessimilarly and L1

would be similar to L̃1, and L2 dissimilar to L̃2. This
leadsto thepresumptionthatobjectsusuallyappearbigger.
However, shadows or changingtexturenearobjectborders
caninversethe situation,so that the objectwould become
smaller. Thesamescenariocanbedrawn for right borders
andleadsto fuzzy, blurredobjectborders.

Thesituationis slightly differentfor top or bottombor-
dersof objects,becausethere is no occludedareain the
standardcaseof rectifiedimages.In thiscase,epipolarlines
correspondto imagerows and the objectandbackground
areshift horizontallyagainsteachother. Whethera match
is correctdependson similaritiesbetweenthe horizontally
shiftedbackgroundareasandhorizontallyshiftedobjectar-
easaswell asthe influenceof noise.Theblurring effect is
expectedto be lesssevere,becausethe similarity between
the backgroundareasis usually high as well as the simi-
larity of object areas. Furthermore,there is no occluded
areaasfoundat left or right objectborders.Consequently,
thereis no inherentasymmetryaswith verticalobjectbor-
ders.Thus,thematchingprocessis only influencedby im-
agenoise.

A singledepthdiscontinuitythatcrossesthecorrelation
window is only a specialcase. Generallythe depthcould
changefor every pixel in the window. However, it is as-
sumedthatthedepthvariesusuallysmoothlyatmostplaces
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Figure3: Theleft imageandthegroundtruth from theUniversityof Tsukuba.

within real images,exceptat objectborders[13]. Thus,the
caseabove is an importantspecialcase. Slantedsurfaces
werenot especiallyconsideredhere. However, the theory
couldbeadaptedto incorporateseveralsmalldepthdiscon-
tinuitieswithin acorrelationwindow aswell.

2.3. Experimental confirmation
Thepredictedbehaviour of correlationatobjectborderscan
beverifiedusingthestereoimagesetwith groundtruthfrom
theUniversityof Tsukuba(seefigure3). Thedisparityim-
agehasbeencalculatedby filtering bothsourceimageswith
theLaplacianof Gaussian(LoG) with a standarddeviation
of 1 � 0. TheSumof AbsoluteDifferences(SAD) with awin-
dow sizeof 9 x 9 pixelshasbeenusedfor correlation.The
left/right consistency check[14] identified inconsistencies
and invalidatedthe correspondingdisparity values. Only
valid valueshave beencomparedto the groundtruth and
only valueswhosedisparitydifferedby morethanonehave
beenconsideredaserrors[10]. Eacherrorthatappearsnear
adepthdiscontinuityin thegroundtruth(i.e. within thesize
of acorrelationwindow) is consideredasabordererror. Ta-
ble1 showsa summaryof results.

Correctvalues 82.97%
Invalid values 11.03%
Errorsat borders 4.53%
Othererrors 1.47%

Table1: Resultsof SAD correlationonTsukubaimages.

Border errors are further categorisedaccordingto the
kind of border(i.e. left, right, topor bottom)andif theerror
identifiedthebackgroundwrongly asobject(i.e. increased
the size of the object) or identified the objectwrongly as
background.Table2 shows the categorisedbordererrors.

Thethird columndescribesthemaximumpercentageof er-
ror thatwould bepossiblein onecategory on the Tsukuba
images(i.e. in theworstpossiblecasein which all dispar-
ities arewrong). This providesthebaseto comparediffer-
entcategorieswith eachotherasit measurestheamountof
bordersof a certainkind in the images. The last column
givesthe fractionof the error (i.e. the sumof the first two
columns)andthemaximalpossibleerror in theconsidered
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: Errorsat borders,usingSAD on Tsukubaimages.

The fraction shows that the amountof errorsat the left
andright objectbordersis indeedhigherthantheamountof
errorsat top andbottomborders.Furthermore,mosterrors
identify the backgroundnearobjectswrongly asobjectso
thatobjectsappearhorizontallyextended.Thisconfirmsthe
predictionof thetheoreticalanalysis.However, this testhas
only beenperformedon onestereoimagepair. More data
wouldbeneededto establishstatisticallyvalid results.

The third biggestcategory areerrorswhich identify the
right part of an object wrongly as background. Certain
placesin the Tsukubaimagescanbe identified,which are
proneto this kind of error, like the right side of the up-
per tin. The backgroundat the right sideof the uppertin
is a white posterin the left image,while the right image
shows a gapbetweenthe tin andtheposter, which is filled
by darker background.Theoccludedbackgroundintensity
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level ismoresimilarto thetin thanto thevisiblebackground
(i.e. thewhite poster).Accordingto thetheory, this should
leadto an objectborder, which is moved insidethe object
(i.e. to the left). Figure10 in section4 confirmsthat the
right sideof thetin appearsto bewronglyshiftedto theleft.

3. Proposalsof impr ovements
3.1. Multiple supporting windows
Correlationwindows thatoverlapa depthdiscontinuityin-
troducean error into the correlationcalculation. The er-
ror canbereducedby only taking thosepartsof a correla-
tion window into considerationthatdonot introduceerrors.
However, this hasto be donesystematicallyandcompara-
bly, asdescribedbelow.

Figure4b showsa configurationwith onesmallwindow
in the middle (C0), surroundedby four partly overlapping
windows (C1i). The correlationvalueC canbe computed
by addingthevaluesof thetwo bestsurroundingcorrelation
windowsC1i1 andC1i2 to themiddleone.Thisapproachcan
alsobeseenasusingasmallwindow C0 andsupportingthe
correlationdecisionby four nearbywindows.

C � C0 � C1i1 � C1i2 (1)

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

C � C0 � C1i1 � C1i2 � C1i3 � C1i4 (2)

Theapproachcanbeextendedby addinganotherring of
surroundingwindows asshown in figure 4d. The correla-
tion value for the 25 supportingwindows configurationis
calculatedby usingthe four bestvaluesof the middle sur-
roundingring andtheeightbestvaluesof theouterring.

C � C0 � C1i1 �����	�	� C1i4 � C2k1 �����	�	� C2k8 (3)

It canbeseenthatit is possiblefor thesecorrelationwin-
dowsto adaptto thelocalenvironmentby assemblingabig
correlationwindow out of smallerones. The blurring ef-
fect shouldbe reducedas only the small middle window
C0 is alwaysusedandmayoverlapthedepthdiscontinuity.
All otherpartscanadaptto avoid anoverlapwith thedepth
discontinuity. Nevertheless,agoodcorrelationbehaviour is
still maintainedbecauseof thebig areathatis coveredusing
thebestneighbouringwindows.

Themeasurefor calculatingthecorrelationvalueof the
individual windows can be selectedasneeded.The Sum
of Absolute Differences(SAD) is very fast to calculate
asit doesnot requiremultiplicationscomparedto Sumof

SquaredDifferences(SSD)or NormalisedCrossCorrela-
tion. Furthermore,it givesgoodresultsandwastherefore
chosenfor otherrealtime stereosystems[1] [2].

0C 1iC

0C 1iC 0C 1iC

2jC

c. d.

a. b.

Figure4: Configurationswith multiple windows.

Thecalculationof C seemsto becomputationallycostly
asit needsto bedonefor all imagepixelsatall possibledis-
parities. However, an implementationcanmake useof the
sameoptimisationsproposedfor standardcorrelation[15]
to computetheindividual windows,which areall thesame
size. The correlationstepaloneinvolves to calculatefor
every pixel at every disparity2 absolutedifferencesfor the
SAD measureandadditionally4 additionsandsubtractions
to calculatethefinal correlationvalue.Operationsfor load-
ing datafrom memoryandstoringresultsbackarenot con-
sidered,aswell astheoverheadof theloop.

The multiple window approachrequiresadditionally to
selectthebestsurroundingcorrelationwindowsandto cal-
culatea sum. The selectionof the bestwindows is costly,
asit requiresa sortingalgorithm. However, an implemen-
tationcantake advantageof thefactthat thebestvaluesdo
not needto be sortedthemselves. Selectingthe two best
valuesout of four asrequiredby the configurationwith 5
windowscanbeimplementedwith 4 comparisonsand2 ad-
ditions. Theconfigurationusing9 windows would require
16 comparisonsand4 additionsandwith 25 windows, 80
comparisonsand12 additions(i.e. seeappendixA.1).

Theconfigurationusing5 windowsseemsto requirethe
sameamountof time asthecorrelationphase,accordingto
this theoreticalconsideration.Theconfigurationusing9 or
25 windows would requireseveral times moreprocessing
time. Consequently, the configurationusing5 windows is
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suitablefor a realtime implementation.
Appendix A.1 shows the algorithm in detail and ex-

plainsparallelimplementationsonmodernprocessorarchi-
tectures.

3.2. Filtering of generalerrors
Thedeterminationof a disparityvalueinvolvescorrelating
the window in the first imagewith windows at all dispari-
tiesd in thesecondimage.Theresultingcorrelationvalues
C form a correlationfunction as shown in figure 5. The
disparityat which the correlationfunction is lowestcorre-
spondswith the placeof highestsimilarity1. The left/right
consistency check[14] usesthe placeof highestsimilarity
in thesecondimageandthenmovesthecorrelationwindow
of the first imageover all possibledisparities,which gives
anothercorrelationfunction. Thedisparityis consideredto
bevalid if theminimumof thesecondcorrelationfunction
correspondsto the samedisparity as the minimum of the
first correlationfunction.

2

1

C

C

value C
Correlation

Disparity d

Figure5: A typical correlationfunction. TheminimaC1 is
theplaceof highestsimilarity.

Theleft/right consistency checkis a veryeffectivemean
to identify placeswhere correlation is contradictoryand
thusuncertain. This is usually the caseat occlusions[7].
An analysisof the correlationfunction canfurther help to
identifyuncertainties.A nearlyflat correlationfunctioncor-
respondsto areaswith low texture. A functionwith several
minimaindicatesseveralgoodplaceswhich canbecaused
by repetitive texture. In thesecasesimagenoisecaneasily
leadto wrongdecisions.LetC1 betheminimumcorrelation
valueandC2 thesecondlowestcorrelationvalue.C2 should
not bea direct neighbourof C1, becausethebestplacefor
correlationusually lies betweenpixels. If C1 andC2 are
directneighbours,thenthey would representneighbouring
pixel positionsof the sameminimum andnot the position

1TheSAD correlationhaslow valuesif thesimilarity is high.

of thelowestandsecondlowestminimum.Therelativedif-
ferenceCd canbecalculatedas:

Cd � C2 
 C1

C1
(4)

A low Cd indicatespossibleproblems.It is assumedthat
many errorswill becaughtby invalidatingall valueswhose
Cd is below a certainthresholdfor thecorrelationfunction.
However, thethresholdneedsto besetempirically, depend-
ing on theconstraintsof theapplication.

Moravec’s ‘InterestOperator’offersa way of invalidat-
ing low texture areasbeforecorrelationis performed[16].
However, themethoddescribedabove considersthe image
directly throughthe correlationfunction, which shouldbe
moreaccurate.Secondly, problemswith repetitive like tex-
turearetreatedat thesametime.

An implementationof theerrorfilter needsto selectthe
secondbestcorrelationvalue,to calculatethe relative dif-
ferencebetweenthe bestandsecondbestvalueandto use
thethresholdto rejectuncertainvalues.Theselectionof the
secondbestcorrelationvalueis asexpensive asthe search
of thebestcorrelationvaluethathasalwaysto bedone.The
operationcanbe well implementedin parallelon modern
processorarchitectures.

3.3. Border correction filter
The behaviour of stereocorrelationat object bordersde-
pendson local similarities. In section2.2 wasshown that
mosterrorsappearat left andright objectbordersandex-
tend the sizeof objects. This is a systematicerror that is
typical for correlation.A correctionof this errorwould im-
provetheshapesof objectssignificantly.

After the disparity imageis calculated,vertical dispar-
ity gradientscanbe discoveredby comparinghorizontally
neighbouringdisparityvalues.A positivedisparitysteprep-
resentsacalculatedleft objectborder, while a negativestep
representsacalculatedright objectborder. Therealposition
of theobjectborderis usuallywithin thedistanceof half the
sizeof acorrelationwindow, accordingto thetheoryin sec-
tion 2.2. However, usuallytherearesomefilters used,like
theleft/right consistency check,whichinvalidatesmany oc-
cludeddisparity valuesnearleft objectborders[14]. For
thepurposeof identifyingdisparitysteps,thelowestneigh-
bouringvalueof an invalidatedareais propagatedthrough
theinvalid area[7].

Figure 6 shows a situationof a positive disparity step.
Thedottedline marksthepositionof thecalculatedleft ob-
ject border. The calculatedobjectborderis assumedto go
alwaysverticalthroughthecorrelationwindow, for simplic-
ity of calculation.Thepixel of interestin themiddleof the
correlationwindow correspondsto the higherdisparityof
theobject,while all pixelsto its left have the lower dispar-
ity of the background.If the calculatedborderis correct,
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thenonly the correlationc
�
R2 � L̃2 � is correctfor a correla-

tion of R with L̃. The correctpartnerfor R1 would be L1,
which is shifted to the left by a distancethat corresponds
to thedisparitydifferencebetweentheobjectandtheback-
ground. All pixels betweenthe right borderof L1 andthe
left borderof L̃2 would beoccluded.

L
~ 

R2R1L
~ 

2L
~ 

1L2L1

B 2B1 B1 B 2

pixel
calculated border RL

alternative border positions
possible real

Left image Right image

Figure6: SituationwhereL̃ hasbeenchosen.This is cor-
rect,if therealborderis at B1, but wrongif it is at B2.

However, the real objectborderis usuallya few pixels
furtherleft or right andin generalnotvertical.Thedirection
in which therealobjectborderis, canbeidentifiedby com-
paringc

�
R1 � L1 � andc

�
R2 � L̃2 � . Correlationwindows com-

monly have anoddsizeso that they aresymmetricaround
its point of interest. To compareboth valuesproperly, the
sizeof bothhalvesof thecorrelationwindow is madeequal
by increasingthewidth of theleft half window by onepixel.
If therealbordercorrespondsto positionB1, thenthevalue
c
�
R2 � L̃2 � shouldbe low becauseit is completelycorrect,

while c
�
R1 � L1 � shouldbe high becauseonly a part of R1

doesreally correspondto L1. Thesituationis vice versaif
therealpositionof thebordercorrespondswith B2. Finally,
if thepositionof therealbordergoesthroughthemiddleof
thecorrelationwindow, bothcorrelationvaluesareequally
low apartfrom imagenoise.

Consequently, thevaluesc
�
R1 � L1 � andc

�
R2 � L̃2 � arecal-

culated,while moving thewindowsin bothimagessimulta-
neouslyto the left andright. Thepositionwherec

�
R1 � L1 �

hasthe sameamountas c
�
R2 � L̃2 � is searched.However,

this position is in generalbetweenpixel coordinates.As
an approximation,the pixel positionwherethe difference
betweenc

�
R1 � L1 � andc

�
R2 � L̃2 � is lowestis usedasthepo-

sitionof thecorrectobjectborder. Thedisparityvaluesneed
to becorrectedaccordingly.

In practisethesituationcanbemuchmorecomplex. 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, thecaseaboveis assumedto occuroftenandthusjus-
tifies thisspecialtreatment.

Thecomputationalexpenseis quitelow comparedto the

correlationstage,becauseonly placeswhereobjectborders
areassumedneedto beinspected.Typically, processingthe
Tsukubastereoimagepair resultsin lessthan 5% of the
pixels, which areassumedto be objectborders. Someof
theseare actualborderpixels and the rest are errors. In
contrast,correlationis performedat every pixel andfor all
possibledisparities.

The structureof the bordercorrectionalgorithmis out-
lined in appendixA.2 in pseudocode. The calculateddis-
parity imageaswell asbothrectifiedsourceimagesandthe
size of the usedcorrelationwindow serve as input to the
algorithm.

3.4. Summary of the wholealgorithm
The improvements,which have beensuggestedin the last
sectionscanbe includedinto the framework of a standard
correlationalgorithmasshown in figure7. Thesourceim-
agesarefirst rectifiedandaligned,sothattheepipolarlines
correspondto imagerowsandtheimagerowswith thesame
numbercorrespondto eachother. Next, the Laplacianof
Gaussianis usedasapre-filter.

Rectification

LoG Filter LoG Filter

Rectification

Correlation using SAD

Selecting disparity

Left/right consistency check

Sub−pixel interpolation

Left image Right image

Disparity image

Combination using 5, 9 or 25
neighboring correlation values

Error filter using correlation function

Border correction filter

Figure7: Overview of astandardcorrelationalgorithmwith
new methodsshown in grey (seetext for description).

Correlation can be done by using optimisation tech-
niquesassuggestedby Faugerasetal. [15]. Thecorrelation
valuesarecalculatedrow by row for all disparitiesatall pix-
elsandstoredtemporarilyfor thecombinationstep. In the
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Figure8: Theleft imageandthegroundtruth of a slantedobjectfrom SzeliskiandZabih.

combinationstep,the correlationvaluesof the neighbour-
ing 5, 9 or 25 windows areusedto calculatethecombined
correlationvalueasproposedin section3.1.Theresultsare
storedin two dimensionalarraysfor every imagerow. Each
arraycontainsthecombinedcorrelationvaluefor all pixels
andall disparities.

Thedisparityof apixel is selectedby searchingthelow-
estcorrelationvaluefor onepixel. Theerrorfilter thatwas
proposedin section3.2additionallysearchesfor thesecond
lowestvalueandcalculatestherelativedifferenceasamea-
sureof uncertainty. Disparity valueswhosedifferenceare
below a thresholdarerejectedasuncertain.

The left/right consistency checkthatwasintroducedby
Fua matchespixels from the right imageback to the left
imageandidentifiesmany errors,which arecausedby oc-
cludedpixelsnearleft objectborders[14]. Sub-pixel inter-
polationis doneto increasethe depthresolution,by using
the threecorrelationvaluesaroundthe positionof the cal-
culateddisparityandfitting aquadraticcurvethroughthem.
Theminimumof thecurvecorrespondsto thesub-pixel dis-
parity.

Finally, the bordercorrectionmethodmodifiesthe dis-
parity imageby horizontallyshifting assumedobjectbor-
ders.This wasproposedin section3.3.

The overview above shows all functions as separate
steps. However, for memoryefficiency, it is useful to in-
terleavethestepsfrom correlationuntil sub-pixel interpola-
tion, sothatoneimagerow is processedby all stepsbefore
thenext imagerow is considered.

4. Qualitati veassessment
4.1. Experimental setupand analysis
A stereoimagepair from theUniversityof Tsukuba(figure
3 in section2.3)andanimageof a slantedobject(figure8)

from SzeliskiandZabih[10] havebeenusedfor evaluation.
Both areprovidedon Szeliski’s web-page2. The imageof
theslantedobjectis verysimple.However, it is expectedto
compensatefor the lack of slantedobjectsin the Tsukuba
images.

All givendisparityimagesareenhancedfor visualanal-
ysis by usingthe full intensityrangefor showing the used
disparitiesrange(i.e. 32 disparities). Light grey is used
for highdisparities(i.e. closeobjects),whereasdarkergrey
correspondsto smallerdisparities.Black is usedin thedis-
parity imagesfor valuesthat arerejectedby the algorithm
asbeinginvalid.

All disparitiesthat aremarked as invalid have beenig-
noredfor comparisonwith thegroundtruth. Disparitiesthat
differbyonly onefromthegroundtruthareconsideredto be
still correct[10]. Theamountof errorsat objectbordersis
calculatedasexplainedin section2.3andshown separately.

The differenceimages,which areprovided next to the
disparityimagesshow thedifferenceof calculateddisparity
andgroundtruth. Correctmatchesappearin white aswell
asinvalid matches,which areignoredfor comparison.All
errors(i.e. disparity valuesthat differ by more than one
from thegroundtruth)areshown in black.

Therangeof possibledisparitieshasbeensetto 32 in all
cases.For every method,all combinationsof meaningful
parameterswerecomputedto find thebestpossiblecombi-
nationfor theTsukubaimages.Thehorizontalandvertical
window sizewasusuallyvariedbetween1and19. Thestan-
darddeviation of the LOG filter wasvariedin stepsof 0.4
between0.6 and2.6. All togetheralmost20000combina-
tionswerecomputedfor theTsukubaimageset,which took
severaldaysusingmainlynon-optimisedcode.

2http://www.research.microsoft.com/˜szeliski/stereo/
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Method Window Rank/
Census

LOG
σ

Correct
[%]

All
Errors
[%]

Border
Err. [%]

Invalid
[%]

NormalisedCrossCorrelation(NCC) 9 x 19 - 0.0 82.37 8.15 7.05 9.49
Sumof AbsoluteDifferences(SAD) 9 x 9 - 1.0 82.97 6.00 4.39 11.03
Sumof SquaredDifferences(SSD) 9 x 9 - 1.0 81.42 6.55 4.88 12.03
Non-parametricRank 11 x 11 9 x 7 - 85.68 4.58 3.96 9.74
Non-parametricCensus 9 x 11 9 x 7 - 84.86 4.65 3.87 10.49
SAD with mult. windows(MW-SAD) 11x 9 - 0.0 80.88 4.91 2.92 14.21

SAD with 5 windowsconfig. (SAD5) 7 x 9 - 0.0 85.12 4.56 3.36 10.32
SAD with 9 windowsconfiguration 5 x 5 - 0.0 83.65 4.39 2.89 11.96
SAD with 25 windowsconfiguration 3 x 5 - 1.0 83.36 4.89 3.36 14.67
SAD with 10%errorfiltering 9 x 9 - 1.0 78.96 4.14 3.61 16.89
SAD with bordercorrection 9 x 9 - 1.0 85.63 6.10 4.04 8.26

SAD5 with 10%errorfiltering 7 x 9 - 0.0 80.70 3.02 2.59 16.28
SAD5with 10%errorfilt. andbordercorr. 7 x 9 - 0.0 82.24 3.26 2.45 14.50

Table3: Resultsof standardmethods(first part), proposedmethods(secondpart) andcombinationsof proposedmethods
(third part)on Tsukubaimages.

Figure9: Errorsof all methodson the imagesfrom Universityof Tsukuba(left) andtheslantedobject(right). Theslanted
objectshowsonly errorsat objectbordersdueto its evenlystrongtexture.BC is bordercorrectionandEF is errorfiltering.

4.2. Resultsof standard correlation methods

The resultsof the bestparametercombination(i.e. which
givesthelowesterror) for somestandardcorrelationmeth-
odscanbefoundin thefirst partof table3. TheMW-SAD
approachperformscorrelationateverydisparitywith 9 win-
dowswith asymmetricallyshiftedpointsof interestanduses
the bestresultingvalue. Algorithms, which are basedon
this configurationhave beenproposedin the literaturefor
improving objectborders[7] [8]. Resultsarediscussedin
section4.3.

Thebestparametercombinationsof theTsukubaimages
havebeenusedontheslantedobjectimagesaswell. Almost
all errorsoccurnearobjectbordersonthissimpleimageset.
This is probablydue to the evenly strongtexture and the
lack of any reflections,etc. It is interestingthat theslanted

natureof the object,which appearsasseveral small depth
changes,is generallywell handled.However, theweakslant
is not really achallengefor correlation.

Figure9 shows theerrorsof all methodson theTsukuba
(left) andslantedobjectimages(right) asa graph.It canbe
seenthat theamountof errorsis differentfor eachmethod
for both imagesets.However, the graphsshow almostthe
sametendency by comparingthe methodswith eachother
(i.e. NCCis worsethanSSDandSAD is slightly betterthan
SSDfor bothimagesets).

The SAD correlation(figure 10) waschosenasthe ba-
sis for an evaluationof the proposedimprovements. It is
thefastestin computationandshowsadvantagesoverNCC
andSSD.The non-parametricRankandCensustransform
(figure11 and12)givebetterresultsbecausethey aremore
tolerantagainstoutliers[6]. However, Censusis expensive

9

Draft for theInternationalJournalof ComputerVision.



Figure10: Resultfrom SAD correlation.

Figure11: Resultfrom Rankcorrelation.

Figure12: Resultfrom Censuscorrelation.
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Figure13: Resultfrom MW-SAD correlation.

Figure14: Resultfrom the5 window configuration.

to computedueto thecalculationof theHammingdistance
andRankis ratherseenasafilter, likeLOG, thattransforms
thesourceimagesbeforea SAD correlationis performed.

4.3. Resultsof proposedmethods
All suggestedimprovementshave been evaluatedusing
SAD correlation. The resultsof the bestparametercom-
binationsareshown in the secondpart of table3. The er-
ror filter andthe bordercorrectionwasonly appliedto the
bestparametercombinationof SAD. The sameparameter
combinationson theslantedobjectimagesshow againvery
similar results.This caneasilybeseenin figure9.

The multiple correlationwindow configurationshowed
improvementsin the numberof correctmatchesaswell as
errorscomparedto SAD. Theperformanceseemsto bees-
pecially good at object borders. Figure 14 shows the re-
sultsfrom the5 windowsconfiguration.Theringsof errors
aroundobjectslook smallercomparedto figure 10. This

meansthat therearelesserrorsin borderareas.Addition-
ally, the rings of errorsappearmore even, which means
that althoughthe objectappearswrongly bigger, its shape
is muchlessfuzzy. This canalsobeseenby comparingthe
disparityimages(i.e. left images)in figure14with 10.

RankandCensus(figure11 and12)producesimilar im-
proved numericalresults. However, a visual comparison
againunveilsaslightly morefuzzyobjectborder, compared
to the 5 windows configurationin figure 14. This canbe
bestseenby comparingtheshapeof thelampor thepile of
tins.

A comparisonwith theMW-SAD shows thatMW-SAD
performsbetterin thesyntheticcaseof horizontalor vertical
objectborders,but performsworseatgeneralbordershapes
(i.e. introducessteps).This canbeseenin figure13. Addi-
tionally, MW-SAD is lessstablein general,whichincreases
generalerrorsaswell asinvalid matches.It is assumedthat
themiddlewindow, which is alwaysusedin thesuggested
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Figure15: Resultfrom SAD correlationwith bordercorrection.

5 window configuration,servesasastabilisingfactorin the
calculation.

The error filter that was testedfor different thresholds
on thebestparameterconfigurationof SAD exhibits anex-
pectedcharacteristic. The graph in figure 16 shows that
many errorscan be caughtat the risk of filtering correct
matchesout aswell. However, theamountof filterederrors
comparedto filteredcorrectmatchesis quitehigh whenthe
ratio betweenerrorsandcorrectmatchesis considered.A
thresholdof 10%filters for examplealmost2% errorsout,
at theexpenseof loosing4%correctmatches.Furthermore,
filtered correctmatchesaredistributedall over the image,
sothat their disappearancecanbecompensatedby interpo-
lation. In theendtheamountof lost correctmatchesthatis
acceptabledependson theapplication.

correct matches

border errors

other errors

5 10 20150

0

4

8

Threshold [%]

Filtered pixels [%]

Figure 16: Filtered correctmatchesand errorsat certain
thresholds,usingSAD on theTsukubaimages.

The thresholdfor error filtering is difficult to choose.
Onestrategy in practicewithouthaving agroundtruthcould
beto setthethresholdsothatthenumberof invalid matches
is increasedby a fixedamount.Anotherstrategy would in-

volveto point thecamerasto a largetexture-lessareaandto
setthethresholdhighenoughsothatthewholetexture-less
areais just invalidated. Thus,the thresholdwould be just
high enoughso that arbitrarymatchesdueto imagenoise
from thecameras,framegrabbers,etcareprevented.

Finally, an evaluation of the border correctionshows
only a slight decreasein errorsat objectbordersandanun-
expectedincreaseof errorsat other places. Nevertheless,
thenumberof correctmatchesis in this exampleincreased
by 2.66%comparedto SAD withoutbordercorrection.The
situation can be explainedusing figure 15. The borders
of objectsarein fact improvedcomparedto figure 10 (i.e.
ringsof errorsaroundobjectsappearmuchsmaller),which
resultsin thedecreaseof bordererrors.Theincreasein cor-
rectmatchesresultsfrom changingmany invalidvaluesnear
objectbordersinto valid, correctvalues.

The increasein errorsat otherplacesis dueto the fact
that the algorithm tried to correctobject bordersthat re-
sultedfrom previouserrors,leadingto a randomlystretch-
ing or shifting of errorpatches.It is unfortunatelynot pos-
siblefor thebordercorrectionalgorithmto differentiatebe-
tweencorrectbut shifted and completelyincorrectobject
borders. A reductionof generalerrorswould be advanta-
geousto prevent this behaviour. The error filter would be
appropriatefor this purpose.A combinationof thesemeth-
odsis discussedin section4.4.

Although, bordersare improved, small details which
werelost duringthecorrelationphase,like thecableof the
lamp,cannotberecoveredusingthismethod.Finally, it can
beconcludedthat theeffect of noisegetsstronger, the fur-
thertheborderis movedtowardstherealobjectborder, due
to the designof the calculation. The methodleadsto re-
ducedbordererrors,but usuallynot to a completeremoval.
A remedycould be a more accurateconsiderationof the
distributionof neighbouringdisparitieswithin thewindow.
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Figure17: Resultfrom 5 windowsconfiguration,10%errorfiltering andbordercorrection.

4.4. Resultsof combinationsof proposedmeth-
ods

The third part of table3 shows resultsof combinationsof
several methods.The bestparametercombinationsestab-
lishedpreviously have beenused.Theresultis alsoshown
in figure17. Comparingtheseresultsvisually andin their
numbersagainstany of the standardcorrelationmethods
clearlyshowsanimprovementfor certainapplications.

Not only generalerrorswerereduced,but especiallyer-
rorsin borderareasof objects.However, invalid valuesare
increaseddueto the error filter. Nevertheless,it is accept-
able for someapplicationsto increasethe amountinvalid
valuesslightly in orderto reduceerrors.

A comparisonbetweenthe SAD correlation that was
chosenasabaseandthecombinationof all proposedmeth-
odsshows on theexampleimagesthaterrorswerereduced
by almost 50% and the numberof correct matcheswas
maintained.

Finally, theresultsof thesamecombinationsof methods
andparametersontheslantedobjectimagesshow almostno
improvement.A look at the disparitydifferenceimagere-
vealsthatthebordererrorbeforewasalmostonly onepixel,
which is alreadyvery low. Othererrorshave not beende-
tected. Thereis not very muchroom for further improve-
ments.Thebordercorrectionalgorithmcorrectedthedepth
discontinuityslightly to much, which resultsin an object
thatappearsslightly smallerthanit really is.

5. Performanceof the real-timesystem
5.1. Experimental setup
All themethodsdescribedhave beenimplementedin opti-
misedC andcontainoptional inline assemblersectionsto
make useof MMX commands.MMX is the Multi-Media
Extensionthatwasintroducedby Intel in thePentiumpro-

cessors.It allows parallelprocessingof logical andarith-
metical integer operations,which can increasethe perfor-
manceseveral times. However, only the critical loops in
thewholeprocesswereoptimisedto save developmentef-
fort. All performancetestswereaccomplishedon a Pen-
tium II, 450 MHz using the Linux (Kernel2.4) operating
system. Two BT878 basedframe grabberswere usedto
capturestereoimagesfrom a self-mademediumresolution
stereocamera3.

All measurementswere doneby grabbing,correlating
andpaintingthedisparityimage600times.Theresultsrep-
resenttheaveragetime.

5.2. Performanceresults
Thesizeof thesourceimagesandthedisparityrangearethe
main factorsthat influencethe speedof execution. How-
ever, the executiontime of the bordercorrectionfilter de-
pendspartly on theamountof detectedgradientsin thedis-
parity image. All gradientsneedto be analysedandcor-
rected.Table4 lists theparametersandshows theeffective
frameratethatwasmeasuredincludingsub-pixel interpola-
tion andpaintingthedisparityimageon thescreen.

UsedHardware P II, 450MHz
Overall speed(C andMMX) 4.7 frames/s
Overall speed(optimisedC) 1.6 frames/s
Sizeof images 320x 240pixel
Sizeof correlationwindow 7 x 7 pixel
Disparityrange 32 pixel
Sub-pixel interpolation 1/8 pixel
Laplacianof Gaussian 1.0

Table4: Parametersandframerateusingall methods.

3http://www.cse.dmu.ac.uk/˜hhm/research.html
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Finally, table5 shows how muchof the executiontime
wasspentin individualpartsof theprocessandthelanguage
thatwasusedfor implementation.

Function Language Time [ms]

Rectification C, MMX 11
Laplacianof Gaussian C, MMX 25
SAD correlation C, MMX 53
Combinationof 5 windows C, MMX 30
Determinedisparity C, MMX 17
Error filtering C, MMX 14
Left/Right consistency check C, MMX 20
Sub-pixel interpolation C 6
Bordercorrection C 18
Paintingdisparityimage C, Java 11

Table5: Timespendin individualparts.

Thesuggestedimprovements,which areshown in italic,
require of coursesomeadditional computationtime and
slow down the framerate. If only the standardalgorithm
withoutall suggestedimprovementsis used,thentheframe
rateincreasesfrom 4.7 frames/sto 7 frames/s,by loosinga
majorreductionin errors,especiallyat objectborders.

Nevertheless,the resultsshow clearly, thatall proposed
methodsaresuitablefor realtimeusage.

6. Conclusion
It hasbeenshown thatit is possibleto improvesimplecor-
relationby understandingthesourceof its weakness.Three
methodshave beenproposed,which tackle specificprob-
lems of correlation. A novel multiple window approach
decreaseserrors at object bordersand increasescorrect
matches.A generalerrorfilter usesthecorrelationfunction
to invalidateuncertainmatches.Finally, abordercorrection
methodimprovesobjectbordersfurtherin apost-processing
step. It wasshown that all improvementsaresuitablefor
real-timeapplications.All methodswereexplainedin de-
tail, including their integration into a standardcorrelation
algorithm.Optimisationissuesandparallelimplementation
wasdiscussedaswell.

Everymethodshowsclearimprovements,but alsoweak-
nesses.Themainweaknessof themultiplecorrelationwin-
dow configurationis its computationalcost. However, an
optimisedimplementationof theconfigurationusing5 win-
dows is possibleandvery effective. The error filtering re-
quiresa threshold,which is difficult to choosein practise
and reducesthe numberof correctmatchesas well. Fi-
nally, the border correctionimproves object borders,al-
thoughpreviousgeneralerrorscanbeslightly increased.

Nevertheless,thecombinationof suggestedmethodsim-
provesthequality of real-timecorrelationbasedstereosig-

nificantly. In the exampleimagesthe errorshave beenre-
ducedto 50%, while the numberof correctmatcheshas
beenmaintained.Furtherresearchin this areacouldbring
evenbetterresults.

The whole stereoalgorithmhasbeenimplementedand
optimised,includingall the proposedmethods.A detailed
performanceevaluationshows that all the proposedmeth-
ods requireone third of the whole processingtime. The
systemgrabsstereoimages,rectifies,filters andcorrelates
them almost5 times a secondon a PentiumII with 450
MHz, which is not thestateof theart. Somefurtheroptimi-
sationis possibleasonly thecritical loopswereoptimised.

Furthermore,theproposedmethodscanbeusedindivid-
ually or in combination.This allows a suitablequality and
speedselectionfor anapplication.Thecurrentsystemis the
basefor furtherresearchon a tele-operatedrobot. It will be
usedfor processingthe local working environmentof the
roboton ahigher, objectbasedlevel.
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A. Algorithms in pseudocode
A.1. Multiple supporting windows algorithm
Themultiplesupportingcorrelationwindow algorithm(sec-
tion 3.1) is anadditionalstepbetweenthecalculationof the
correlationvaluesand the selectionof the disparity value
for everypixel.

Thecombinationof five correlationvaluesis shown be-
low in pseudocode.Thealgorithmproducesthecombined
correlationvaluefor all pixelsof row k at all disparities.It
expectsthat thecorrelationvalueshave beencalculatedfor
all pixelsfor thethreeimagerowsk 
 wy, k andk � wy, were
2wy � 1 is theheightof thecorrelationwindow. cin

�
i � k � d �

refersto the correlationvalue in the imagecolumn i, im-
agerow k and disparity d. The resultswill be storedin
cout

�
i � k � d � , which usesthesamesyntax.

Thealgorithmcanmake useof thefact that theorderof
thelowestmoutof n valuesis not important.Thisresultsin
m
�
n 
 m� comparisonsbetweenvalues.Only 4 comparisons

arerequiredfor thefivesupportingwindowsconfiguration.
Furthermore,theSIMD architecture4 of modernproces-

sorscanbe usedto processdatain parallel. Comparison
andselectioncanmake useof saturatedarithmeticto avoid

4SingleInstructionMultiple Data
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jumps.Thecodebelow canbeencodedin 20PentiumII as-
semblerinstructions(i.e. includingthetransferfrom mem-
ory into registersandthe transferbackto memory, but ex-
cluding loop overhead)andprocesses4 valuesin parallel.
This resultsin only 5 assemblerinstructionsfor everypixel
ateverydisparity.

f or all pixelsi in row k do
f or all disparitiesd do

c � cin
�
i � k � d � ;

c1 � cin
�
i 
 wx � k 
 wy � d � ;

c2 � cin
�
i � wx � k 
 wy � d � ;

c3 � cin
�
i 
 wx � k � wy � d � ;

c4 � cin
�
i � wx � k � wy � d � ;

cl1 � lowestvalueof c1 � c2 � c3 � c4 ;
cl2 � secondlowestvalueof c1 � c2 � c3 � c4 ;

cout � c � cl1 � cl2

end
end

A.2. Border correction algorithm
Section3.3 explainedthe theorybehindobjectbordercor-
rectionandgaveanoverview of thealgorithm.Thissection
shows thealgorithmin pseudocode.

A (X, i, k)1

A (X, i, k)2

column

row k

ii−1

2w +1

w +1 w +1

y

x x

Image X

Figure18: Definitionof theareasA1 andA2 of acorrelation
window.

Firstly, somedefinitionsarerequired. Figure18 shows
a correlationwindow of thesize2wx � 2, 2wy � 1 (i.e. the
width of thewindow is increasedby 1 asexplainedin sec-
tion 3.3). The areathat is coveredby the left half of the
thewindow at thepositioni, k in theimageX is definedas
A1
�
X � i � k� andtheright half asA2

�
X � i � k� . L andR refer to

the left andright rectified image. D
�
i � k� is the calculated

disparityat i, k. If i is the positionof a positive disparity
step,thendb � D

�
i 
 1 � k� is thedisparityof thebackground

anddo � D
�
i � k � is thedisparityof theobject. Thecorrela-

tion windowsthatwereshown in figure6 in section3.3can
now formally bedefined.

L j � L j
�
i � k��� A j

�
L � i 
 do � db � k� (5)

L̃ j � L̃ j
�
i � k��� A j

�
L � i � k� (6)

Rj � Rj
�
i � k��� A j

�
R� i 
 do � k� (7)

R̃j � R̃j
�
i � k��� A j

�
R� i 
 db � k� (8)

Thefollowing pseudocodecontainsonly theshortforms
on at the left side of thesedefinitions(e.g. L̃1), because
they arealwaysusedat thepositioni, k. Thealgorithmthat
correctsall left left objectborderscannow bewrittenas:

f or k � 1 t o numberof rows do

i � 0;
whi l e i � = numberof columns do

i f D
�
i � k� is invalid t hen

uselowestvalid disparity, eitherto the
left or right of theinvalid disparityarea
asD

�
i � k �

end

// search positivedisparitystep

i f D
�
i 
 1 � k �
� D

�
i � k� t hen

// identifydisparityof backgroundandobject

db � D
�
i 
 1 � k� ;

do � D
�
i � k� ;

v1 � c
�
R1 � L1 � 
 c

�
R2 � L̃2 � ;

i f v1 � 0 t hen

// shift left border to theright until
// thecorrectpositionis found

j � i � 1;
n � i � wx ;

whi l e j ��� n and v1 � 0 do

v2 � c
�
R1 � L1 � 
 c

�
R2 � L̃2 � ;

i f v2 � 0 or 
 v1 � v2 t hen
D
�
i � k� = db ;

i � i � 1;
end
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v1 � v2 ;
j � j � 1;

end
el se

// shift left border to theleft until
// thecorrectpositionis found

j � i 
 1;
n � i 
 wx ;

whi l e j � � n and v1 � 0 do

v2 � c
�
R1 � L1 � 
 c

�
R2 � L̃2 � ;

i f v2 � 0 or v1 � 
 v2 t hen
D
�
j � k� = do ;

end

v1 � v2 ;
j � j 
 1;

end
end

end

i � i � 1;
end

end

Thecorrectionof all right objectbordersrequiresa sec-
ondpassover thewholedisparityimage.Thealgorithmis
thesameapartfrom someminor differencesandis therefor
notexplicitely givenhere.Thefirst differenceis thata neg-
ative disparity stepis searched(i.e. D

�
i 
 1 � k� � D

�
i � k� )

insteadof a positive step. Next, the disparity of the ob-
ject do is D

�
i 
 1 � k � and the disparity of the background

db is D
�
i � k� . Finally, the calculationof the differencebe-

tweenbothhalvesof thecorrelationwindow is doneby us-
ing c

�
R̃1 � L̃1 � 
 c

�
R2 � L̃2 � insteadof c

�
R1 � L1 � 
 c

�
R2 � L̃2 � .

Correctionof the left and right objectbordercould be
donewithin onepassovertheimage.However, specialcare
is requiredto adjustthe loop counteri andthe valuesthat
dependon it (i.e. R1, L1, etc.),becausethe i is increasedin
someinnerloopstoo.
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