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Abstract

This paper considers the useof stereo vision in struc-
tured environments. Sharpdiscontinuitiesand large un-
textured areasmustbe anticipated,but complex or natu-
ral shapesof objectsand�ne structuresshouldbehandled
as well. Additionally, radiometricdifferencesof input im-
agesoftenoccur in practice. Finally, computationtime is
an issuefor handlinglarge or manyimagesin acceptable
time. The Semi-GlobalMatching methodis chosenas it
ful�lls alreadymanyof therequirements.Remainingprob-
lemsin structuredenvironmentsare carefully analyzedand
two novel extensionssuggested. Firstly, intensityconsis-
tentdisparityselectionis proposedfor handlinguntextured
areas. Secondly, discontinuitypreservinginterpolation is
suggestedfor �lling holesin the disparity imagesthat are
causedby some�lter s. It is shownthat theperformanceof
thenew methodon testimageswith groundtruth is compa-
rableto thecurrentlybeststereomethods,but thecomplex-
ity andruntimeis much lower.

1. Intr oduction

Structuredenvironmentscan contain many dif�culties
for stereovision. Thereareoften sharpdepthdiscontinu-
itiesandlargeuntexturedareas.However, theremayalsobe
morenatural,roundedor �ne structuredobjectslike chairs
or plants. All of thesesituationsneedto be handledfor
computingaccuratedisparity imagesfor applicationslike
reconstruction.Additionally, radiometricdifferencesof in-
put imagescanoftennot beavoidedin practice,especially
if individual imagesaretaken at different timesandauto-
calibratedlater. Finally, processingtime is oftenan impor-
tantissuefor processingeitherlargeor many imagesin ac-
ceptabletime.

Section2 reviews somestereoalgorithmsthatcurrently
producethebestresults.TheSemi-GlobalMatching(SGM)
methodis selectedas it addressesalreadymostof the re-
quirements.SGM is reviewedandits behavior analyzedon
imagesin structuredenvironmentsin Section3. Two novel

re�nementsaresuggestedfor tacklingspeci�c problemsin
Section4. Finally, Section5 shows theperformanceof the
new methodon standardtest imagesaswell as imagesof
typical indoorscenes.

2. Literatur e review

Sincethe publicationof Scharsteinand Szeliski's tax-
onomyof stereoalgorithms[9], many authorshave partic-
ipatedin an on-line evaluation[8]. The additionof more
complex test images[10] has lead to the new Tsukuba,
Venus,TeddyandConesdataset. Especiallythe last two
imagepairsarequitecomplex andrealistic.

Almost all of the currently top-ranked algorithms[11,
13, 2, 5, 7, 14] on this datasetde�ne a globalenergy func-
tion that is minimizedfor �nding the disparities.This en-
ergy function always includesa dataterm and a smooth-
nessterm. The former evaluatesthe matchingof individ-
ual pixels, while the latter supportspiecewise smoothdis-
parity selections. Somemethodsusemore termsfor pe-
nalizingocclusions[2, 7] or alternatively treatingvisibility
[11, 13]. Furthermore,somemethods[11, 13, 14, 5] enforce
the consistency of the disparity of all usedstereoimages
(e.g.left/right consistency or symmetry).

Thestrategiesfor �nding theminimumof theglobalen-
ergy functiondiffer. Theclassicalapproachis GraphCuts
[7], which caststheprobleminto �nding theminimumcut
in a graph. Belief Propagation[11] iteratively sendsmes-
sagesbetweenneighboringnodesin thefour connectedim-
agegrid for minimizing the global cost. One of the best
ranked variant forcessymmetricalmatchingandusesseg-
mentationassoft constraints.Layeredapproaches[2, 14]
perform imagesegmentationand usethe assumptionthat
disparitiesvarysmoothly(e.g. planar)within eachsegment.
An initializationby asimplemethodlikecorrelationis typi-
cally complementedbyaniterativere�nementof thedispar-
ity selection.Furthermore,therearealsomethods[13] that
combineBelief Propagationwith segmentationand plane
�tting in aniterative loop. Finally, theSemi-GlobalMatch-
ing [5] methodsumsfor eachpixel thecostsalong1D paths
from several directions. In contrastto all other methods,
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its pixelwise matchingcost is not basedon comparingin-
tensitiesdirectly, but on Mutual Information[12] between
thestereoimages.This makesit very robustagainstradio-
metricdifferencesandsomeviolationsof theassumptionof
lambertiansurfaces,e.g. re�ections.

Thecomplexity of aglobalalgorithmis usuallyhighand
can dependon the complexity of the scene[2]. Conse-
quently, mostof thesemethods[11, 13, 2, 7] havearuntime
of at leastaminuteontypical images.In contrast,theSemi-
GlobalMatchingmethod[5] hasacomplexity of O(WHD)
(i.e. numberof pixelstimesdisparityrange)anda runtime
of just1-2sundersimilar conditions.

TheSemi-GlobalMatchingmethodhasbeenselectedfor
thediscussedproblem,dueto its accuracy at depthdiscon-
tinuities, robustnessof matchingin the presenceof radio-
metricdifferencesandexecutionspeed.

3. Semi-GlobalMatching (SGM)

A stereoalgorithmusesabaseimageIb andamatchim-
ageIm for calculatinga disparityimageD thatcorresponds
to thebaseimage.It is assumedthattheepipolargeometry
betweentheimagesis known. An epipolarline ebm(p;d) in
thematchimageis de�ned by thepixel p in thebaseimage
andthe disparityd asline parameter. For recti�ed images
ebm(p;d) = [px � d;py]T . It is noteworthy thatcertaincam-
erageometries(e.g. pushbroomcamerasthat do not move
ona straightpath)donot allow anexactrecti�cation of the
resultingimages[6]. Therefore,a generalde�nition using
arbitrarilyde�ned epipolarlinesis preferred.

3.1. Review

The Semi-GlobalMatching(SGM) method[5] aimsto
determinethedisparityimageD, suchthattheglobalenergy
E(D) is aminimum.

E(D) = å
p

(C(p;Dp) + å
q2Np

P1T[jDp � Dqj = 1]

+ å
q2Np

P2T[jDp � Dqj > 1])
(1)

The �rst term of equation(1) calculatesthe sum of a
pixelwise matchingcostC(p;Dp) for all pixels p at their
disparitiesDp. The cost function caneitherbe Birch�eld
andTomasi's samplinginsensitive intensitydifference[1]
or Mutual Information[5]. Thelatteronehastheadvantage
thatit takescomplex relationsbetweencorrespondinginten-
sitiesinto account.This hasbeenshown to bevery robust
againstradiometricdifferencesthatoftenoccurin practice
[5, 6]. ThefunctionT[] is de�ned to return1 if its argument
is trueand0 otherwise.Thus,thesecondtermof theenergy
functionpenalizessmall disparitydifferencesof neighbor-
ing pixelsNp of p with thecostP1. Similarly, thethird term

penalizeslarger disparitysteps(i.e. discontinuities)with a
higherpenaltyP2.

The valueof P2 doesnot dependon thesizeof thedis-
paritystep,whichpreservesdiscontinuities.However, it has
beenfoundadvantageousto adaptP2 to the local intensity
gradient,becausediscontinuitiesareoftenvisible asinten-
sity changes.Thus, the penaltyshouldbe reducedwhere

intensitiesdiffer, which is expressedasP2 = P0
2

jIbp � Ibq j .

x, y

d

x

y

(a) Minimum Cost Path Lr(p, d)

p

p

(b) 16 Paths from all Directions r

Figure1. Aggregationof costs.

Finding the global minimum of equation(1) for the
whole2D imageis known to beanNP-completeProblem.
SGMcalculatesE(D) ef�ciently along1D pathsfrom either
8 or 16 directionstowardseachpixel asshown in Figure1.
Thecostto reachapixel p at thedisparityd from thedirec-
tion r is de�ned accordingto (1) recursively as,

Lr (p;d) = C(p;d) + min(Lr (p � r ;d);

Lr (p � r ;d � 1) + P1;Lr (p � r ;d+ 1) + P1;

min
i

Lr (p � r ; i) + P2) � min
k

Lr (p � r ;k).
(2)

The�rst termis thepixelwisematchingcostfor thecur-
rentpixel. Thesecondtermaddstheminimumof thecost
at the previous pixel on the path, including the appropri-
atepenalty. Accordingto equation(1), thereis no penalty
addedto the costat the samedisparity. The penaltyP1 is
addedto costsat thenext lower or higherdisparityandP2
is added,if a costat anotherdisparityis theminimum. The
lasttermof function(2) doesnothave any in�uence on the
subsequentcalculation,but it guaranteesthatL � Cmax+ P2.
Without this term,L wouldalwaysincreasealongeachpath
andits valuecouldexceedtheuseddatatype. Thecalcula-
tion of this functioncanbedonein O(ND) steps,whereN
is thenumberof pixelsalongthepathandD is thenumber
of disparities.

The costs along the paths from all directions r are
summedS(p;d) = å r Lr (p;d). For eachpixel p thedispar-
ity d is chosenthat correspondsto the minimum cost, i.e.
Dp = argmind S(p;d). For sub-pixel estimation,aquadratic
curveis �tted throughtheneighboringcosts(i.e. at thenext
higher and lower disparity) and the position of the mini-
mumis calculated.Theresultis a disparityimageDb that
correspondsto thebaseimageIb.
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(a) Office Image (b) Teddy Image

Figure2. SGMresultson imageswith untexturedbackgroundareas.Black represents�ltered (i.e. invalid) disparities.

The disparity imageDm that correspondsto the match
imageIm caneitherbederivedfrom thesamecostarrayS()
or calculatedfrom scratch.A consistency checkcompares
thedisparitiesof Db with Dm andinvalidatesthosethatdif-
fer, i.e.

Dp =

(
Dbp if jDbp � Dmqj � 1, q = ebm(p;Dbp),
Dinv otherwise.

(3)

Thecomplexity of themethodis linearto thenumberof
pixelsWH andthedisparityrangeD, i.e. O(WHD), if inter-
mediatecostsarereusedappropriately. An ef�cient imple-
mentationtemporarilystoresthecostsS() of all pixelsand
all disparities.The regular structureof calculationandan
appropriatechoiceof datatypesallowsspeedingupcompu-
tationusingSingleInstruction,Multiple Data(SIMD) com-
mandsthatareavailablein modernprocessingunits.

Testsonseveralstereoimageswith groundtruthshowed
that thequality of disparityimagesof SGM is comparable
to that of global methods[8]. However, its complexity is
equivalentto typical local methodsandits executionspeed
is nearlyrealtime with just 1sonsmall images[5].

SGM hasbeenappliedto theproblemof fully automat-
ically reconstructinghugeurbanareas(e.g. whole cities)
from highresolutionimagesof anairbornemulti-line push-
broom camera[6]. This application bene�ts not only
from theaccuracy of SGM at sharpobjectboundaries(e.g.
houses),but alsofrom theMutualInformationbasedmatch-
ing cost,becausetheusedimageshavehighradiometricdif-
ferences.More than17000km2 of aerialimagesin resolu-
tions between15-20cm/pixel have alreadybeenprocessed
by SGM.

3.2. Problemsin structur edenvir onments

Despitethesuccessof SGM on aerialimages,thereare
someproblemsin the presenceof large, partly untextured
backgroundareasastypically found in structuredenviron-
ments.Figure2 showstwo examples.

Both disparity imagescontainwell handleduntextured
foregroundareaslike the journal in Figure2aor thechim-

ney andwalls of the housein Figure 2b. However, fore-
groundobjectboundariesareblurredinto untexturedback-
groundareas,asseenat theheadin Figure2aandtheback-
groundon theright of theTeddyin Figure2b. In contrast,
objectbordersin front of texturedbackgroundappearcor-
rectly. It is interestingto notethat thesekindsof problems
do not occur in the applicationof aerial imaging. This is
probablybecauseat the usedlevel of resolution,thereare
no really untexturedareasin aerialimages,at leastnot be-
hind foregroundobjects.

SGM handlesuntexturedareasby the smoothnessterm
in equation(1), which penalizesthechangeof disparityby
P. Disparity changesare accepted,if the sum of pixel-
wise matchingcostC(p;di) at anotherdisparitydi andthe
penaltyP is lower thanthecostC(p;d). Thereasonfor the
changeof pixelwisematchingcostof nearbypixels is tex-
ture. Thus,untexturedareasareinterpolatedsmoothly, by
usingthesupportof neighboring,bettertexturedareas.

A problemarisesif foregroundobjectsarein front of a
partlyuntexturedbackground.In thiscase,therequiredstep
from foregroundto backgrounddisparitycanbeplacedany-
wherenext to or within theuntexturedareawithout chang-
ing the global energy (1). Thus,the placementof the dis-
paritystepmainlydependsonnoise.Thecorrectplacement
canbe supportedby makingthepenaltyP2 adaptive to in-
tensitychanges,suchthat disparitychangeswithin untex-
turedareasaremorecostly [5]. Thus,placingthedisparity
changeat theborderof theuntexturedareais preferred.

However, theadaptivepenaltyhasalreadybeenusedfor
calculatingthedisparityimagesof Figure2. Thereasonfor
thestill seenmisplacedobjectbordersis thatSGM propa-
gatesthecostsalongstraightpaths.In Figure2b, thereare
no straightpathsleadingfrom the texturedbackgroundto
the placebetweenthe arm andleg on the right sideof the
Teddy. Thus,thealgorithmhasat this placeno information
thatthedisparityshouldnotbecontinuedsmoothlybetween
the arm and the leg. Equally dif�cult is the background
aroundtheheadin Figure2a. Additionally, thenumberof
pathsthat meet in a point and the magnitudewith which
they suggestacertaindisparityin�uencesthecorrectplace-
mentof adisparitystep.Theadaptivepenaltycanonlywork
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correctly, if thecostis gatheredfrom all directionsequally
well, which is usuallythecasewith small,compactuntex-
turedareas.

Additionally, it is undesirablefor someapplicationslike
reconstructionto haveinvalid disparities(e.g. blackareasin
Figure2), ascausedby the left/right consistency checkof
SGM.Theseareasneedto beinterpolated,withoutsmooth-
ing discontinuitiesof thedisparityimage.

4. Proposedre�nements of SGM

Theproblemsatpartlyuntexturedbackgroundareasand
theinterpolationof invalid disparitieshave to besolvedfor
applyingSGM successfullyon imagesof structuredenvi-
ronments. Furthermore,it is important that the solutions
mustnot increasethe complexity of SGM, asef�ciency is
one of the major advantagesof SGM over methodswith
comparablequality.

4.1. Intensity consistentdisparity selection

Thesolutionfor avoiding theblurring of foregroundob-
jects into partly untexturedbackgroundrequiressomeas-
sumptions:

1. Discontinuitiesin the disparity image do not occur
within untexturedareas.

2. On thesamephysicalsurfaceastheuntexturedareais
alsosometexturevisible.

3. The surface of the untextured areacan be approxi-
matedby a plane.

The�rst assumptionis mostlycorrect,asdepthdisconti-
nuitiesusuallycauseat leastsomevisualchangesin inten-
sities. Otherwise,thediscontinuitywould beundetectable.
The secondassumptionstatesthat thereareat leastsome
pointson anuntexturedsurfacefor which thedisparitycan
be determined.The disparity of an absolutelyuntextured
backgroundsurface would be indeterminable. The third
assumptionis clearly the weakest. Its justi�cation is that
identifying untexturedareasasareasof nearlyconstantin-
tensitywill result in patchesthat canbe treatedasplanar.
Untextured surfaceswith varying distanceusually appear
with varying intensities. Piecewise constantintensitycan
betreatedaspiecewiseplanar.

Theidenti�cation of untexturedareasis doneby a �x ed
bandwidthMeanShiftSegmentation[3] ontheintensityim-
ageIb. Theradiometricbandwidths r is setto P1, which is
usually4. Thus, intensitychangesbelow the smoothness
penaltyaretreatedasnoise.Thespatialbandwidths s is set
to a ratherlow value for fastprocessing(i.e. 5). Further-
more,all segmentsthataresmallerthana certainthreshold
(i.e. 100pixels)areignored,becausesmalluntexturedareas

areusuallyhandledwell by SGM asdiscussedin Section
3.2. Thesegmentationresultof theTeddyimageis shown
in Figure3a.

(a) Intensity segmentation (b) Disparity segmentation

Figure3. Intensityandsubsequentdisparitysegmentation.

A featureof SGM is thepropagationof disparitiesfrom
texturedinto untexturedareas(Section3.2). This feature,
togetherwith the assumptionthat someneighboringtex-
turedareasareon thesamesurface(i.e. assumption2), lead
to therealizationthatsomedisparitieswithin eachsegment
Si shouldbecorrect.Furthermore,usingpenaltiesP2 thatdo
not dependon thesizeof thedisparitychangepreferssud-
dendisparitychangesratherthansmoothones.Thus,sev-
eral hypothesesfor thecorrectdisparityof Si canbe iden-
ti�ed by segmentingthe disparitywithin eachsegmentSi .
Thisis doneby simplesegmentation,whichconnectsneigh-
boringequivalentpixelswithin the4-connectedimagegrid
[4]. Equivalentpixels differ by at most1 disparity. This
fast segmentationresultsin several segmentsSik for each
segmentSi asshown in Figure3b.

Next, thesurfacehypothesesFik arecreatedby calculat-
ing thebest�tting planesthroughthedisparitiesof Sik. The
choicefor planesis basedonassumption3. Verysmallseg-
ments(i.e. � 12pixel)areignored,asit is unlikely thatsuch
smallpatchesbelongto thecorrecthypothesis.Then,each
hypothesisis evaluatedwithin theareaof Si by,

Eik(D0) = å
p2Sinocc

(C(p;D0
p) + å

q2Np

P1T[jD0
p � D0

qj = 1]

+ å
q2Np

P2T[jD0
p � D0

qj > 1])

(4)

D0
p =

(
Fik(p) if p 2 Si

Dp otherwise.
(5)

Thus, all disparitieswithin segmentSi are replacedby
the surfacehypothesisand the cost Eik calculatedfor all
pixelswithin Si . Themaindifferenceto equation(1) is that
pixelwisematchingcostsarenot consideredat occlusions.
A pixel p is occluded,if anotherpixel with higherdisparity
mapsto thesamepixel q in the matchimage. This detec-
tion is performedby �rst mappingp into thematchimage
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by q = ebm(p;D0
p). Then,theepipolarline of q in thebase

imageemb(q;d) is followedfor d > D0
p. Pixel p is occluded

if thereis an intersectionof the epipolarline with the dis-
paritysurfacede�ned by D0

p.
For eachconstantintensity segmentSi the surfacehy-

pothesisFik with theminimumcostEik is chosen.All dis-
paritieswithin Si arereplacedby valueson thechosensur-
facefor makingthedisparityselectionconsistentto thein-
tensitiesof thebaseimage(i.e. ful�lling assumption1).

Fi = Fik0 with k0= argmin
k

Eik (6)

D0
p =

(
Fi(p) if p 2 Si

Dp otherwise.
(7)

Thecomplexity of �x edbandwidthMeanShift Segmen-
tationof theintensityimageandthesimplesegmentationof
thedisparityimageis linearin thenumberof pixels.Calcu-
lating thebest�tting planesinvolvesvisiting all segmented
pixels. Testingof all hypothesesrequiresvisiting all pixels
of all segments,for all hypotheses(i.e. maximumN). Ad-
ditionally, theocclusiontestrequiresgoingthroughat most
D disparitiesfor eachpixel.

Thus,theupperboundof thecomplexity is O(WHDN).
However, segmentedpixelsareusuallyjusta fractionof the
whole imageand the maximumnumberof hypothesesN
for a segmentis commonlysmall andoften just 1. In the
latter case,it is not evennecessaryto calculatethecostof
thehypothesis.

Thepresentedapproachis similarto someothermethods
[2, 13, 14] asit usesimagesegmentationandplane�tting
for re�ning an initial disparityimage. In contrastto other
methods,the initial disparityimageis dueto SGM already
quiteaccuratesothatonly untexturedareasabovea certain
sizearemodi�ed. Thus,only critical areasaretackledwith-
out the dangerof corruptingprobablywell matchedareas.
Another differenceto other methodsis that disparitiesof
the consideredareasareselectedin onestepby consider-
ing a numberof hypothesesthat are inherentin the initial
disparityimage.Thereis no timeconsumingiteration.

4.2. Discontinuity preserving interpolation

The left/right consistency check invalidatesdisparities
dueto occlusions(e.g. p1 in Figure4), but alsodueto other
kindsof mismatches(e.g. p2 in Figure4). For interpolating
invalid disparities,bothcasesneedto betreateddifferently.
Occlusionsmustnot be interpolatedfrom theoccluder, but
only from theoccludeeto avoid incorrectsmoothingof dis-
continuities.Thus,anextrapolationof thebackgroundinto
occludedregionsis necessary. In contrast,holesdueto mis-
matchescanbesmoothlyinterpolatedfrom all neighboring
pixels.

p1 p2 q2q1

ebm(p2, d)

ebm(p1, d)

x x

Disparity of Base Image Disparity of Match Image

d d

Figure4. Disparityof thebaseandmatchimage.

Occlusionsandmismatchescanbedistinguishedaspart
of the left/right consistency check.Figure4 shows thatthe
epipolarline of theoccludedpixel p1 goesthroughthedis-
continuity that causesthe occlusionanddoesnot intersect
thedisparityfunction Dm. In contrast,the epipolarline of
themismatchp2 intersectswith Dm. Thus,for eachinval-
idatedpixel, an intersectionof the correspondingepipolar
line with Dm is sought,for markingit aseitheroccludedor
mismatched.

Additionally to the consistency check,a segmentation
�lter maybeusedthat invalidatessmalldisparitysegments
(e.g. 20 pixel), becausethey aremostlydueto errors. The
�ltered disparitiesarealsomarkedasmismatches.Figure5
shows theocclusionsandmismatchesof theTeddyimages
thatwereidenti�ed by theconsistency check.

Figure5. Occludedpixel (black)andmismatches(white).

For interpolationpurposes,mismatchedpixel areasthat
aredirectneighborsof occludedpixelsaretreatedasocclu-
sions,becausethesepixelsmustalsobe extrapolatedfrom
valid backgroundpixels.Interpolationis doneby propagat-
ing valid disparitiesthroughneighboringinvalid disparity
areas.This is donesimilarly to SGM alongpathsfrom 8
directions.For eachinvalid pixel,all 8 valuesvpi arestored.
The�nal disparityimageD0 is createdby,

D0
p =

8
><

>:

seclowi vpi if p is occluded,
mediani vpi if p is mismatched,

Dp otherwise.

(8)

The �rst caseensuresthat occlusionsare interpolated
from the lower backgroundby selectingthesecondlowest
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Venus (434x383x32) Teddy (450x375x64) Cones (450x375x64)Tsukuba (384x288x16)

Results of CSGM (HMI)

Figure6. Resultsof thenew method(CSGM)onstereoimageswith groundtruth [9, 10].

Algorithm Rank Tsukuba Venus Teddy Cones
nonoc all disc nonoc all disc nonoc all disc nonoc all disc

AdaptingBP 1.7 1.11 1.37 5.79 0.10 0.21 1.44 4.22 7.06 11.80 2.48 7.92 7.32
DoubleBP[13] 2.3 0.88 1.29 4.76 0.14 0.60 2.00 3.55 8.71 9.70 2.90 9.24 7.80
SymBP+occ[11] 4.9 0.97 1.75 5.09 0.16 0.33 2.19 6.47 10.70 17.00 4.79 10.70 10.90
Segm+visib[2] 5.0 1.30 1.57 6.92 0.79 1.06 6.76 5.00 6.54 12.30 3.72 8.62 10.20
CSGM 5.9 2.61 3.29 9.89 0.25 0.57 3.24 5.14 11.80 13.00 2.77 8.35 8.20
RegionTreeDP 6.6 1.39 1.64 6.85 0.22 0.57 1.93 7.42 11.90 16.80 6.31 11.90 11.80
AdaptWeight 7.1 1.38 1.85 6.90 0.71 1.19 6.13 7.88 13.30 18.60 3.97 9.79 8.26
SemiGlob[5] 8.8 3.26 3.96 12.80 1.00 1.57 11.30 6.02 12.20 16.30 3.06 9.75 8.90
GC+occ[7] 10.4 1.19 2.01 6.24 1.64 2.19 6.75 11.20 17.40 19.80 5.36 12.40 13.00
Layered[14] 10.5 1.57 1.87 8.28 1.34 1.85 6.85 8.64 14.30 18.50 6.59 14.70 14.40
Currently12 moreentries...

Table1. Tablefrom Middlebury StereoEvaluation[8] usinga maximumdisparitydifferencethresholdof 1.

value,while thesecondcaseemphasizestheuseof all infor-
mation. Themedianis usedinsteadof themeanfor main-
tainingdiscontinuitiesin caseswherethemismatchedarea
is at anobjectborder. It canbeseenin Figure5 that there
area few mismatchedareasat the right borderof objects
(i.e. un-occludedareas).In contrastto occlusions,thereis
nopreferenceto eithera loweror higherdisparity.

The presentedinterpolationmethodhas the advantage
that it is independentof the usedstereomatchingmethod.
Theonly requirementsarea known epipolargeometryand
the calculationof the disparity imagesfor the baseand
match image for distinguishingbetweenocclusionsand
mismatches.

The complexity of interpolationis linear to the number
of pixels,i.e. O(WH), asthereis a constantnumberof op-
erationsfor eachinvalid pixel.

5. Experimental results

The proposed Consistent Semi-Global Matching
(CSGM) methodhas beentestedon stereoimageswith
ground truth as well as on stereoimagesof structured
environments.

5.1. Stereoimageswith ground truth

Figure 6 shows four stereoimageswith ground truth
[9, 10] on which many recentstereoalgorithmshave been
tested.Thedisparityimageshavebeencalculatedwith con-
stantparametersof CSGMonall images.HierarchicalMu-
tual Information(HMI) hasbeenchosenasmatchingcost,
which hasits mainbene�t on theConesimages[5]. It can
be seenthat thecritical untexturedareaon the right of the
Teddyaswell asall otheruntexturedareasarehandledwell.
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Furthermore,all discontinuitiesappearsharpandsmallde-
tailsof objectsaremaintained.

The results have been submitted to the Middlebury
StereoEvaluation[8] andcomparedto otherstereometh-
ods.Theevaluationcomparesthedisparityimageswith the
correspondinggroundtruthindividuallyatnon-occludedar-
eas,at all pixelsandneardiscontinuities.Pixels,wherethe
disparitydiffers by morethan1 from the groundtruth are
countedaserrors.Table1 showstheerrorsin percentof the
correspondingareafor thecurrentlytop-rankedalgorithms.

It can be seenthat the proposedre�nementsof SGM
reducethe errors comparedto SGM (i.e. referredto as
SemiGlobin Table1). Thenew methodis thesecondbest
on theConeimagesandperformsquitewell on Venusand
Teddy. It doesnot performaswell assomeothermethods
on Tsukuba,which resultsin the 5th placeof currently22
algorithms.However, reducingthemaximumdisparitydif-
ferencesbetweencalculateddisparitiesandthegroundtruth
to 0.75or 0.5risesCSGMto thebestperformingalgorithm
on thesetest images. The reasonis probablythe lack or
badperformanceof sub-pixel disparityestimationof other
algorithms.This demonstratesthetheaccuracy of CSGM.

The executiontime of SGM increasesby the proposed
extensionsby about30-50%onthetestimagesof Figure6.
Mostof thetime is consumedby MeanShift Segmentation.
ThetotalexecutiontimeontheTeddyor Conesimageswith
64pixelsdisparityrangeis just a few secondson a 2.8GHz
PC.This is muchlower thantheexecutiontimeof themost
othertop-rankedalgorithms.

5.2. Stereoimagesof structur edscenes

Figure 7 shows a few examplesof structuredenviron-
ments,which weretakenfrom a stereosequenceof a walk
throughanindoorenvironment.Thedisparityimageswith-
out the proposedextensions(i.e. SGM) areshown in the
secondrow. It canbe seenthat objectbordersin front of
untexturedareasappearfuzzy. Thethird row showsthedis-
parity imageswith theproposedintensityconsistentdispar-
ity selection. Object bordersin front of untexturedareas
appearmuchcleanerandmorecorrect,especiallyin theof-
�ce image.Black areasrepresentunknown disparities,due
to occlusionsor �ltered mismatches.Theresultof interpo-
lating theseareasis shown in the last row. Objectborders
aremaintainedduring interpolation.Finestructureslike at
the Chairsor the small objectsin the Kitchen appearwell
maintained.

5.3. Limitations of the method

Despitethe obvious improvementsdueto the proposed
extensionsof SGM, therearecasesin which they canfail.
Thecircle in disparityimageof theOf�ce scenein Figure7
marksaplacewhereapartof theposteratacolumnin front
of the wall is wrongly labeledwith the samedepthasthe

wall. This happens,becausethereis no visual changebe-
tweenthebackgroundwall andthewhite partof theposter
(violation of the�rst assumptionin Section4.1). Thus,the
methodtries to �nd a commonplanefor the background
andpartof theforeground.

The circles in the disparity imagesof the other scenes
markplaceswherethedisparitiesof anuntexturedareaare
wrong.All of theseerrorsarenearimageborders.At these
places,thechancesthatSGMhaspropagatedcorrectdispar-
ities into theuntexturedareais reducedasonly apartof the
untexturedareaandnot thecompletebordersof it areseen.
For thesamereason,testingof differenthypothesisis more
error prone. Due to thesereasons,it may be betterto set
untexturedareasat imagebordersto invalid (i.e. unknown).

6. Conclusion

It hasbeenshown that theproposedintensityconsistent
selectionof disparitiesaswell asthediscontinuitypreserv-
ing interpolationof disparitiesimprove theperformanceof
SGM especiallyin structuredenvironments.

Thenew CSGMmethodperformsaccuratematchingand
producessharpobjectboundaries,evenin thepresenceun-
texturedbackgroundareas. It canhandlecomplex shapes
and�ne structuresin thepresenceof textureandfalls back
to a planarmodelat untexturedareasonly. Possibleradio-
metricdifferencesarehandledrobustlyby Mutual Informa-
tion as in SGM. Left/right consistency checkingandsub-
pixel estimationis performed.Furthermore,invalid dispar-
itiesareinterpolatedin adiscontinuitypreservingway.

A comparisonhasshown thatCSGMcancompetewith
the currently top-ranked stereoalgorithms,but at a much
lowercomplexity andruntime.ThesefeaturesmakeCSGM
averyvaluabletool for many practicalsituations.
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