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Abstract

This paper consides the use of steleo vision in struc-
tured ervironments. Sharp discontinuitiesand large un-
textured areas mustbe anticipated,but comple or natu-
ral shapeof objectsand ne structuesshouldbe handled
aswell. Additionally, radiometricdifferencesof input im-
agesoftenoccurin practice Finally, computationtime is
an issuefor handlinglarge or manyimagesin acceptable
time The Semi-GlobalMatching methodis chosenas it
ful lls alreadymanyof the requirements Remainingprob-
lemsin structured ervironmentsare carefully analyzedand
two novel extensionssuggested. Firstly, intensity consis-
tentdisparity selectionis proposedor handlinguntextured
areas. Secondlydiscontinuitypreservinginterpolationis
suggestedfor lling holesin the disparity imagesthat are
causedby somelter s. It is shownthat the performanceof
the new methodon testimageswith groundtruth is compa-
rableto thecurrently beststeleo methodsbut the complex-
ity andruntimeis mud lower.

1. Intr oduction

Structuredernvironmentscan contain mary dif culties
for stereovision. Thereare often sharpdepthdiscontinu-
itiesandlargeuntexturedareas However, theremayalsobe
morenatural,roundedor ne structuredobjectslike chairs
or plants. All of thesesituationsneedto be handledfor
computingaccuratedisparity imagesfor applicationslike
reconstruction Additionally, radiometricdifferencef in-
putimagescanoftennot be avoidedin practice,especially
if individual imagesaretaken at differenttimesandauto-
calibratedater. Finally, processindime is oftenanimpor-
tantissuefor processingitherlarge or mary imagesn ac-
ceptabldime.

Section2 reviews somestereoalgorithmsthat currently
producehebestresults.TheSemi-GlobaMatching(SGM)
methodis selectedasit addresseslreadymostof the re-
guirementsSGM is reviewedandits behaior analyzecbn
imagesin structuredervironmentsin Section3. Two novel

re nementsaresuggestedor tackling speci ¢ problemsin
Section4. Finally, Section5 shavs the performancef the
new methodon standardestimagesaswell asimagesof
typical indoorscenes.

2. Literatur ereview

Sincethe publicationof Scharsteirand Szeliski's tax-
onomyof sterecalgorithms[9], mary authorshave partic-
ipatedin an on-line evaluation[8]. The addition of more
comple testimages[10] haslead to the new Tsukuba,
Venus,Teddy and Conesdataset. Especiallythe lasttwo
imagepairsarequite complex andrealistic.

Almost all of the currently top-ranked algorithms|[11,
13,2, 5,7, 14] onthis datasetde ne a globalenegy func-
tion thatis 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 supportspiecavise smoothdis-
parity selections. Somemethodsuse more termsfor pe-
nalizingocclusiong?2, 7] or alternatvely treatingvisibility
[11, 13]. Furthermoresomemethodg11, 13, 14, 5] enforce
the consisteng of the disparity of all usedstereocimages
(e.g.left/right consisteng or symmetry).

Thestratgiesfor nding the minimumof theglobalen-
ergy function differ. The classicalapproachis GraphCuts
[7], which caststhe probleminto nding the minimum cut
in a graph. Belief Propagatior{11] iteratively sendsmes-
sagedetweemeighboringnodesin thefour connectedm-
agegrid for minimizing the global cost. One of the best
ranked variantforcessymmetricalmatchingand usessey-
mentationas soft constraints.Layeredapproache$2, 14
performimage sgmentationand use the assumptiorthat
disparitiesvary smoothly(e.g. planar)within eachsegment.
An initialization by asimplemethodik e correlationis typi-
cally complementetdy aniterativere nementof thedispar
ity selection.Furthermoretherearealsomethodq13] that
combineBelief Propagatiorwith segmentationand plane
tting in aniterative loop. Finally, the Semi-GlobaMatch-
ing [5] methodsumsfor eachpixel thecostsalong1D paths
from several directions. In contrastto all other methods,
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its pixelwise matchingcostis not basedon comparingin-

tensitiesdirectly, but on Mutual Information[12] between
the steredmages.This makesit very robustagainstradio-
metricdifferencesandsomeviolationsof theassumptiorof

lambertiansurfacese.g. re ections.

Thecompleity of aglobalalgorithmis usuallyhighand
can dependon the compleity of the scene[2]. Conse-
guently mostof thesemethodq11, 13, 2, 7] have aruntime
of atleastaminuteontypicalimages.In contrastthe Semi-
GlobalMatchingmethod[5] hasacomplexity of O(WHD)
(i.e. numberof pixelstimesdisparityrange)anda runtime
of just1-2sundersimilar conditions.

The Semi-GlobaMatchingmethodhasbeenselectedor
thediscussegroblem,dueto its accurag at depthdiscon-
tinuities, robustnessof matchingin the presenceof radio-
metricdifferencesandexecutionspeed.

3. Semi-GlobalMatching (SGM)

A sterecalgorithmusesa baseimagel, anda matchim-
ageln, for calculatinga disparityimageD thatcorresponds
to thebaseimage. It is assumedhatthe epipolargeometry
betweertheimagess known. An epipolarline ey(p; d) in
thematchimageis de ned by the pixel p in thebaseémage
andthe disparityd asline parameter For recti ed images
eom(p;d) = [px  d;py]T. It is notevorthy thatcertaincam-
erageometriege.g. pushbrooncameraghat do not move
on a straightpath)do not allow anexactrecti cation of the
resultingimages[6]. Therefore,a generalde nition using
arbitrarily de ned epipolarlinesis preferred.

3.1 Review

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

E(D)= a(C(p;Dp)+ @ PiT[IDp Dgj= 1]
p a2Np

o . . (1)

+ a PT[Dp Dgj> 1))
92Np

The rst term of equation(1) calculatesthe sum of a
pixelwise matchingcostC(p; D) for all pixels p at their
disparitiesDp. The costfunction can either be Birch eld
and Tomasis samplinginsensitve intensity difference[1]
or Mutual Information[5]. Thelatteronehastheadvantage
thatit takescomplex relationsbetweercorrespondingnten-
sitiesinto account. This hasbeenshawn to be very robust
againstradiometricdifferenceghat often occurin practice
[5, 6]. ThefunctionT[] is de nedto returnlif its agument
is trueandO otherwise.Thus,thesecondermof theenegy
function penalizessmall disparity differencesof neighbor
ing pixelsN, of p with thecostP;. Similarly, thethird term

penalizedarger disparity steps(i.e. discontinuities)with a
higherpenaltyP..

The valueof P, doesnot dependon the size of the dis-
parity step,which preseresdiscontinuitiesHowever, it has
beenfound advantageous$o adaptP. to thelocal intensity
gradient,becauseliscontinuitiesare oftenvisible asinten-
sity changes.Thus, the penaltyshouldbe reducedwhere

0
intensitiesdiffer, whichis expressedsP, = “pr—ZIqu

(@) Minimum Cost Path [p, d) (b) 16 Paths from all Directions

N

d

7

Figurel. Aggregationof costs.
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N

Finding the global minimum of equation (1) for the
whole 2D imageis known to be an NP-completeProblem.
SGMcalculate€ (D) ef ciently alonglD pathsfrom either
8 or 16 directionstowardseachpixel asshovn in Figurel1.
Thecostto reacha pixel p atthedisparityd from thedirec-
tionr is de ned accordingo (1) recursvely as,

Lr(p;d) = C(p;d) + min(L¢(p  r:d);
Li(p rid D+Pyli(p rid++Py (2
minL;(p i)+ P2) minLi(p r;k).

The rst termis the pixelwise matchingcostfor the cur-
rentpixel. The secondterm addsthe minimum of the cost
at the previous pixel on the path, including the appropri-
atepenalty Accordingto equation(1), thereis no penalty
addedto the costat the samedisparity The penaltyP; is
addedto costsat the next lower or higherdisparityand P,
is addedjf acostatanothedisparityis theminimum. The
lasttermof function (2) doesnothave ary in uence onthe
subsequerdalculation butit guaranteethatL  Cpaxt Po.
Withoutthisterm,L would alwaysincreasealongeachpath
andits valuecould exceedthe useddatatype. The calcula-
tion of this function canbe donein O(ND) stepswhereN
is the numberof pixelsalongthe pathandD is the number
of disparities.

The costs along the paths from all directionsr are
summedS(p;d) = &, L (p;d). For eachpixel p thedispar
ity d is chosenthat correspondso the minimum cost, i.e.
Dp = argminy §(p;d). For sub-piel estimationaquadratic
curveis tted throughtheneighboringcosts(i.e. atthe next
higher and lower disparity) and the position of the mini-
mumis calculated.Theresultis a disparityimageDy, that
correspondso thebaseimagely,.
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(a) Office Image

(b) Teddy Image
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Figure2. SGMresultsonimageswith untexturedbackgroundareasBlack representdtered (i.e. invalid) disparities.

The disparityimage D, that correspondgo the match
imagel, caneitherbederivedfrom thesamecostarray ()
or calculatedrom scratch.A consisteng checkcompares
thedisparitiesof Dy with Dy, andinvalidateshosethatdif-
fer,i.e.

Dinv Otherwise.

Dp - 1, aq= eom(p, Dbp)a (3)

The compleity of the methodis linearto the numberof
pixelsWH andthedisparityrangeD, i.e. O(WHD), if inter-
mediatecostsarereusedappropriately An ef cient imple-
mentationtemporarilystoresthe costsy() of all pixelsand
all disparities. The regular structureof calculationandan
appropriatehoiceof datatypesallows speedingip compu-
tationusingSinglelnstruction,Multiple Data(SIMD) com-
mandgthatareavailablein modernprocessinginits.

Testson severalsteredmageswith groundtruth shoved
thatthe quality of disparityimagesof SGM is comparable
to that of global methods[8]. However, its compleity is
equivalentto typical local methodsandits executionspeed
is nearlyrealtime with just 1son smallimageq5].

SGM hasbeenappliedto the problemof fully automat-
ically reconstructinghuge urbanareas(e.g. whole cities)
from highresolutionimagesof anairbornemulti-line push-
broom camera[6]. This application bene ts not only
from the accurag of SGM at sharpobjectboundariege.g.
houses)but alsofrom theMutual Informationbasednatch-
ing cost,becaus¢heusedmageshave highradiometriadif-
ferences More than17000km? of aerialimagesin resolu-
tions betweenl5-20cm/pixl have alreadybeenprocessed
by SGM.

3.2 Problemsin structur ed environments

Despitethe succes®f SGM on aerialimages thereare
someproblemsin the presencef large, partly untextured
backgroundareasastypically foundin structurederviron-
ments.Figure2 shovstwo examples.

Both disparity imagescontainwell handleduntextured
foregroundareadik e the journalin Figure2aor the chim-

ney andwalls of the housein Figure 2b. However, fore-
groundobjectboundariesreblurredinto untexturedback-
groundareasasseenattheheadin Figure2aandtheback-
groundon theright of the Teddyin Figure2b. In contrast,
objectbordersin front of texturedbackgroundappearcor
rectly. It is interestingto notethatthesekinds of problems
do not occurin the applicationof aerialimaging. This is
probablybecauseat the usedlevel of resolution,thereare
no really untexturedareasn aerialimages,at leastnot be-
hind foregroundobjects.

SGM handlesuntexturedareasby the smoothnesserm
in equation(1), which penalizeghe changeof disparityby
P. Disparity changesare accepted,f the sum of pixel-
wise matchingcostC(p; d;) at anotherdisparityd; andthe
penaltyP is lowerthanthe costC(p;d). Thereasorfor the
changeof pixelwise matchingcostof nearbypixelsis tex-
ture. Thus,untexturedareasare interpolatedsmoothly by
usingthe supportof neighboringbettertexturedareas.

A problemarisesif foregroundobjectsarein front of a
partly untexturedbackgroundIn thiscasetherequiredstep
from foregroundto backgroundlisparitycanbeplacedary-
wherenext to or within the untexturedareawithout chang-
ing the global enegy (1). Thus,the placemenbf the dis-
parity stepmainly depend®nnoise.Thecorrectplacement
canbe supportedoy makingthe penaltyP, adaptve to in-
tensity changessuchthat disparity changeswithin untex-
turedareasaremorecostly[5]. Thus,placingthedisparity
changeatthe borderof the untexturedareais preferred.

However, the adaptve penaltyhasalreadybeenusedfor
calculatingthe disparityimagesof Figure2. Thereasorfor
the still seenmisplacedobjectbordersis that SGM propa-
gatesthe costsalongstraightpaths.In Figure2b, thereare
no straightpathsleadingfrom the textured backgroundo
the placebetweenthe arm andleg on the right side of the
Teddy Thus,thealgorithmhasat this placeno information
thatthedisparityshouldnotbecontinuedsmoothlybetween
the arm and the leg. Equally dif cult is the background
aroundthe headin Figure2a. Additionally, the numberof
pathsthat meetin a point and the magnitudewith which
they suggesh certaindisparityin uencesthecorrectplace-
mentof adisparitystep.Theadaptie penaltycanonly work
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correctly if the costis gatheredrom all directionsequally
well, which is usuallythe casewith small, compactuntex-
turedareas.

Additionally, it is undesirabldor someapplicationdike
reconstructiorio haveinvalid disparitieqe.g. blackareasn
Figure 2), ascausedy the left/right consisteng checkof
SGM. Theseareaseedto beinterpolatedwithoutsmooth-
ing discontinuitiesof the disparityimage.

4. Proposedre nements of SGM

The problemsat partly untexturedbackgroundareasand
theinterpolationof invalid disparitieshave to be solvedfor
applying SGM successfullyon imagesof structuredenvi-
ronments. Furthermore,it is importantthat the solutions
mustnot increasehe compleity of SGM, asefciency is
one of the major advantagesof SGM over methodswith
comparablejuality.

4.1 Intensity consistentdisparity selection

The solutionfor avoiding the blurring of foregroundob-
jectsinto partly untextured backgroundrequiressomeas-
sumptions:

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

2. Onthesamephysicalsurfaceasthe untexturedareais
alsosometexturevisible.

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

The rst assumptions mostlycorrect,asdepthdisconti-
nuitiesusuallycauseat leastsomevisual changesn inten-
sities. Otherwise the discontinuitywould be undetectable.
The secondassumptiorstatesthat thereare at leastsome
pointson anuntexturedsurfacefor which the disparitycan
be determined. The disparity of an absolutelyuntextured
backgroundsurface would be indeterminable. The third
assumptionis clearly the wealest. Its justi cation is that
identifying untexturedareasas areasof nearly constantn-
tensitywill resultin patcheghat canbe treatedas planar
Untextured surfaceswith varying distanceusually appear
with varying intensities. Piecavise constantintensity can
betreatedaspieceavise planar

Theidenti cation of untexturedareads doneby a x ed
bandwidthMeanShift Segmentatior3] ontheintensityim-
agelp. Theradiometricbandwidths, is setto P, whichis
usually4. Thus, intensity changeshelow the smoothness
penaltyaretreatedasnoise.The spatialbandwidths s is set
to a ratherlow value for fastprocessingi.e. 5). Further
more,all sggmentsthataresmallerthana certainthreshold
(i.e. 100pixels)areignored becaussmalluntexturedareas

are usually handledwell by SGM asdiscussedn Section
3.2. The sggmentatiorresultof the Teddyimageis shavn
in Figure3a.

(a) Intensity segmentation

(b) Disparity segmentation

Figure3. Intensityandsubsequendisparitysegmentation.

A featureof SGM is the propagatiorof disparitiesfrom
texturedinto untexturedareas(Section3.2). This feature,
togetherwith the assumptiornthat someneighboringtex-
turedareasareonthesamesurface(i.e. assumptior?), lead
to therealizationthatsomedisparitieswithin eachsegment
S shouldbecorrect.Furthermoreusingpenaltied, thatdo
not dependon the size of the disparitychangepreferssud-
dendisparitychangegatherthansmoothones. Thus, sev-
eral hypothesedgor the correctdisparityof S canbeiden-
tied by segmentingthe disparity within eachsegment§.
Thisis doneby simplesegmentationywhich connectsieigh-
boringequivalentpixelswithin the 4-connectedmagegrid
[4]. Equivalentpixels differ by at most1 disparity This
fast sggmentationresultsin several sggmentsSy for each
segmentS§ asshavn in Figure3h.

Next, the surfacehypothese§; arecreateddy calculat-
ing thebest tting planeghroughthe disparitiesof Sk. The
choicefor planess basednassumptiorB. Very smallsey-
mentg(i.e.  12pixel) areignored asit is unlikely thatsuch
small patchedelongto the correcthypothesis.Then,each
hypothesiss evaluatedwithin theareaof S by,

Ex(DY= & (C(mDY+ @ PiTIDR Dgj= 1]
p2Snocc 92Np
+ & RT[DS DYj> 1))
92Np
( 4)
Dp otherwise.

Thus, all disparitieswithin sgmentS are replacedby
the surface hypothesisand the cost Ej, calculatedfor all
pixelswithin §. Themaindifferenceto equation(1) is that
pixelwise matchingcostsare not consideredt occlusions.
A pixel p is occludedjf anothempixel with higherdisparity
mapsto the samepixel g in the matchimage. This detec-
tion is performedby rst mappingp into the matchimage
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by q= eym(p; Dg). Then,the epipolarline of g in the base
imageemp(q; d) is followedfor d > Dg. Pixel p is occluded
if thereis anintersectionof the epipolarline with the dis-
parity surfacede ned by Dg.

For eachconstantintensity segmentS the surface hy-
pothesisHk with the minimum costEj is chosen.All dis-
paritieswithin § arereplacedoy valueson the chosersur
facefor makingthe disparityselectionconsistento thein-
tensitiesof the baseimage(i.e. ful lling assumptiorl).

Fi = Fyowith k= argminE; 6)
k

(
F(p) ifp2S
Dp otherwise.

(7)

0_
Dp=

Thecompleity of x edbandwidthMeanShift Segmen-
tationof theintensityimageandthe simplesegmentatiorof
thedisparityimageis linearin thenumberof pixels. Calcu-
lating the best tting planesnvolvesvisiting all sgmented
pixels. Testingof all hypothesesequiresvisiting all pixels
of all sggments for all hypothesegi.e. maximumN). Ad-
ditionally, the occlusiontestrequiresgoing throughat most
D disparitiesfor eachpixel.

Thus,the upperboundof the compleity is O(WHDN).
However, sggmentedpixelsareusuallyjustafractionof the
whole image and the maximumnumberof hypothesedN
for a sggmentis commonlysmall andoftenjust 1. In the
latter case,it is not even necessaryo calculatethe costof
thehypothesis.

Thepresenteépproachs similarto someothermethods
[2, 13, 14] asit usesimagesegmentationand plane tting
for re ning aninitial disparityimage. In contrastto other
methodstheinitial disparityimageis dueto SGM already
quite accuratesothatonly untexturedareasabove a certain
sizearemodi ed. Thus,only critical areasaretackledwith-
out the dangerof corruptingprobablywell matchedareas.
Another differenceto other methodsis that disparitiesof
the consideredareasare selectedn one stepby consider
ing a numberof hypotheseshat areinherentin the initial
disparityimage.Thereis notime consumingteration.

4.2 Discontinuity presewing interpolation

The left/right consisteng checkinvalidatesdisparities
dueto occlusionge.g. p1 in Figure4), but alsodueto other
kindsof mismatchege.g. p2 in Figure4). For interpolating
invalid disparities poth caseseedto betreateddifferently.
Occlusionamustnot be interpolatedrom the occluder but
only from the occludeeo avoid incorrectsmoothingof dis-
continuities. Thus,an extrapolationof the backgroundnto
occludedegionsis necessaryin contrastholesdueto mis-
matchesanbe smoothlyinterpolatedrom all neighboring
pixels.

Disparity of Base Image Disparity of Match Image

p]_ p2 ql q2
Figure4. Disparity of the baseandmatchimage.

Occlusionsaandmismatcheganbe distinguishedaspart
of the left/right consisteng check. Figure4 shavs thatthe
epipolarline of the occludedpixel p1 goesthroughthedis-
continuity that causeghe occlusionand doesnot intersect
the disparityfunction Dy,. In contrastthe epipolarline of
the mismatchp; intersectswith Dp,. Thus,for eachinval-
idatedpixel, an intersectionof the correspondingpipolar
line with Dy, is sought,for markingit aseitheroccludedor
mismatched.

Additionally to the consisteng check, a segmentation
Iter maybe usedthatinvalidatessmalldisparitysegments
(e.g. 20 pixel), becausehey aremostly dueto errors. The
Itered disparitiesarealsomarkedasmismatchesFigure5
shaws the occlusionsand mismatche®f the Teddyimages
thatwereidenti ed by the consisteng check.

Figure5. Occludedpixel (black)andmismatchegwhite).

For interpolationpurposesmismatchedixel areasthat
aredirectneighborof occludedpixelsaretreatedasocclu-
sions,becausehesepixels mustalsobe extrapolatedrom
valid backgroundixels. Interpolationis doneby propagat-
ing valid disparitiesthroughneighboringinvalid disparity
areas. This is donesimilarly to SGM along pathsfrom 8
directions.For eachinvalid pixel, all 8 valuesvy; arestored.
The nal disparityimageDPis createdby,

8
2 seclavivp; if p isoccluded,
D% =  medianvy if p is mismatched, (8)
[ p

" Dp otherwise.

The rst caseensureghat occlusionsare interpolated
from the lower backgrounday selectingthe secondowest
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Tsukuba (384x288x16) Venus (434x383x32)

Teddy (450x375x64) Cones (450x375x64)

Results of CSGM (HMI)

Figure6. Resultsof the new method(CSGM)on stereamageswith 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 0.88 129 476 0.14 0.60 2.00 355 871 9.70 290 924 7.80
SymBP+ocd11] 49 097 175 5.09 0.16 0.33 219 6.47 10.70 17.00| 4.79 10.70 10.90
Seggm-+visib[2] 5.0 1.30 157 6.92 0.79 106 6.76 500 6.54 1230| 3.72 8.62 10.20
CSGM 5.9 261 329 9.89 0.25 057 3.24 5.14 1180 13.00| 2.77 835 8.20
RegionTreeDP 6.6 139 164 6.85 0.22 057 1.93 742 1190 16.80| 6.31 11.90 11.80
Adapt\Weight 7.1 1.38 1.85 6.90 071 119 6.13 7.88 13.30 1860| 3.97 9.79 8.26
SemiGlob[5] 8.8 3.26 3.96 12.80 1.00 157 11.30| 6.02 1220 16.30| 3.06 9.75 8.90
GC+occ[7] 104 119 2.01 6.24 164 219 6.75| 11.20 17.40 19.80| 5.36 12.40 13.00
Layered[14] 105 157 1.87 8.28 134 185 6.85 8.64 14.30 1850| 6.59 14.70 14.40
Currently12 moreentries...

Tablel. Tablefrom Middlebury SterecEvaluation[8] usinga maximumdisparitydifferencethresholdof 1.

value,while thesecondtaseemphasizethe useof all infor-

mation. The medianis usedinsteadof the meanfor main-
taining discontinuitiesn caseswvherethe mismatchedirea
is atanobjectborder It canbe seenin Figure5 thatthere
are a few mismatchedareasat the right borderof objects
(i.e. un-occludedareas).In contrastto occlusionsthereis

no preferenceo eitheralower or higherdisparity

The presentednterpolationmethodhas the advantage
thatit is independenof the usedstereomatchingmethod.
The only requirementsarea known epipolargeometryand
the calculation of the disparity imagesfor the baseand
match image for distinguishingbetweenocclusionsand
mismatches.

The compleity of interpolationis linearto the number
of pixels,i.e. O(WH), asthereis a constannumberof op-
erationsfor eachinvalid pixel.

5. Experimental results

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

5.1 Stereoimageswith ground truth

Figure 6 shavs four stereoimageswith ground truth
[9, 10] on which mary recentstereoalgorithmshave been
tested.Thedisparityimageshave beencalculatedvith con-
stantparametersf CSGMon all images HierarchicalMu-
tual Information (HMI) hasbeenchosenasmatchingcost,
which hasits mainbene t on the Conesimages[5]. It can
be seenthatthe critical untexturedareaon the right of the
Teddyaswell asall otheruntexturedareasarehandledwell.
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Furthermoreall discontinuitiesappearsharpandsmall de-
tails of objectsaremaintained.

The results have been submittedto the Middlebury
StereoEvaluation[8] and comparedo other stereometh-
ods. Theevaluationcompareshe disparityimageswith the
correspondingroundtruthindividually atnon-occludedr
eas atall pixelsandneardiscontinuities.Pixels, wherethe
disparity differs by morethan1 from the groundtruth are
countedaserrors.Tablel shovstheerrorsin percenpf the
correspondingreafor the currentlytop-ranledalgorithms.

It can be seenthat the proposedre nementsof SGM
reducethe errors comparedto SGM (i.e. referredto as
SemiGlobin Table1). The nenv methodis the secondbest
on the Coneimagesandperformsquite well on Venusand
Teddy It doesnot performaswell assomeothermethods
on Tsukubawhich resultsin the 5th placeof currently22
algorithms.However, reducingthe maximumdisparitydif-
ferencedbetweercalculatedisparitiesandthegroundtruth
to 0.750r 0.5risesCSGMto the bestperformingalgorithm
on thesetestimages. The reasonis probablythe lack or
badperformancenf sub-pixel disparityestimationof other
algorithms.This demonstratethetheaccurag of CSGM.

The executiontime of SGM increasedy the proposed
extensionshy about30-50%o0n the testimagesof Figure6.
Most of thetime is consumedy MeanShift Segmentation.
Thetotal executiontime onthe Teddyor Conesmageswith
64 pixelsdisparityrangeis just afew second®n a2.8GHz
PC.Thisis muchlower thanthe executiontime of the most
othertop-ranledalgorithms.

5.2 Stereoimagesof structur ed scenes

Figure 7 shows a few examplesof structurederviron-
ments,which weretakenfrom a sterecsequencef a walk
throughanindoorenvironment.Thedisparityimageswith-
out the proposedextensions(i.e. SGM) areshown in the
secondrow. It canbe seenthat objectbordersin front of
untexturedareasappearfuzzy. Thethird row shovsthedis-
parityimageswith the proposedntensityconsistentlispar
ity selection. Objectbordersin front of untextured areas
appeamuchcleanerandmorecorrect,especiallyin the of-
ce image.Black areagepresentinknavn disparities due
to occlusionsor Itered mismatchesTheresultof interpo-
lating theseareasis shown in the lastrow. Objectborders
aremaintainedduring interpolation. Fine structuredik e at
the Chairsor the small objectsin the Kitchen appearwell
maintained.

5.3 Limitations of the method

Despitethe obvious improvementsdueto the proposed
extensionsof SGM, thereare casesn which they canfail.
Thecircle in disparityimageof the Of ce scenan Figure7
marksa placewhereapartof the posterata columnin front
of the wall is wrongly labeledwith the samedepthasthe

wall. This happenshecausehereis no visual changebe-

tweenthe backgroundvall andthe white part of the poster
(violation of the rst assumptionn Section4.1). Thus,the

methodtriesto nd a commonplanefor the background
and partof theforeground.

The circlesin the disparity imagesof the other scenes
mark placeswherethe disparitiesof anuntexturedareaare
wrong. All of theseerrorsarenearimageborders.At these
placesthechanceshatSGMhaspropagatedorrectdispar
ities into the untexturedareais reducedasonly a partof the
untexturedareaandnotthe completebordersof it areseen.
For the samereasontestingof differenthypothesiss more
error prone. Due to thesereasonsijt may be betterto set
untexturedareasatimageborderdo invalid (i.e. unknown).

6. Conclusion

It hasbeenshaowvn thatthe proposedntensityconsistent
selectionof disparitiesaswell asthe discontinuitypreserv-
ing interpolationof disparitiesmprove the performancef
SGM especiallyin structurecervironments.

Thenew CSGMmethodperformsaccuratenatchingand
producessharpobjectboundariesevenin the presencein-
textured backgroundareas. It canhandlecomplex shapes
and ne structuresn the presencef texture andfalls back
to a planarmodelat untexturedareasonly. Possibleradio-
metricdifferencesrehandledobustly by Mutual Informa-
tion asin SGM. Left/right consisteng checkingand sub-
pixel estimationis performed.Furthermorejnvalid dispar
ities areinterpolatedn adiscontinuitypreservingvay.

A comparisorhasshovn that CSGM cancompetewith
the currently top-ranked stereoalgorithms,but at a much
lower compleity andruntime. Thesefeaturesnake CSGM
avery valuabletool for mary practicalsituations.
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