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Abstract

Thiswork presentsa techniquefor computingdensedis-
parity mapsfrom a binocular steeo camea system. The
methodsare appliedin an AugmentedReality setting for
combiningreal and virtual worlds with proper occlusions.
Theproposedstereo correspondenceecniqueis basedon
areamatding andfacilitatesan ef cient strategy by using
the conceptof a three-dimensionasimilarity accumulator
wheebyocclusionsare detectecand objectboundariesare
extractedcorrectly Themain contribution of this paperis
thewaywe Il the accumulatorusing absolutedifferences
of imagesand computinga mean lter on thesedifference
images. Thisis whele the main advantaes of the accu-
mulator appmach can be exploited, sinceall entriescan
be computedn parallel andthusextremelyefcient. Addi-
tionally, we performan asymmetriccorrectionstepand a
post-pocessingf the disparity mapsthat maintainsobject
edees.

1. Intr oduction

In this papemweintroduceamethodfor computingdense
disparitymapsfor a sterecimagepair. The applicationwe
have in mind is AugmentedReality, wherecomputergen-
eratedvirtual objectsareto be renderednto a real scene
with properocclusionhandling. A vastamountof litera-
tureis availableon the geometryandcalibrationof binocu-
lar stereocamerasystemg5, 8], hencewe will notgointo
detail at this point. Besideghe classicalapproachefor es-
tablishingcorrespondencdsetweertwo imageswhich are
feature-andarea-basethatching,othertechniquesuchas
phase-and enegy-basedoneshave beendeveloped. An
overview canbefoundin [1]. We proposeheuseof block-
matchingby exploiting the advantage®f a similarity accu-
mulatorresultingin averyef cient computatiorschemédor
consistentlensedisparitymaps.3-D accumulatoconcepts
have beendevelopedpreviously, e.g. see[15] and [18].
AugmentedReality applicationsusing disparity mapscan
befounde.g.in [12, 16]. Otherapproachedonotcompute
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disparity maps,but usecontourbasedmethodsfor resolv-

ing occlusionsasin [3]. In [12] a recursve approachfor

computingdisparity mapsfor video-conferencingcenar

ios is presented.The topic of obtainingdisparityfor tele-

presencepplicationdy combiningoptical o w techniques
andblock-matchings addresseth [16].

A disparity computationalgorithmthatis to be usedin
an AugmentedReality applicationhasto meetthe follow-
ing requirements:

Real-Tme: Ef ciency of thestereaalgorithmis a determin-
ing criterionfor thelateng andthusthereal-timecapability
of thewhole AugmentedReality system.
LeftandRightDepthMaps: For a stereoscopidugmented
Reality systemit is necessaryo have depthmapsfor both
cameraimages. It is importantto get consistentmapsin
bothimagesj. e.occlusiongn theleft imagemust t to oc-
clusionsin theright imageandvice versa.

Dense Disparity Maps: The disparity maps should be
dense,i. e. they shouldcontaina disparity for eachpixel,
otherwiseocclusionof virtual objectsby real objectswill
beinsufcient.

SharpEdges: Edgesf realobjectsshouldbeextractedvery
well sinceexactly atthesdocationsvirtual andreal objects
meeteachother, and smoothtransitionswould lessenthe
immersioninto theaugmentedcene.

Detectionof Occlusions:In the caseof occludingobjectsin
the real sceneno correspondingpoints canbe detectedor
someareasof the two images. The correspondencalgo-
rithm shouldbe ableto detecttheselocationsin theimages
so that gapsin the disparity mapscanbe lled in a post-
processingstep.

In the following sectionwe will presentatechniquefor
computingdensedisparity mapsmeetingthe requirements
above. Resultsarepresentedn Sect.3 togetherwith some
examplesof realscenesaugmentedby virtual objects.

2. Disparity Calculation

In thefollowing wewill describehow to computedispar
ity mapsfrom two recti ed images.Thetermrecti cation
denotesa transformatiorof a given sterecimagepair such
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Figure 1. Disparity levels of a(recti ed) stereo
camera system.

that correspondingepipolarlines are colinearand parallel
with oneof theimageaxes,usuallythehorizontalone. This
recti ed image pair, also called normalizedstereoimage
pair, canbe considerecasimagestakenby a stereocamera
systemthatcanbederivedfrom theoriginal oneby rotating
the camerasroundthe optical center The mainadwantage
of usingrecti ed imagesis that correspondingoints can
befoundonthe samescanlinein bothimageswhich makes
searchingnucheasierandfastersinceno resamplingof the
imagesalongtheepipolarineshasto bedoneoverandover
again.In [7] anef cient recti cation algorithmis presented,
whichis usedhere.

For correspondenceomputationwe introducethe con-
ceptof a similarity accumulator Although other authors
[15, 18] alsousethree-dimensionakccumulatorsvith dis-
parityasthethird dimensionpurconcepis new in thesense
thatit canbe seenasanabstracintermediatestepbetween
the lling of the accumulatorcells usinga certainsimilar
ity measureandthe actualmatchingfor obtainingthe two
disparity maps. Additionally, we perform an asymmetric
correctionstepanda post-processingf the disparitymaps
thatmaintainsobjectedges.

In the following sectionswe will describethe similar-
ity accumulatorand how to computedenseand consistent
disparitymapsfrom the lled accumulatocells.

2.1 Similarity Accumulator

For nding correspondingointsin a sterecimagepair
we usea block-matchingmethodbasedon computingthe
sumof absolutedifferencegSAD) of two blocks:

"sap (U;v;d) =
oo

jliu+ 5 v+ ) I(u d+ ; v+ )j;

1)

wherel, andl, denotethe left and right image,d is the
disparity w thewindow sizeand(u; v) arethe coordinates
of thecenterpixel of theblock,where" spp is computed.
Figurel shavstheorigin of the block displacementbe-
tweenleft andrightimage.For simplicity only four viewing
rays(imagecolumns)areshavn from top. The main point
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Row of left Disparity Map Row of right Disparity Map
Figure 2. Schematic representation of an ac-
cumulator layer and strategy for determining
the respective row in the left (D)) and right
(D) disparity map. The gray-value of an ac-
cumulator cell re ects the similarity between
left and right image of a certain pixel when the
disparity is given. Dark means strong, light
means weak similarity . See text for a more
detailed description.

is the overlappingof the elds of view of thetwo cameras.
A planarobjectlying in theplanedenotedy disparitylevel
d is displacedin the right imageexactly d pixel columns
with respectto the left image. Disparity level O is at in-
nity , level 4 meansthatthe objectis only visible for one
camera.

It is possibleto build a three-dimensionakimilarity
accumulatorcontainingthe two dimensionsof the image
planesplusdisparityasthethird dimension.Theintensities
l1(u;v) andl(u d;v) areusedfor computingthesimilar-
ity measurean accumulatorcell a(u; v; d). The sizeof the
accumulatois de ned by theimagesizeu,, vy andthe
disparityrange[dmin; dmax] in consideration(um + dmax)

Vm  (dmax  dmin+ 1).

The actualcomputationof accumulatorentrieswill be
describedn Sect.2.4. First, we will shav how to getdis-
parity mapsfrom analready lled accumulatar

2.2 ConsistentLeft and Right Disparity Maps

The similarity accumulatorallows us to tell which dis-
parity is themostlik ely onefor eachpixel, if all accumula-
tor cellswerecomputed.

Figure 2 showns a schematiaepresentationf the proce-
duredescribedn thefollowing. Onecanseealayerv of the
accumulator thatallows usto computethe corresponding
row v in the left andright disparity map. The entriesof
theaccumulatoare paintedin differentshade®f gray;the
darker the gray-valuethe morelikely is the assignmenof
the correspondinglisparity value. In orderto getthe op-
timal disparitiesof an arbitraryrow v for the left disparity
map D), a vertical seach (with respectto the scheme)s
donein theaccumulator:

8u 2 [0; un 1]:Dy(u;v) = argmin a(u;v;d): (2)

d2 [dmin;d ma>J



It is assumedhatsmalleraccumulatoentriesgive a higher
similarity, which is true whenusing"sap (equation(1)).
Therow v of theright disparitymapD, is computedby a
diagonalseach in layerv of theaccumulator:
8u2[0;un 1]:D¢(u;v) = argmin a(u+ d;v;d):
d2 [dmin;d max]
®3)

To getthe completemaps(2) and(3) are evaluatedfor all
rows v 2 [0; v,y 1],i. e.all accumulatotayers.

Oneproblemis thatup to now we do not know anything
aboutthe con denceof a disparity value computedby (2)
and(3). Thisis especiallyimportantif thereareoccluding
objectsin the images,sinceno left/right correspondences
areavailablein thatcase. A simple solutionwould be to
introduceathreshold:If all accumulatoentriesin acertain
diagonalor vertical direction are belown the threshold,an
occlusionandthusanunde neddisparityis likely. In Fig. 2
thisis the casefor D((1; v) andD((5; V). Butit is still open
how to choosehis threshold.

Another problemis the consistencyof the pair of dis-
parity mapsD,; D,. If themapsareto be usedfor a stereo-
scopicaugmentationf arealsceneijt isimportanthateach
scenepoint has matchingdisparitiesin the left and right
map,otherwisewe would getdifferentocclusionsof virtual
andrealobjectsin the two images.We will how shav how
to solve theseproblems.

In the majority of caseshomogeneousmage regions
have the effect that the accumulatothas mary very good
similarity entriesin diagonalandverticaldirection,respec-
tively. If ahomogeneousegion (e.g. a white wall) is par
tially occludedby aforegroundobject(e.g.a oor lamp)in
therightimage thenon-occludedhomogeneoupartsin the
rightimageleadto wrongcorrespondences theleft image
which areactuallycorrespondence-les$he problemhere
is thatthosematchesave a goodsimilarity valueandthus
cannotbe Itered out by the thresholdmethodmentioned
above. Thereforewe will now give atechniquefor verify-
ing disparitiesin theaccumulatar

In early paperson computingdensedisparitymapsfrom
steredmageq13, 14], Marr andPoggiomake two assump-
tions abouta stereosystem,uniquenessnd continuity of
the disparitymap. That meanseachpixel in the two im-
agescan have exactly one disparity and thus exactly one
depthin the scene. If we look at the accumulatorcells
(u=1;v;d= 0) and(u = 3;v;d = 2) in Fig. 2, thatgive
the bestvaluesfor the vertical searchfor D (u = 1;v) and
D(u= 3;v), we canseethatthe uniguenessissumptions
violated,sincebothcellslie on adiagonalandthediagonal
searchfor D(u = 1;v) hasto decidefor the betterone of
bothvalues.Thustwo pixelsin theleft imagearematched
to the samepixel in therightimage.In Fig. 2 thisis empha-
sizedby thearrows below the rows of the computeddispar
ity maps.

Hencefor eachpixel (u;v) the computedeft disparity
mapis testedfor satisfyingthefollowing constraint:

iD/(u doi : (4)

Di(u;Vv); v) D (u; v)j

If the constraintis violated,the entry in the disparity map
D,(u; v) issettounde ned Thisadditionalveri cation step
enforcesthe uniquenessf di = 0. In somecasest is
desirablgo permitsmalldeviations,i. e.to permitaslightly
differentdisparity for the correspondingixel. For stereo
imageswith awide disparityrange [dmin; dmax] atolerance

disparitylevel arenot signi cant.

Theright disparitymapis veri ed by thefollowing con-
dition:

jDi(u+ Dr(u;v); v)

D((u; V)j ol (5)

Thus we gain (with dy = 0) consistentleft and right
disparity maps. Both mapsstill containunde ned entries
which have to be lled. In Fig. 2 unde neddisparitiesare
parenthesized.

2.3 Filling the Gaps

Most methodge.qg. [12]) for computingdensedisparity
maps Il gapsin the mapsby simple linear interpolation
in the directionof the epipolarlines. The drawvbackis that
neighboringlines are treatedindependentlyof eachother
andthusoftenviolate the postulateccontinuity criterionin
the disparitymapin vertical direction. Henceit is impor-
tantto useall availabledisparityinformationnearthe gap
to be lled. We foundthe following techniqueto give very
satisfyingresults.

First,aMedian Iter with asmallmasksize(3 3or5 5)
is appliedto the mapin orderto Il smallgaps,especially
thosethat camefrom missing correspondencesausedby
perspectie distortions.Additionally, the Median Iter sup-
pressesoisewhile maintainingedgesn thedisparitymap.
A generouslydimensionednorphologicalkclosingoperator
(i. e. dilation followed by erosion)is usedfor lling larger
gaps.This bringsthe desiredeffect thatforegroundobjects
consistof contiguousdisparity regions. Examplesfor the
dimensionof the closingoperatorcanbefoundin Sect.3.

At the endlarge unde nedregionsare lled alongthe
scanlines(which are the epipolarlines since we recti ed
the images)usingthe smallerof the two disparitiesat the
left andright end of the gap. The reasonfor this is that
unde ned regions are mainly causedby occlusionswhere
objectsfar away (having small disparities)are occludedby
nearobjects(having largedisparities).

In the following sectionwe will answerthe still open
guestionof how to computethe entriesof theaccumulatar

2.4. Computing Similarity Accumulator Entries

A cell of the three-dimensionahccumulatora(u; v; d)
rateshesimilarity of thepixel I (u; v) andl .(u d;v) while
consideringatleastthelocal neighborhoodA simpleblock
matchingwould be sufcient, but we will seethatthe con-
structionof theaccumulatoallows usto bemoreef cient.

With awindow sizeof 2w+ 1) (2w + 1) thecom-
putationof "sap(u; v; d) for a giventriple (u; v; d) needs



Figure 3. The 9 windows used for block
matc hing for a window size of 7 7, 8 of
them asymmetric.

(2w + 1)? subtractionsndcalculatingthe absolutevalues,
and(2w)? additions.With animagesizeof u,, v, anda
disparityrangeof [dmin; dmax] thisresultsin umVmdm(2w+
1)? absolutedifferencesand u,vmdm(2w)? additions, if
On = (dmax dmin + 1) andif we omittheimageborders.

Thesimilarity accumulatoallows usto useamuchmore
efcient methodfor computing”sap(u;v; d) asan entry
a(u; v; d). We startby computingthe absolutedifferences
of the two imagesat a certaindisparityd. Thuswe getdp,
differencémagestheabsolutadifferencesrestoredin the
accumulatar This way only unvmdy, absolutedifferences
have to be computed.

Theresultcouldbeusedasa similarity measurdor cor-
respondingpixelsin theleft andright image: Largevalues
meanlow, small valueshigh similarity. Thesedifference
imagesaloneareequialentto a block matchingwith win-
dow sizel 1 (i.e.w = 0) andthusarevery noisy ac-
cumulatorentries. This canbe avoidedby applyingan ad-
ditional mean Iter on the differenceimageswith window
size(2w+ 1) (2w+ 1). Sincewe will work with integers
in practice,oneshouldusea modi ed mean Iter thatonly
sumsthe valueswithout dividing by their number Such
amodi ed mean lter is separableandthuscanbeimple-
mentedo work in lineartime compleity with respecto the
imagesize,becauséor eachpixel only oneadditionandone
subtractionis necessarygiving atotal of 2u,vndm opera-
tions for computingthe sumof absolutedifferencef the
dnm layersof the similarity accumulatar

2.5. Extensions

Whatwe did not consideltyetis thekind of window that
de nes the neighborhoodor block matching. Up to now
we useda symmetricwindow; however, this leadsto bad
SAD valueswhenthe window coversedgesof objectsand
thusdifferentdisparities. Thereforeit is usefulto apply a
conceptintroducedin [6], where9 differentwindows are
used 8 of themasymmetricFigure3 shovsthe 9 windows
for awindow sizeof 7 7 (i.e.w = 3). Thewindow giving
the bestSAD valuedetermineghe disparity of the current
pixel.

The methoddescribeds very ef cient andcaneasilybe
integratedin the conceptof the accumulator:First the dis-
parity mapsarecomputedasdescribedabore; for comput-
ing thecell entriesthe symmetricmean Iter is used.After
constructingthe mapsby vertical and diagonalsearch for
eachpixel the disparity andthe SAD value are compared
with the 8 neighboringSAD valueswhereneighborhoods
de ned by the black pixelsin thewindows shavn in Fig. 3,
which are combinedinto one maskby taking the current

Figure 5. Original image (top left), disparity
map before (top right) and after (bottom left)
sync hronization, and nal disparity map (bot-
tom right) of desk image pair. Shown is the
left image only.

pixel asthe centerof eachwindow. Thewindow sizehasto
be the sameasthe oneof the symmetricmean lter . If one
of the 8 pixelsin the maphasa betterSAD value,thatone
is usedinsteadof the original one. This makessensesince
the currentpixel is apparentlyonebelongingto the edgeof
an object,becausehis pixel wasusedat the borderof the
window for computingthe symmetricmeanof the chosen
neighbor

Figure4 shavs the completeprocesof computingcon-
sistentdisparity maps. An additional speed-upcan be
gainedby using Gaussiarpyramidsin the following way:
Insteadof computingthe disparitymapsat the nest reso-
lution, we computea pyramid and the mapsat the coars-
estresolution. Subsequentlyhesemapscan be scaledto
the original resolutionby a Gaussianlter. This results
in disparity mapshaving lessquality, but the speedup is
enormousWhenusinga pyramid with just two levels,the
speedup is afactorof 8, whenusingthreelevelsthe factor
is 64. Thisresultsfrom thesizeof theaccumulatgwhichis
halvedin eachdimensionat eachadditionalpyramidlevel.

3. Experiments

For implementatiorwe usedthe Intel ImageProcessing
Library IPL [10] and Intel OpenCV Library [11] because
of their optimizedroutines. Figure5 shawvs a sequencef
processingsteps,startingfrom an original imagepair cre-
atedby Povray. Largedisparitiesareencodedaslight gray-
values,small disparitiesas dark gray-values;black pixels
are unde ned. In Fig. 5 top right the disparity map be-
fore synchronizatiorof bothmapsis showvn. It canbe seen
thatthis mapwascomputedveryreliableatlocationswhere
correspondencesould be actually established.However,
regionsthat were occludedin one of the imagesresultin
obviously wrong disparities. Synchronizatiorwith atoler
anceof di,; = 0 resultsin themapshowvn atthebottomleft.
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Figure 4. Data- o w for computing consistent disparity maps for the left and right image.

Parameter desk head tree roffl roff2

ImageSize 384 288 384 288 256 233 720 576 720 576
PyramidLevels 1 1 1 1 2
DisparityRange 12-59 0-15 0-7 28-75 14-37
No. Disparity Layers 48 16 8 48 24
Sizeof Correlationwindow 55 33 33 77 33
Tolerancevalue dy 0 1 0 0 0
Sizeof Median 55 55 55 55 33
No. of ClosingOperations 5 3 1 5 2

Table 1. Parameter values for disparity computation.

Thewrongdisparitiesarenow unde ned,resultingin mary
smallgaps.As shavnin the nal mapin Fig. 5 bottomright,
thosegapswere lled afterapplyinga Median Iter of size
5 5in apost-processingtep. In additionto the Median
we useda closing operatoy consistingof a dilation which
wasapplied5 timesfollowedby 5 erosions Masksizewas
3 3inbothcasesTheparametersisedfor computingthe
disparitymapscanbefoundin Table1, computatiortimes
in Table2. In additionto the arti cial Povray imagepair

Disparity Comp. desk head tree roffl roff2

RGB! Gray 2 2 1 7 9
AccumulatorComp. 91 32 17 342 44
Vert.+Diag.Search 98 41 11 396 51
AsymmetricCorr. 24 26 15 87 23
Synchronization 1 2 1 9 2
Post-Processing 11 10 6 42 9
PyramidComp. — — — — 17
Total 227 113 51 883 155

Table 2. Disparity computation times in msec
on aLinux-PC with Intel Pentium 4, 1.9 GHz.

desk wegivetheparameterandcomputatiortimesfor the
stereaeferencémagepairshead [17] andtree [4]. Dis-
parity mapsfor head andtree areshavnin Fig. 6. The
roffice imagepair [2] wastaken by a hand-heldcam-
era(notstereo)ytourinstitute. Calibrationinformationwas
obtainedby a structurefrom motionapproacH9]. Figure7
(top) shaws therecti ed imagepair. The columnsin Table
1 and2 denotedby roffl  androff2  referboth to the
imagepairroffice . Thedifferencds thatfor roff2 we
applieda two level pyramid algorithmasdescribedn the
previous section. Computeddisparitymapsfor the param-
etersroffl areshawvnin Fig. 7 (middle). Theapplication
of the Gaussiarpyramid givesa slightly coarseresolution
of themaps but resultsin aspeedup factorof 5-6.
Sinceourgoalis to applythecomputediisparitymapsin
AugmentedReality, we transformedheminto depthbuffer
entrieghatcanbeuseddirectly by OpenGL-Hardvare.The
resultof augmentingheroffice  scenewith four objects
usingthe disparity mapsfrom Fig. 7 (middle) is shavn in

Figure 6. Left image and disparity map of
head (top) and tree (bottom), parallel stereo
con guration.

Fig. 7 (bottom). The occlusionof virtual objectsby ele-
mentsof therealscenes fairly good,especiallyif youlook
attheedge=f the objects.

4. Conclusion

We proposeda methodfor computingdensedisparity
mapsfor two recti ed imagesobtainedby a stereocam-
era. The edgeof objectsaremaintainecandwe areableto
computethe mapsfor smallerimagesizesalmostin real-
time. Disparitiesare obtainedusing a methodbasedon
the conceptof a similarity accumulatar The basic prin-
ciple is an area-basednatchingusing the sum of abso-
lute differenceswhich canbe acceleratedonsiderablyby
a three-dimensionahccumulatar becausehe differences
betweenthe samepixels have to be computedonly once.
Sincewe userecti ed imagesonly horizontal disparities
have to be considered.To get the disparitieswe compute
(dmax dmin*+ 1) differenceémagesobtainedby displacing



Figure 7. roffice image pair, taken by
a hand-held camera. Top: rectied im-
ages. Middle: Disparity maps for parameter s
roffl . Bottom: Augmented scene

the two imageshorizontallyby d = dmin; :::; dmax piX-
els followed by pixel wise computationof absolutediffer-
ences. Thesedifferenceimagesare mean- lteredusing a
small mask;the resultis usedasthe entriesof the cells of
thethree-dimensionaimilarity accumulatar

A specialmethodfor accessingheaccumulatocellsal-
lows usto computetwo disparitymaps,onefor eachstereo
image. An asymmetriccorrectionstepis performedon the
mapsin orderto getanupdatefrom asymmetrido anasym-
metric block-matchingthat maintainsobject edgesin the
disparitymaps.

Sinceocclusiondeadto correspondence-leaseasn the
imagesthetwo mapsaresynchronizedi, e.onepixelin the
left imagemayonly correspondo onepixelin therightim-
ageandvice versa. This enableausto localizewrong cor
respondenceandto extractobjectedgesexactly, sinceusu-
ally occlusionsare causedat theseedgeswhich often lead
to wrongdisparities.Theresultingmapsarepost-processed
usinga Median lter anda morphologicaklosingoperator

The quality of the mapswas evaluatedusing rendered
andreal stereoimages.Computationtime mainly depends
on the resolutionand the disparity rangeand was about
100-200 millisecondsfor image pairs having a resolution
of 384 288

The methodcan be acceleratedby using a resolution
pyramid, sincea bisectionof theimagesizein bothdimen-
sionsreducedhevolumeof the similarity accumulatoand
thuscomputatiortime by 1=8.
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