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Abstract

Thisworkpresentsa techniquefor computingdensedis-
parity mapsfrom a binocular stereo camera system.The
methodsare applied in an AugmentedReality settingfor
combiningreal andvirtual worlds with proper occlusions.
Theproposedstereocorrespondencetechniqueis basedon
areamatching andfacilitatesan ef�cient strategy by using
theconceptof a three-dimensionalsimilarity accumulator,
wherebyocclusionsare detectedandobjectboundariesare
extractedcorrectly. Themain contribution of this paperis
theway we �ll the accumulatorusingabsolutedifferences
of imagesand computinga mean�lter on thesedifference
images. This is where the main advantagesof the accu-
mulator approach can be exploited, sinceall entriescan
becomputedin parallel andthusextremelyef�cient. Addi-
tionally, we performan asymmetriccorrectionstepand a
post-processingof thedisparitymapsthatmaintainsobject
edges.

1. Intr oduction

In thispaperweintroduceamethodfor computingdense
disparitymapsfor a stereoimagepair. Theapplicationwe
have in mind is AugmentedReality, wherecomputergen-
eratedvirtual objectsare to be renderedinto a real scene
with properocclusionhandling. A vastamountof litera-
tureis availableon thegeometryandcalibrationof binocu-
lar stereocamerasystems[5, 8], hencewe will not go into
detailat this point. Besidestheclassicalapproachesfor es-
tablishingcorrespondencesbetweentwo images,whichare
feature-andarea-basedmatching,othertechniquessuchas
phase-and energy-basedoneshave beendeveloped. An
overview canbefoundin [1]. We proposetheuseof block-
matchingby exploiting theadvantagesof a similarity accu-
mulatorresultingin averyef�cient computationschemefor
consistentdensedisparitymaps.3-D accumulatorconcepts
have beendevelopedpreviously, e.g. see[15] and [18].
AugmentedReality applicationsusingdisparitymapscan
befounde.g. in [12, 16]. Otherapproachesdonotcompute

disparitymaps,but usecontour-basedmethodsfor resolv-
ing occlusions,asin [3]. In [12] a recursive approachfor
computingdisparity mapsfor video-conferencingscenar-
ios is presented.The topic of obtainingdisparity for tele-
presenceapplicationsby combiningoptical�o w techniques
andblock-matchingis addressedin [16].

A disparitycomputationalgorithmthat is to be usedin
an AugmentedReality applicationhasto meetthe follow-
ing requirements:
Real-Time: Ef�ciency of thestereoalgorithmis adetermin-
ing criterionfor thelatency andthusthereal-timecapability
of thewholeAugmentedRealitysystem.
Left andRightDepthMaps: For a stereoscopicAugmented
Realitysystemit is necessaryto have depthmapsfor both
cameraimages. It is importantto get consistentmapsin
bothimages,i. e.occlusionsin theleft imagemust�t to oc-
clusionsin theright imageandviceversa.
Dense Disparity Maps: The disparity maps should be
dense,i. e. they shouldcontaina disparity for eachpixel,
otherwiseocclusionof virtual objectsby real objectswill
beinsuf�cient.
SharpEdges:Edgesof realobjectsshouldbeextractedvery
well sinceexactlyat theselocationsvirtual andrealobjects
meeteachother, andsmoothtransitionswould lessenthe
immersioninto theaugmentedscene.
Detectionof Occlusions:In thecaseof occludingobjectsin
the real sceneno correspondingpointscanbe detectedfor
someareasof the two images. The correspondencealgo-
rithm shouldbeableto detecttheselocationsin theimages
so that gapsin the disparitymapscanbe �lled in a post-
processingstep.

In the following sectionwe will presenta techniquefor
computingdensedisparitymapsmeetingthe requirements
above. Resultsarepresentedin Sect.3 togetherwith some
examplesof realscenesaugmentedby virtual objects.

2. Disparity Calculation

In thefollowingwewill describehow to computedispar-
ity mapsfrom two recti�ed images.The termrecti�cation
denotesa transformationof a givenstereoimagepair such
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Figure 1. Disparity levels of a (recti�ed) stereo
camera system.

that correspondingepipolarlines arecolinearandparallel
with oneof theimageaxes,usuallythehorizontalone.This
recti�ed imagepair, also called normalizedstereoimage
pair, canbeconsideredasimagestakenby a stereocamera
systemthatcanbederivedfrom theoriginaloneby rotating
thecamerasaroundtheopticalcenter. Themainadvantage
of usingrecti�ed imagesis that correspondingpointscan
befoundon thesamescanlinein bothimageswhichmakes
searchingmucheasierandfastersincenoresamplingof the
imagesalongtheepipolarlineshasto bedoneoverandover
again.In [7] anef�cient recti�cation algorithmis presented,
which is usedhere.

For correspondencecomputationwe introducethe con-
ceptof a similarity accumulator. Although other authors
[15, 18] alsousethree-dimensionalaccumulatorswith dis-
parityasthethirddimension,ourconceptisnew in thesense
that it canbeseenasanabstractintermediatestepbetween
the �lling of the accumulatorcells usinga certainsimilar-
ity measureandthe actualmatchingfor obtainingthe two
disparity maps. Additionally, we perform an asymmetric
correctionstepanda post-processingof thedisparitymaps
thatmaintainsobjectedges.

In the following sectionswe will describethe similar-
ity accumulatorandhow to computedenseandconsistent
disparitymapsfrom the�lled accumulatorcells.

2.1. Similarity Accumulator

For �nding correspondingpoints in a stereoimagepair
we usea block-matchingmethodbasedon computingthe
sumof absolutedifferences(SAD) of two blocks:

"SAD (u; v; d) =
wX

� = � w

wX

� = � w

jI l (u + �; v + � ) � I r (u � d + �; v + � )j ;

(1)

whereI l and I r denotethe left and right image,d is the
disparity, w thewindow sizeand(u; v) arethecoordinates
of thecenterpixel of theblock,where" SAD is computed.

Figure1 showstheorigin of theblockdisplacementsbe-
tweenleft andright image.For simplicity only four viewing
rays(imagecolumns)areshown from top. Themainpoint
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Figure 2. Schematic representation of an ac­
cum ulator layer and strategy for determining
the respective row in the left (D l) and right
(D r) disparity map. The gray­value of an ac­
cum ulator cell re�ects the similarity between
left and right image of a cer tain pix el when the
disparity is given. Dark means str ong, light
means weak similarity . See text for a more
detailed description.

is theoverlappingof the �elds of view of thetwo cameras.
A planarobjectlying in theplanedenotedby disparitylevel
d is displacedin the right imageexactly d pixel columns
with respectto the left image. Disparity level 0 is at in-
�nity , level 4 meansthat the objectis only visible for one
camera.

It is possible to build a three-dimensionalsimilarity
accumulatorcontainingthe two dimensionsof the image
planesplusdisparityasthethird dimension.Theintensities
I l(u; v) andI r(u � d;v) areusedfor computingthesimilar-
ity measurein accumulatorcell a(u; v; d). The sizeof the
accumulatoris de�ned by the imagesizeum � vm andthe
disparityrange[dmin; dmax] in consideration:(um + dmax) �
vm � (dmax � dmin + 1).

The actualcomputationof accumulatorentrieswill be
describedin Sect.2.4. First, we will show how to getdis-
paritymapsfrom analready�lled accumulator.

2.2. ConsistentLeft and Right Disparity Maps

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

Figure2 shows a schematicrepresentationof theproce-
duredescribedin thefollowing. Onecanseealayerv of the
accumulatora thatallows usto computethecorresponding
row v in the left and right disparity map. The entriesof
theaccumulatorarepaintedin differentshadesof gray;the
darker the gray-valuethe morelikely is the assignmentof
the correspondingdisparityvalue. In order to get the op-
timal disparitiesof an arbitraryrow v for the left disparity
mapD l , a vertical search (with respectto the scheme)is
donein theaccumulator:

8u 2 [0; um� 1] : D l(u; v) = argmin
d2 [dmin;dmax]

a(u; v; d) : (2)



It is assumedthatsmalleraccumulatorentriesgiveahigher
similarity, which is true when using " SAD (equation(1)).
The row v of the right disparitymapD r is computedby a
diagonalsearch in layerv of theaccumulator:

8u 2 [0; um� 1] : D r(u; v) = argmin
d2 [dmin;dmax]

a(u + d;v; d) :

(3)
To get the completemaps(2) and(3) areevaluatedfor all
rows v 2 [0; vm� 1] , i. e.all accumulatorlayers.

Oneproblemis thatup to now wedonot know anything
aboutthe con�denceof a disparityvaluecomputedby (2)
and(3). This is especiallyimportantif thereareoccluding
objectsin the images,sinceno left/right correspondences
areavailable in that case. A simplesolutionwould be to
introducea threshold:If all accumulatorentriesin acertain
diagonalor vertical direction are below the threshold,an
occlusionandthusanunde�neddisparityis likely. In Fig. 2
this is thecasefor D l(1; v) andD r(5; v). But it is still open
how to choosethis threshold.

Another problemis the consistencyof the pair of dis-
parity mapsD l ; D r. If themapsareto beusedfor a stereo-
scopicaugmentationof arealscene,it is importantthateach
scenepoint hasmatchingdisparitiesin the left and right
map,otherwisewewouldgetdifferentocclusionsof virtual
andrealobjectsin thetwo images.We will now show how
to solve theseproblems.

In the majority of caseshomogeneousimage regions
have the effect that the accumulatorhasmany very good
similarity entriesin diagonalandverticaldirection,respec-
tively. If a homogeneousregion (e.g. a white wall) is par-
tially occludedby a foregroundobject(e.g. a �oor lamp)in
theright image,thenon-occludedhomogeneouspartsin the
right imageleadto wrongcorrespondencesin theleft image
which areactuallycorrespondence-less.Theproblemhere
is that thosematcheshave a goodsimilarity valueandthus
cannotbe �ltered out by the thresholdmethodmentioned
above. Thereforewe will now give a techniquefor verify-
ing disparitiesin theaccumulator.

In earlypapersoncomputingdensedisparitymapsfrom
stereoimages[13, 14], Marr andPoggiomaketwo assump-
tions abouta stereosystem,uniquenessand continuityof
the disparitymap. That means,eachpixel in the two im-
agescan have exactly one disparity and thus exactly one
depth in the scene. If we look at the accumulatorcells
(u = 1; v; d = 0) and(u = 3; v; d = 2) in Fig. 2, that give
thebestvaluesfor theverticalsearchfor D l(u = 1; v) and
D l(u = 3; v), we canseethat theuniquenessassumptionis
violated,sincebothcells lie on a diagonalandthediagonal
searchfor D r(u = 1; v) hasto decidefor the betteroneof
bothvalues.Thustwo pixelsin the left imagearematched
to thesamepixel in theright image.In Fig.2 this is empha-
sizedby thearrowsbelow therowsof thecomputeddispar-
ity maps.

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

jD r(u � D l(u; v); v) � D l(u; v)j � dtol : (4)

If the constraintis violated,the entry in the disparitymap
D l(u; v) is setto unde�ned. Thisadditionalveri�cation step
enforcesthe uniquenessif dtol = 0. In somecasesit is
desirableto permitsmalldeviations,i. e.to permitaslightly
differentdisparity for the correspondingpixel. For stereo
imageswith a wide disparityrange[dmin; dmax] a tolerance
valueof dtol = 1; : : : ; 5 canmake senseif changesof one
disparitylevel arenot signi�cant.

Theright disparitymapis veri�ed by thefollowing con-
dition:

jD l(u + D r(u; v); v) � D r(u; v)j � dtol : (5)

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

2.3. Filling the Gaps

Most methods(e.g. [12]) for computingdensedisparity
maps�ll gapsin the mapsby simple linear interpolation
in thedirectionof theepipolarlines. Thedrawbackis that
neighboringlines are treatedindependentlyof eachother
andthusoftenviolate thepostulatedcontinuitycriterion in
the disparitymapin vertical direction. Henceit is impor-
tant to useall availabledisparity informationnearthe gap
to be�lled. We foundthefollowing techniqueto give very
satisfyingresults.

First,aMedian�lter with asmallmasksize(3� 3 or 5� 5)
is appliedto themapin orderto �ll small gaps,especially
thosethat camefrom missingcorrespondencescausedby
perspectivedistortions.Additionally, theMedian�lter sup-
pressesnoisewhile maintainingedgesin thedisparitymap.
A generouslydimensionedmorphologicalclosingoperator
(i. e. dilation followedby erosion)is usedfor �lling larger
gaps.This bringsthedesiredeffect that foregroundobjects
consistof contiguousdisparity regions. Examplesfor the
dimensionof theclosingoperatorcanbefoundin Sect.3.

At the end large unde�ned regionsare �lled along the
scanlines(which are the epipolar lines sincewe recti�ed
the images)using the smallerof the two disparitiesat the
left and right end of the gap. The reasonfor this is that
unde�ned regionsaremainly causedby occlusionswhere
objectsfar away (having smalldisparities)areoccludedby
nearobjects(having largedisparities).

In the following sectionwe will answerthe still open
questionof how to computetheentriesof theaccumulator.

2.4. Computing Similarity Accumulator Entries

A cell of the three-dimensionalaccumulatora(u; v; d)
ratesthesimilarityof thepixel I l(u; v) andI r(u� d;v) while
consideringat leastthelocalneighborhood.A simpleblock
matchingwould besuf�cient, but we will seethat thecon-
structionof theaccumulatorallowsusto bemoreef�cient.

With a window sizeof (2w + 1) � (2w + 1) thecom-
putationof " SAD(u; v; d) for a given triple (u; v; d) needs



Figure 3. The 9 windo ws used for bloc k
matc hing for a windo w size of 7 � 7, 8 of
them asymmetric.

(2w + 1)2 subtractionsandcalculatingtheabsolutevalues,
and(2w)2 additions.With animagesizeof um � vm anda
disparityrangeof [dmin; dmax] thisresultsin umvmdm(2w+
1)2 absolutedifferencesand umvmdm(2w)2 additions,if
dm = (dmax � dmin + 1) andif weomit theimageborders.

Thesimilarity accumulatorallowsusto useamuchmore
ef�cient methodfor computing" SAD(u; v; d) as an entry
a(u; v; d). We startby computingtheabsolutedifferences
of the two imagesat a certaindisparityd. Thuswe getdm
differenceimages;theabsolutedifferencesarestoredin the
accumulator. This way only umvmdm absolutedifferences
haveto becomputed.

Theresultcouldbeusedasa similarity measurefor cor-
respondingpixels in the left andright image:Largevalues
meanlow, small valueshigh similarity. Thesedifference
imagesaloneareequivalentto a block matchingwith win-
dow size 1 � 1 (i. e. w = 0) andthusarevery noisy ac-
cumulatorentries.This canbeavoidedby applyinganad-
ditional mean�lter on thedifferenceimageswith window
size (2w+ 1) � (2w+ 1) . Sincewewill work with integers
in practice,oneshouldusea modi�ed mean�lter thatonly
sumsthe valueswithout dividing by their number. Such
a modi�ed mean�lter is separableandthuscanbe imple-
mentedto work in lineartimecomplexity with respectto the
imagesize,becausefor eachpixelonlyoneadditionandone
subtractionis necessary, giving a total of 2umvmdm opera-
tions for computingthe sumof absolutedifferencesof the
dm layersof thesimilarity accumulator.

2.5. Extensions

Whatwe did not consideryet is thekind of window that
de�nes the neighborhoodfor block matching. Up to now
we useda symmetricwindow; however, this leadsto bad
SAD valueswhenthewindow coversedgesof objectsand
thusdifferentdisparities.Thereforeit is useful to apply a
conceptintroducedin [6], where9 differentwindows are
used,8 of themasymmetric.Figure3 showsthe9 windows
for awindow sizeof 7� 7 (i. e.w = 3). Thewindow giving
thebestSAD valuedeterminesthedisparityof thecurrent
pixel.

Themethoddescribedis veryef�cient andcaneasilybe
integratedin theconceptof theaccumulator:First thedis-
parity mapsarecomputedasdescribedabove; for comput-
ing thecell entriesthesymmetricmean�lter is used.After
constructingthe mapsby vertical anddiagonalsearch,for
eachpixel the disparityand the SAD valuearecompared
with the8 neighboringSAD values,whereneighborhoodis
de�ned by theblackpixelsin thewindowsshown 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 onl y.

pixel asthecenterof eachwindow. Thewindow sizehasto
bethesameastheoneof thesymmetricmean�lter . If one
of the8 pixels in themaphasa betterSAD value,thatone
is usedinsteadof theoriginal one. This makessensesince
thecurrentpixel is apparentlyonebelongingto theedgeof
an object,becausethis pixel wasusedat the borderof the
window for computingthe symmetricmeanof the chosen
neighbor.

Figure4 shows thecompleteprocessof computingcon-
sistent disparity maps. An additional speed-upcan be
gainedby usingGaussianpyramidsin the following way:
Insteadof computingthedisparitymapsat the �nest reso-
lution, we computea pyramid and the mapsat the coars-
est resolution. Subsequentlythesemapscanbe scaledto
the original resolutionby a Gaussian�lter . This results
in disparity mapshaving lessquality, but the speedup is
enormous:Whenusinga pyramidwith just two levels,the
speedup is a factorof 8, whenusingthreelevelsthefactor
is 64. Thisresultsfrom thesizeof theaccumulator, whichis
halvedin eachdimensionateachadditionalpyramidlevel.

3. Experiments

For implementationwe usedtheIntel ImageProcessing
Library IPL [10] and Intel OpenCVLibrary [11] because
of their optimizedroutines. Figure5 shows a sequenceof
processingsteps,startingfrom an original imagepair cre-
atedby Povray. Largedisparitiesareencodedaslight gray-
values,small disparitiesasdark gray-values;black pixels
are unde�ned. In Fig. 5 top right the disparity map be-
fore synchronizationof bothmapsis shown. It canbeseen
thatthismapwascomputedveryreliableat locationswhere
correspondencescould be actually established.However,
regions that wereoccludedin oneof the imagesresult in
obviously wrongdisparities.Synchronizationwith a toler-
anceof dtol = 0 resultsin themapshown at thebottomleft.
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Figure 4. Data­�o w for computing consistent disparity maps for the left and right image.

Parameter desk head tree roff1 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. DisparityLayers 48 16 8 48 24
Sizeof CorrelationWindow 5� 5 3� 3 3� 3 7� 7 3� 3
ToleranceValue dtol 0 1 0 0 0
Sizeof Median 5� 5 5� 5 5� 5 5� 5 3� 3
No. of ClosingOperations 5 3 1 5 2

Table 1. Parameter values for disparity computation.

Thewrongdisparitiesarenow unde�ned,resultingin many
smallgaps.As shown in the�nal mapin Fig.5bottomright,
thosegapswere�lled afterapplyinga Median�lter of size
5 � 5 in a post-processingstep. In additionto theMedian
we useda closingoperator, consistingof a dilation which
wasapplied5 timesfollowedby 5 erosions.Masksizewas
3� 3 in bothcases.Theparametersusedfor computingthe
disparitymapscanbefoundin Table1, computationtimes
in Table2. In addition to the arti�cial Povray imagepair

Disparity Comp. desk head tree roff1 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 a Lin ux­PC with Intel Pentium 4, 1.9 GHz.

desk wegivetheparametersandcomputationtimesfor the
stereoreferenceimagepairshead [17] andtree [4]. Dis-
parity mapsfor head andtree areshown in Fig. 6. The
roffice imagepair [2] was taken by a hand-heldcam-
era(notstereo)atour institute.Calibrationinformationwas
obtainedby a structurefrom motionapproach[9]. Figure7
(top) shows therecti�ed imagepair. Thecolumnsin Table
1 and2 denotedby roff1 and roff2 refer both to the
imagepair roffice . Thedifferenceis thatfor roff2 we
applieda two level pyramid algorithmasdescribedin the
previoussection.Computeddisparitymapsfor theparam-
etersroff1 areshown in Fig. 7 (middle). Theapplication
of theGaussianpyramidgivesa slightly coarserresolution
of themaps,but resultsin aspeedup factorof 5–6.

Sinceourgoalis to applythecomputeddisparitymapsin
AugmentedReality, we transformedtheminto depthbuffer
entriesthatcanbeuseddirectlyby OpenGL-Hardware.The
resultof augmentingtheroffice scenewith four objects
usingthe disparitymapsfrom Fig. 7 (middle) is shown 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 therealsceneis fairly good,especiallyif you look
at theedgesof theobjects.

4. Conclusion

We proposeda methodfor computingdensedisparity
mapsfor two recti�ed imagesobtainedby a stereocam-
era.Theedgesof objectsaremaintainedandwe areableto
computethe mapsfor smallerimagesizesalmostin real-
time. Disparitiesare obtainedusing a methodbasedon
the conceptof a similarity accumulator. The basicprin-
ciple is an area-basedmatchingusing the sum of abso-
lute differenceswhich canbe acceleratedconsiderablyby
a three-dimensionalaccumulator, becausethe differences
betweenthe samepixels have to be computedonly once.
Sincewe use recti�ed imagesonly horizontaldisparities
have to be considered.To get the disparitieswe compute
(dmax � dmin + 1) differenceimagesobtainedby displacing



Figure 7. roffice image pair , taken by
a hand­held camera. Top: recti�ed im­
ages. Middle: Disparity maps for parameter s
roff1 . Bottom: Augmented scene

the two imageshorizontally by d = dmin; : : : ; dmax pix-
els followedby pixel wise computationof absolutediffer-
ences. Thesedifferenceimagesare mean-�lteredusinga
smallmask;the resultis usedasthe entriesof thecells of
thethree-dimensionalsimilarity accumulator.

A specialmethodfor accessingtheaccumulatorcellsal-
lowsusto computetwo disparitymaps,onefor eachstereo
image.An asymmetriccorrectionstepis performedon the
mapsin orderto getanupdatefrom asymmetricto anasym-
metric block-matchingthat maintainsobject edgesin the
disparitymaps.

Sinceocclusionsleadto correspondence-lessareasin the
images,thetwo mapsaresynchronized,i. e.onepixel in the
left imagemayonly correspondto onepixel in theright im-
ageandvice versa.This enablesus to localizewrongcor-
respondencesandto extractobjectedgesexactly, sinceusu-
ally occlusionsarecausedat theseedgeswhich often lead
to wrongdisparities.Theresultingmapsarepost-processed
usinga Median�lter anda morphologicalclosingoperator.

The quality of the mapswas evaluatedusing rendered
andrealstereoimages.Computationtime mainly depends
on the resolutionand the disparity rangeand was about
100–200 millisecondsfor imagepairshaving a resolution
of 384� 288.

The methodcan be acceleratedby using a resolution
pyramid,sincea bisectionof theimagesizein bothdimen-
sionsreducesthevolumeof thesimilarity accumulatorand
thuscomputationtimeby 1=8.
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