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Abstract
Correctly�nding andhandlingocclusionbetweenvirtual andrealobjectsin anAugmentedRealitysceneis essen-
tial for achievingvisualrealism.Here, wepresentanapproach for detectingocclusionof virtual partsof thescene
bynatural occluders.Our algorithmis basedona graphicalmodelof staticbackgroundsin thenatural surround-
ings,which hasto beacquiredbeforehand.Thedesignof theapproach aimsat providing real-timeperformance
andan easyintegration into existingARsystems.No assumptionsabouttheshapeor color of occludingobjects
are required.Thealgorithmhasbeentestedwith several graphicalmodels.

Categoriesand SubjectDescriptors(accordingto ACM CCS): H.5.1 [Information Interfacesand Presentation]:
Arti�cial, augmented,andvirtual realities

1. Intr oduction

In AugmentedReality, virtual objectsare combinedwith
a real environment.Video see-throughAR systemsperma-
nentlyacquirecameraimagesof therealsurroundingsin or-
der to performthis mixing process1. After determiningthe
currentpositionandorientationof theuserwithin thescene,
correspondingprojectionsof thevirtual graphicalobjectsare
thenrenderedon topof thecameraimage.
Whereasthis methodof mixing realandvirtual elementsis
easyto implementandfastenoughfor real-timesystems,it
alsohasmajordrawbacks.Becauseall pixelsof thegraphi-
cal virtual elementsaredrawn over thecameraimage,they
completelyoccludetherealenvironment.In many casesthis
doesnot representtheactualsituationin theAR scene.It is
possiblethatvirtual objectsshouldbebehindrealobjects.A
commonexamplefor thissituationis userinteractionwithin
theAR scene.Theuser'shandsandpointingdevicesarehid-
denby virtual objectsalthoughthey normally arecloserto
thecamera.
Several types of occlusion in AR scenescan be distin-
guished.On the one hand,occlusioncan be characterized
by what kind of objectis hiddenby what kind of occluder.
A goodoverview of thishasbeengivenby Klinker 14. In our
research,wewereonly interestedin virtual objectsbeingoc-
cludedby realones.This canagain besplit into two cases.

In the�rst case,theexactgeometryandlocationof thereal
objectsareknown. Wecall this staticocclusion.
By contrast,in dynamicocclusionnothing is known about
the shape,size or position of an occludingnaturalobject.
Thusit is necessaryto detectpotentialoccludersfor graphi-
calobjectsin thecameraimage.A simpleapproachfor �nd-
ing dynamicoccludersin anAR scenewould be to assume
that occludingobjectshave a certaincolor. Our algorithm
doesnot rely on any suchassumptionaboutthe occluders.
They maybeof any geometryor texture.
In orderto be ableto �nd pixels belongingto dynamicoc-
cludersin the input cameraimage,our approachrequiresa
graphicalmodel for certainpartsof the scene.This graph-
ical model consistsof a set of textured polygons,in front
of which occlusioncanbedetected.Thesepolygonshave to
correspondto surfacesin the realworld. By comparingthe
cameraimagewith the projectionof the graphicalmodel,
dynamicoccludersarefound.Severalstepsarenecessaryto
performthisoperation.They aredescribedin Section4.
Any object occludingone of the given static backgrounds
is assumedto be in front of the graphicalelementsof the
AR scene.Theoccludercanthenbedrawn over thevirtual
objectsfor a more realisticdisplayof the AR scene.Note
that this methodcannot deliver any real depthinformation
for the scene.This would be necessaryfor correctly han-
dling morecomplex spatialrelationshipsbetweenthe vari-
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ouskindsof objects.Thelimitationsthatareimposedonour
approachby thisarediscussedin moredetail in Section7.

2. Relatedwork

Detectingocclusionfor AugmentedandMixed Reality has
beenan areaof active researchfor several years.Breenet
al. havesuggestedamodel-basedmethodfor handlingstatic
occlusionin AR 3. This methodhasalsobeenextendedby
combininga previously acquiredgeometricmodelwith po-
sitionaldatafrom atrackingsystemfor determininghow vir-
tualobjectsarehiddenby theuser'sbody6.
Severalapproachesfor stereocameraAR systemshavebeen
described.Somesolve theocclusionproblemin generalus-
ing depth information delivered by stereomatching 11; 22.
Themethoddevelopedby Gordonet al. 7 cancorrectlyren-
derinteractiondevicesinto thescene.
The AR systemof Malik et al. 16 detectsthe occlusionof
black andwhite marker regionsby the user's hand.This is
achieved usinga histogram-basedthresholdingprocessre-
�ned by a �ood-�ll algorithm.
Someresearchhasalsobeendoneinto occlusionin non-real-
timeAugmentedReality. Correctlyhandlingocclusionwhile
addingvirtual objectsto storedvideosequenceswasexam-
inedby BergerandLepetit2; 15.

3. Acquisition of the graphical model

Our methodrequiresa graphicalmodel of surfacesin the
user's environment.Eachsurfaceis describedby a number
of textured coplanarpolygons.We call sucha surfacedy-
namicocclusionbackground (DOB). Before the algorithm
for detectingdynamicocclusioncanbeusedin a givenAR
scene,the dynamicocclusionbackgroundsfor the relevant
partsof thescenehave to beacquired.
In orderto generatetheDOB models,wehaveimplemented

Figure1: Part of AugmentEd'smenusystem.

aninteractive tool for editingAR scenes.With thissoftware,

AugmentEd, it is possibleto de�ne a completeAR scene
consistingof virtual objects,phantommodelsfor staticoc-
clusion3 anddynamicocclusionbackgrounds(seeFigure1).
AugmentEdusesOpenInventor21 asI/O �le format.
For de�ning a dynamicocclusionbackgroundfrom scratch,
we designeda simpleprocessspanningall stepsfrom tak-
ing a digital imageof the surfacein the sceneto correctly
positioningthe model in world space.Using this method,
wehavecreatedanumberof simpleocclusionbackgrounds,
mostly cockpit instrumentsusedin automotive andaircraft
design(seeexamplein Figure2).

Figure2: ExampleDOB(aircraft instrument).

4. Overview of the algorithm

We proposean algorithm for detectingdynamicocclusion
in front of static backgrounds.This algorithm is basedon
the comparisonof the graphical model with the current
cameraimage.Wherethecameraimageis differentfrom the
expectedappearancesuggestedby thegraphicalmodel,the
backgroundis assumedto beoccluded.If thecameraimage
is (nearly) identical with the expectation,the background
can be seenwithout occlusions.In order to make sucha
comparisonpossible,anumberof pre-processingstepsmust
beperformed.
The fundamentalidea of our approachis to render the
graphicalimagefor eachDOB into anoffscreenbuffer. The
camerapositionandorientationusedfor this renderingstep
aretaken from our AR system's marker tracking12. Due to
inaccuraciesin this computedcamerapose,the generated
internal DOB image then has to be adapted.The reason
for this is the fact that the �nal comparisonis doneon a
per-pixel basis.Thusit is necessarythatpositionandshape
of the internalimageexactly matchtheDOB in thecamera
image.A simpleoverview of thealgorithmis thefollowing:

a) Render DOB to offscreen buffer
b) Adapt internal DOB image to match

camera image
c) Compare adapted internal DOB and cam-

era image
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Theresultof the�nal stepis anocclusionmask.This is a
bitmapin which a bit is setfor every pixel whereocclusion
hasbeendetected.This entireprocesshasto berepeatedfor
eachdynamicocclusionbackground.Theresulting�nal oc-
clusionmaskcanbe obtainedby combiningall individual
occlusionmasksusingthebinaryOR asshown in Equation
1.

occMask=
N_

i= 1

partialOccMaski (1)

Here,partialOccMaski is theocclusionmaskcomputedfor
thei-th dynamicocclusionbackground.Thetotalnumberof
DOBsin thesceneis N.
In order to adaptthe internalDOB to the cameraimage,a
templatematchingmethodsimilar to the one usedin the
markerlesstrackingsystemdemonstratedby Katoetal. 13 is
applied.This methodagain consistsof severalsteps,which
determinehow the internalimagehasto be transformedso
that it matchesthe position of the backgroundsurface in
the cameraimage.First salientpoints in the internalDOB
image are detected.Then positions in the cameraimage
correspondingto thesesalient featuresare searched.The
resultof this matchingprocessis an arrayof displacement
vectorsdescribingthe transformationof the internal DOB
to cameraimage space.This 2D transformationis then
calculatedusingstandardnumericaltechniques.After that,
the computedtransformationis appliedto the DOB image.
In moredetail,thestepsof ouralgorithmarethefollowing:

1. Render DOB to offscreen buffer
2. Detect salient points in the DOB im-

age
3. Find correspondences for salient

points in camera image
4. Filter correspondences according to

their confidence
5. Compute 2D transformation
6. Transform internal DOB image
7. Compare adapted internal DOB and cam-

era image
8. Perform final filtering of occlusion

mask

The individual stepsof our algorithmaslistedabove are
discussedmorecomprehensively in Section5.

5. Implementation details

For our researchwe developedanimplementationof theal-
gorithmfor detectingdynamicocclusion.This implementa-
tion is basedon fundamentalAR systemcomponentsdevel-
opedat theVRCC. It usesa marker trackingsimilar to AR-
ToolKit 12. The basicAR systemhasbeendescribedmore
comprehensively by Regenbrechtetal. 18.

5.1. Offscreenrenderingof the DOB image

EachDOB is renderedinto anoffscreenbuffer. Thedescrip-
tion of thedynamicocclusionbackgroundis takenfrom the
graphicalmodel (seeSection3). For the offscreenrender-
ing process,the Mesagraphicslibrary is used17. (The ob-
vioussolutionof usingstandardOpenGLandreadingback
theframebuffer wasrejectedbecausebuffer readbackis ex-
tremelyexpensive on mosthardware.)Eachtexturedpoly-
gonis drawn using3D positionandorientiationinformation
from themarker tracking.

5.2. Finding salientpoints on the DOB

In the offscreenimage buffer, salient points on the DOB
are searched.This is done using the structuretensor 20,
which is abasicimageprocessingoperationfor �nding two-
dimensionalstructures(like corners).We assumethat such
pointsin the imagearewell suitablefor �nding correspon-
dencesin thecameraimage.
Thestructuretensoris de�ned asthefollowing matrix:

S=
�

å I2
x å IxIy

å IxIy å I2
y

�
(2)

In Equation2, Ix andIy arethepartialderivativesof theim-
age.Thesummationsaremadeoverarectangularareain the
image,which is centeredat thepixel thatis currentlylooked
at. After this matrix hasbeencomputed,its eigenvaluesare
calculated.If thesmallerof thetwo resultingeigenvaluesis
greaterthana thresholdvalue, thereis a suf�ciently inter-
estingtwo-dimensionalstructureat thispixel 10; 20. Only this
smallereigenvalueis importantfor furtherconsiderations.
Thecandidatesfor salientpointsdeliveredby thestructure

Figure3: Salientpointsdetectedona DOB.

tensorare �ltered becausethey often are too numerous.A
specializedfunctionof theIntel OpenCVlibrary is usedfor
this 10. Firstof all, all pointswith anon-maximaleigenvalue
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in 3x3 neighborhoodsareignored.After that,themaximum
of theeigenvaluesof all remainingpointsis calculated.Only
pointswhich have aneigenvaluebig enoughrelative to this
maximumare further considered.Finally, a minimum dis-
tancebetweenthesalientpointsis ensured.
Subsequentlyanother�ltering step is necessarywhich is
speci�c to our algorithm.The reasonfor this is that along
the edgesof the DOB polygonsthere can be many two-
dimensionalstructureswhich in factarealiasingartifactsof
the renderer. Thereforewe remove all salientpointson the
DOB borders.An examplefor salientpointson a DOB is
shown in Figure3.

5.3. Establishingpoint correspondences

For eachdetectedsalientpoint pi on theDOB, a correspon-
denceis searchedin the cameraimage.This is done us-
ing templatematching.The templateusedis the quadratic
areawith sidelengthtemplateLength centeredat thesalient
point. A correspondencefor this templateis lookedfor in a
quadraticareawith sidelengthsearchLength in thecamera
image.This searchareais centeredat thesamecoordinates
that the salientpoint hasin the internalDOB image.This
requirestheDOB imagein theoffscreenbuffer to have the
sameresolutionasthecameraimage.
For templatematchingweusethenormalizedcorrelationco-
ef�cient, which is a similarity measurebasedon the cross
correlation10; 19. Thecorrelationcoef�cient is computedfor
every pixel in thesearcharea.It hasa valueof 1 for maxi-
mumsimilarity (i.e. identity)andavalueof -1 for minimum
similarity. It is computedasfollows 10:

R̃(x;y) =

h� 1
å

y0= 0

w� 1
å

x0= 0
T̃(x0;y0)Ĩ (x+ x0;y+ y0)

s
h� 1
å

y0= 0

w� 1
å

x0= 0
T̃(x0;y0)2

h� 1
å

y0= 0

w� 1
å

x0= 0
Ĩ (x+ x0;y+ y0)2

(3)
In Equation3, T̃(x0;y0) is thedifferencein intensitybetween
a templatepixel and the averagebrightness ÅT of the en-
tire template,i.e. T̃(x0;y0) = T(x0;y0) � ÅT. Correspondingly,
Ĩ (x+ x0;y+ y0) is thedifferencebetweenapixel in theimage
andtheaveragebrightnessÅI of thesearcharea.Thenumer-
atorof thefraction is simply a crosscorrelationover differ-
encesfrom the averagebrightness.Becausethe differences
areused,template/imagepairswith differentoverall bright-
nesshave comparablecorrelationcoef�cients. Thedenomi-
natornormalizesthe resultof thecrosscorrelation,thusal-
waysdeliveringa R̃(x;y) 2 [� 1;1].
In our algorithm, both w and h always have a value of
templateLength. Note that Equation3 is only de�ned for
single-channelimages.Thereforeboth the templateimage
andthecameraimageareconvertedto grayscalebeforecal-
culatingthe correlationcoef�cient. R̃(x;y) is computedfor
the entiresearcharea.The pixel with the maximumcoef�-
cient is de�ned as the correspondenceqi for the currently
consideredsalientpoint pi . The linesconnectingeachpi to

its correspondingqi canbedrawn asdisplacementvectorsas
shown in Figure4.

Figure 4: Point correspondencesshownas displacement
vectors.

5.4. Computing the 2D transformation

Thedetectedpoint correspondencesarethenusedfor calcu-
latinga2D transformation.This transformationwill laterbe
appliedto theinternalDOB image.Theinput datafor com-
puting the transformationare the pairsof salientpoints pi
andtheir correspondencesqi . A matrix describingthetrans-
formationfrom DOB imagespaceto cameraimagespaceis
to bedetermined.Equation4 expressesthis relationship.

qi = A� pi ; i = 1; : : : ;m (4)

A homogeneoustransformationis requiredsincetherecan
bea translationalcomponentwhencomparingtheDOB and
cameraimages.Thusthepi andqi pointshavetobeextended
by ahomogeneouscoordinate.TransformationmatrixA is a
3x3matrix.This is shown in Equation5.

0

@ qi

1

1

A = A�

0

@ pi

1

1

A ; i = 1; : : : ;m; A 2 < 3x3 (5)

Thereis oneequationfor eachpairof salientpointandcorre-
spondence.Thecombinationof theseis anover-determined
equationsystem.This equationsystemis to be solved for
matrixA. In orderto do thisusingstandardnumericalmeth-
ods,equationsystem(5) hasto be reshapedin termsof the
vectorof unknowns â = (a1;a2; : : : ;a9)T , theentriesof the
transformationmatrixA:

M̂ � â = 0 (6)

In Equation6, M̂ is amatrixcontainingall dataof thesalient
pointsandtheir correspondences.A detailedderivation for
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M̂ canbe found in 4, aswell asa moregeneralexplanation
in 8. Here,it is de�ned asshown in Equation7.

M̂ =0

B
B
B
@

xp1 yp1 1 0 0 0 � xp1 � xq1 � yp1 � xq1 � xq1
0 0 0 xp1 yp1 1 � xp1 � yq1 � yp1 � yq1 � yq1

xp2 yp2 1 0 0 0 � xp2 � xq2 � yp2 � xq2 � xq2
0 0 0 xp2 yp2 1 � xp2 � yq2 � yp2 � yq2 � yq2
.
.
.

.

.

.
.
.
.

1

C
C
C
A

(7)
In Equation7, thexpi , xqi , ypi andyqi aretherespectivecoor-
dinatesof thesalientpointsandtheir correspondences.The
equationsystemis then solved using a numericalmethod
basedon the singularvalue decomposition20. The vector
â is given by the eigenvector correspondingto the small-
esteigenvalueof M̂, which is thesolutionwith thesmallest
residualerror.
Sincethevaluesin M̂ canbecomevery largedependingon
theimageresolutionused,therecanbenumericalproblems
whencalculatingthesingularvaluedecomposition.Thusbe-
forehandall 2D coordinatesappearingin the equationsys-
temarenormalizedto be in the interval [� 1;1]. This is ex-
plainedin moredetail in 8 and4.
Another important pre-processingof the pairs of salient
points and correspondencesis done even before the con-
struction of M̂. When searchingcorrespondencesfor the
salientpoints,it is possiblethatnosatisfyingresultis found.
There is a numberof possiblereasonsfor this. Since the
searchareais of �x ed size, marker tracking inaccuracies
which aretoo big prevent thealgorithmfrom �nding a cor-
respondence.Also if the relevant part of the cameraimage
is hiddenby other objects,no correspondingpoint can be
detected.In orderto distinguishvalid correspondencesfrom
incorrectones,acon�dencemeasureci for eachpointpair is
de�ned,whichis simplythecorrelationcoef�cent calculated
for thecorrespondencepoint. Only point pairswith a given
minimumcon�denceconf Thresharetakeninto accountfor
theequationsystem(seeEquation8) .

ci = R̃(qi); i = 1; : : : ;k

f (pi ;qi)g
m
i= 1 = f (pi ;qi) j ci � conf Threshgk

i= 1 (8)

This usuallyreducesthe numberof point pairsfrom k to a
smallerm. At least� ve point pairshave to remainafter this
selection.Otherwise,we cannotcomputea solutionfor the
equationsystem.
Notethatweonly computea2D transformationfor theDOB
image,althoughtheunderlyingmarkertrackinginaccuracies
canbethree-dimensional.Nonetheless,ahomogeneoustran-
formationin 2D imagespaceis suf�cient for correctingthe
DOB image.The reasonfor this is the fact that both in the
graphicalmodel and in reality all DOB polygonslie on a
plane4.

5.5. Applying the transformation

Thecomputedtransformationis thenappliedto theinternal
DOB image.This is doneon a per-pixel basisusinga spe-
cializedfunctionof theIntel IPL imageprocessinglibrary 9.
Every pixel in theoriginal internalDOB imageis copiedto
its new positionin anew imagebuffer accordingto transfor-
mationmatrix A. Averagingor interpolationof pixel values
areperformedwhennecessary.
Note that not all vectorsâ that canbe returnedby the sin-
gular valuedecompositionarevalid transformationsin this
context. TheIPL functiononly workswith projective trans-
formations.Thusmatrix A is testedfor its validity before-
hand.Degeneratedmatricesarecomputedif wrongor con-
tradictorypoint correspondencesarefoundin thepreceding
stepsof thealgorithm.

5.6. Performing the imagecomparison

After theDOB imagehasbeentransformedto eliminatethe
effectsof marker trackinginaccuracy, theactualimagecom-
parisoncan take place.Positionand orientationof the in-
ternalDOB imageshouldnow matchthe real DOB in the
cameraimage.For the entireareaof the DOB a pixelwise
comparisoncriterion is evaluated.The criterion determines
whetherapixel in theinternalDOB is identicalwith thereal
DOB pixel. Dependingon this, either0 or 1 is storedin the
occlusionmaskfor this pixel. We testeda numberof differ-
ent pixel comparisoncriteria in our research.They arede-
scribedin Section5.7.
After the entireocclusionmaskhasbeencomputedasde-
scribed,a �nal �ltering stepis executed.This is donesothat
"outlier" pixels which arenot part of a coherentoccluding
objectareremovedfrom themask.Thereforemorphological
operators19 areappliedto theocclusionmask.A sequenceof
OpeningandClosingover 3x3 neighbourhoodsis repeated
severaltimes.

5.7. Pixel identity criteria

We have evaluateda numberof different criteria for pixel
comparison.Among them there are rather simple and
straightforwardoneslike a comparisonof absoluteintensity
values.Thecompletelist of criteriacanbefoundin 4. Here,
wewill elaborateonly on two morecomplicatedones.
The �rst criterion is the comparisonof the differencefrom
averageintensityin awindow area.For computingthiscrite-
rion,at �rst bothimagesareconvertedto grayscale.Thenfor
every pixel in both imagesa squarewindow areasurround-
ing it is de�ned, the sizeof which is �x ed. The difference
betweentheaverageintensityin thiswindow andthepixel's
intensityis computed.This is donebothfor theDOB andthe
cameraimage.The two differencesarethencompared,and
their differenceis thresholdedfor the criterion. The entire
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processis shown in Equation9.

ÅIdob(x;y) =

h
å

y0= 1

w
å

x0= 1
Idob(x+ x0� w=2;y+ y0� h=2)

w� h

DIdob(x;y) = Idob(x;y) � ÅIdob(x;y)

ÅIcam andDIcam arecalculatedcorrespondingly

occ(x;y) =
�

1; jDIdob(x;y) � DIcam(x;y)j > threshold
0

(9)
In Equation9, Idob and Icam are the intensity of pixels in
the DOB and cameraimages.This criterion is very ex-
pensive becausethe local averageintensity must be deter-
mined for every pixel. This generatesan overall complex-
ity of O(n2m2) (with n beinganapproximationfor thelocal
window's sidelengthandmanapproximationfor theimage
sidelength).But it is possibleto arrangethesummationsfor
thecalculationof thelocal averagessothata complexity of
O(m2) is achieved4.
Theoriginalmotivationfor thiscriterionwasto eliminatethe
in�uence of local brightnessvariationsduring imagecom-
parison.Suchvariationscanresult for examplefrom shad-
ows castupontheDOB. Anothercommoncausearediffer-
encesin lighting betweentheDOB texture in thegraphical
modelandthecameraimage.Several testshave proventhis
criterion as unableto producesatisfyingocclusionmasks.
Thereasonfor this is a strongdepedenceon thesizeof the
averagingwindow. A large averagingwindow preventsthe
criterion from reactingto local changesin lighting. When
usinga smallaveragingwindow thecriterionactuallycom-
putesthespatialderivationof theimagefunctionandcannot
determinedifferencesin homogeneousareas.
A suf�ciently good occlusionmask is calculatedby the

Figure 5: Examplecamera image. A DOB (thebright rect-
angle)is partly occludedbyanobject(a black briefcase).

"Adaptive HSV" criterion.This criterionalsomakesuseof
thepixel color information.In a �rst stepboththeDOB and
the cameraimageareconvertedto HSV images.HSV im-
agescontaintherelevantcolor informationin their H (Hue)
and S (Saturation)channels5. The problem is that color
informationdeliveredby the camerais almostrandomfor
very dark pixels. Therefore,we decidedto adaptively bal-
ancethe in�uence of color and intensitydifferencesbased
onthepixel brightness.For brighterpixels,colordifferences
playabiggerrole.

DH(x;y) = jHdob(x;y) � Hcam(x;y)j

DSandDV arecalculatedcorrespondingly

a(x;y) = b � min(Vdob(x;y);Vcam(x;y))

o(x;y) = a(x;y) �
DH(x;y) + DS(x;y)

2
+ (1� a(x;y)) �DV(x;y)

occ(x;y) =
�

1; o(x;y) > threshold
0

(10)

In Equation10, a(x;y) is the functiondeterminingthe bal-
ancingfactor. Color differenceis calculatedasthe average
differencein the H- and S-channels.Variableb is a user-
de�ned parameterfor setting the maximumin�uence that
colordifferencescanhave.
Wehavefoundthe"AdaptiveHSV" criterionto deliverfairly
goodresultsin mostcases,andit is the bestof six criteria
which we testedfor theocclusiondetectionalgorithm.Still,
in somescenes�nding DOB andcameraimageidentity is
not completelyreliable.
Figures5 and6 show anexampleof anocclusionmaskgen-
eratedby the"AdaptiveHSV" criterion.

Figure6: Occlusionmaskcomputedbythealgorithmfor the
camera imagein �gur e5.Whitepixelsin thebitmapindicate
detectedocclusion.
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6. Evaluation of the algorithm

We have devisedseveralmethodsfor evaluatingtheperfor-
manceof the algorithm.One importantmeasureof course
is the runtimeof thealgorithmfor a singleframe.We have
foundour approachto take between800and1500millisec-
ondson the computerthat it wasdevelopedandtestedon.
Theruntimeanalysisfor anexampleof a typicalcameraim-
ageis givenin Table1. Notethatthedetectionof correspon-
dencesaccountsfor morethanhalf of theexecutiontime.
Thequality of theresultsproducedby thealgorithmis an-

Offscreenrenderingof DOB 20msecs

Salientpointsdetection 70msecs

Searchingpoint correspondences 560msecs

2D Warping 40msecs

Findungocclusion(identitycriterion) 300msecs

Filteringocclusionmask 110msecs

Total time 1100msecs

Table1: Typicalexecutiontimesfor algorithmsteps

otherimportantinformation.Therearetwo aspectsof algo-
rithm quality that canbe examined.The �rst aspectis the
correctnessof the computed2D transformation.The better
it mapsthe internalDOB imageto its actualpositionin the
cameraimage,the more reliable is the imagecomparison.
In orderto makesuchanevaluationpossible,asoftwaretool
for manualidenti�cation of DOBsin cameraimageswasde-
veloped.Using this manualDOB de�nition and the DOB
appearancesuggestedby the2D transformation,asimilarity
measurecanbecomputed.This similarity measureis in the
interval similarity 2 [0;1].
UsingtheDOB similarity measure,we performeda number
of experiments.In theseexperiments,we examinedthe in-
�uence of thecon�dencethreshold(seeSection5.4) on the
quality of the 2D transformation.In eachexperiment,the
DOB similaritieswerecalculatedfor a given seriesof still
cameraimages.The con�dencethresholdwaschangedfor
eachtestrun.Statisticaldataon theresultingDOB similari-
tiesis shown in Figure7.
All datasetsweretestedwith con�dencethresholdsof 0.1,

0.3,0.5,0.7and0.9.Of these,0.7obviouslyis thebestvalue.
If a smaller thresholdis chosen,it is possiblethat incor-
rectpointcorrespondencesareaddedto theequationsystem.
This decreasesthe quality of the computed2D transforma-
tion. If the thresholdis too high, too few correspondences
aretakeninto account,evenif they arevalid. Thenthequal-
ity of thetransformationcanalsobecomepoor, or it caneven
becomeimpossibleto computeit at all dueto lack of point
correspondences.

Figure 7: DOB similarity dependingon con�dencethresh-
old for threeimagesequences.

Anotherusefulqualitymeasurefor thealgorithmis thesim-
ilarity betweenthecomputedocclusionmaskandtheactual
occluders.This requiresmanualidenti�cation of theocclud-
ersin thecameraimage.Wehavenotyetexperimentedwith
thatkind of measure.
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7. Limitations and drawbacksof the approach

Therearesomelimitations to the approachandour imple-
mentation.First of all, it' s importantto understandthatour
algorithmis not ableto deliver actualdepthinformationfor
the scene.Whenever a real occluderis detectedin front of
any DOB, it is assumedto alsobe in front of all virtual ob-
jects.In reality, this is not alwaysthecase.A naturalobject
in the scenecanbe betweentwo virtual objects.Thus,our
occlusiondetectionapproachis not suitablefor all typesof
applications.It is primarily designedfor interactionwith the
AR sceneusinghandsor pointingdevices,whichcanmostly
beassumedto becloserto theuserthanvirtual objects.An-
otherlimitation is thatocclusionis only detectedin front of
DOBs.This canmake occludingobjectsappearclippedat a
DOB edge.
The algorithmperformancedescribedin Section6 appears
to benot goodenoughfor real-timeapplications.But given
the fact that state-of-the-artcomputersareseveral timesas
fastasthe oneusedfor developmentandtesting,andafter
improvementsdiscussedin Section8, a considerablespeed-
upshouldbepossible.
Problemscanalsoarisefrom the way that the point corre-
spondencesare detected.Becauseof the �x ed-sizesearch
window, very large marker tracking inaccuraciesprevent
correspondencesfrom beingfoundat all. How to make the
algorithmmorestablein this respectis alsodescribedin the
following section.Finally, thepixel comparisoncriteriathat
we have examineddo not alwaysdeliver �a wlessocclusion
masks.Alternativesaredescribedin Section8.

8. Possibleimpr ovementsand futur e research

Many possibilitiesfor improving thealgorithmcanbecon-
ceived.Thedetectionof salientpointscanbedonein a sep-
aratepre-processingstep,which storesthepointsin a sepa-
rate�le. In eachframe,thestoredpointsthenonly haveto be
projectedaccordingto themarkertrackingpose.Thisspeeds
upthealgorithmandallowsfor moresophisticateddetection
heuristics.
For thedetectionof correspondencepointsthereareseveral
alternatives to usinga �x ed-sizesearchwindow. The win-
dow sizecouldbeadaptively increasedto accountfor large
marker trackinginaccuracies.Alternatively, detectedcorre-
spondencepoints can be iteratively re�ned on a Gaussian
pyramid or usingdifferent sub-samplingdistances.Salient
featurescouldalsobedetectedin thecameraimageascandi-
datesfor thetemplatematching.Thesemethodscanincrease
boththestabilityandthespeedof thecorrespondencedetec-
tion,whichcurrentlyis themostexpensivealgorithmstepas
mentionedin Section6.
Theselectionof point correspondencescanbeimprovedby
usingtheRANSAC method8 insteadof con�dencethresh-
olding. A true 3D poseestimation20 could be performed
basedon the correspondencesinsteadof computinga 2D
transformation.

Finally, thepixelwise imagecomparisoncouldbeperfected
by combiningseveral simple comparisoncriteria. Another
promisingcriterion seemsto be the color quantisationap-
proach,in which all colors on the DOB are mappedto a
discretecolor lookup table.This might speedup the pixel
comparisonandmake it morereliable.Moreover a method
for �nding coherentoccluderareascouldbeemployed.This
canbedoneusinga�ood-�ll algorithmor animagesegmen-
tationmethodlike regiongrowing.
Apart from improving the algorithm for detectionof dy-
namicocclusion,anotherdirectionof researchis alsocon-
ceivable.The stepsof the approachthat estimatethe trans-
formationbetweeninternalDOB and cameraimagecould
beusedfor asimplemarkerlesstrackingsystem.Pre-de�ned
surfacesin theuser'senvironmentwould thentake theplace
of arti�cial markers.A combinationof thesetaskscouldpro-
vide bothmarkerlesstrackingandocclusionhandlingbased
on thetechniquesdescribedin thispaper.
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